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 The Ciénaga de la Virgen (Virgen Swamp) is a coastal lagoon in Cartagena 

de Indias that provides multiple ecosystem services in northern Bolívar. This 

ecosystem has faced anthropogenic pressure from city growth and improper 

water resource management, including wastewater and agrochemical 

discharges. Consequently, environmental authorities must monitor certain 

sites within the water body and extrapolate the data across its entire expanse. 

In this study, predictive tools are applied to determine water quality 

parameters such as chlorophyll-a (CL-a), dissolved oxygen (DO), total 

suspended solids (TSS), and salinity. This is achieved by correlating 

traditionally obtained data with the spectral response of medium-resolution 

satellite images, adjusted using artificial intelligence (AI) algorithms. 

Support vector machine (SVM) algorithms were used for regression, random 

forests (RF), and artificial neural networks (ANN), achieving an accuracy of 

79% for CL-a, 95% for DO, 89% for TSS, and 96% for salinity. Validation 

was performed using mean absolute percentage error (MAPE) statistical 

metrics and root mean square error (RMSE). 
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1. INTRODUCTION 

Remote sensing has proven to be an important technological tool in capturing information from the 

earth's surface [1], aiding in the management and sustainable use of natural resources. Optical satellite 

images contribute to the monitoring of water resources [2], providing a support instrument that, along with 

timely captured data, allows the modeling of the behavior of water quality variables. In this article, artificial 

intelligence (AI) algorithms are applied and adjusted with field measurements [3] to calculate the water 

quality parameters of chlorophyll-a (CL-a), dissolved oxygen (DO), total suspended solids (TSS), and 

salinity. The study utilizes satellite images of medium spatial resolution from the Ciénaga de la Virgen 

(Virgen Swamp), located in the city of Cartagena de Indias in northern Bolívar. This body of water sustains 

many families living in its area of influence [4], who are affected by the deterioration of the waters due to 

anthropic pressure [5], mainly caused by inadequate sewage discharges and solid waste, among other 

problems of this lentic body. A comparison will be made in the performance of the proposed AI algorithms, 

including support vector machines (SVM) for regression, random forests (RF) (classified under machine 

learning (ML) methods), and artificial neural networks (ANN) (part of deep learning (DL)) [6]. This study 

focuses on calculating the continuous variables of CL-a, TSS, and salinity, chosen for their optical properties 

[7]. DO is also included, selected for its critical role as an indicator of the aquatic ecosystem's capacity to 

support flora and fauna [6]. The estimation of these parameters through algorithms serves to complement the 
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management of water resources, without intending to replace traditional methodologies that are globally 

standardized and certified [8], conducted by specialized laboratories in water quality measurement.  

Furthermore, recent advancements in ML offer new avenues for enhancing model robustness, 

particularly when dealing with limited or noisy datasets. Methodologies such as self-supervised learning 

(SSL) show promise in improving performance by leveraging the large amounts of unlabeled satellite data 

available. Additionally, the integration of data through multi-sensor fusion techniques may provide a more 

comprehensive spectral understanding, potentially improving the accuracy of water quality predictions over a 

reliance on a single data source. This study aims to evaluate the performance of various AI algorithms. The 

evaluation focuses on estimating CL-a, DO, TSS, and salinity parameters as indicators of water quality in the 

Virgen Swamp. This evaluation will utilize medium spatial resolution satellite images obtained from the 

Google Earth Engine and Jupyter Notebook platform. 
 
 

2. METHOD 

2.1.  Establishment of the area of interest and sampling points 

The Virgen Swamp is situated in the city of Cartagena de Indias, in the Department of Bolívar, 

covering a total area of 502.45 km². It is a coastal lagoon separated from the sea by a sand barrier between 

400 and 800 meters wide that starts in the village of La Boquilla. It has a triangular shape, with a width to the 

south of 4.5 km and a length of 7 km. The location and general characteristics of the study area are presented 

in Figure 1. In particular, the body of water of the Ciénaga de la Virgen measures approximately 22.5 km2 

and has depths of up to 1.6 m [9] as shown in Figure 1(a). In order to make use of the information provided, 

it was necessary to georeference the location plan provided, since the data did not have the exact coordinate 

of the sampling in the field. The georeferencing of the plane was conducted to closely match the geometry of 

the body of water using identifiable sinuosity on the shoreline. The plane's grid uses arbitrary coordinates, 

which posed challenges in achieving precise georeferencing. This limitation affected the positional accuracy 

of the sampling points, leading to uncertainties in the prediction models. After georeferencing the plan, the 

laboratory digitized 10 sampling sites within the body of water identified by numbers: 2, 4, 5, 6, 7, 8, 10, 22, 

28, and 32. Figure 1(b) shows the location plan provided by the CARDIQUE laboratory. To ensure the 

experimental setup is clear for replication, the georeferencing process, despite its challenges, was conducted 

as follows. The scanned laboratory plan, as shown in Figure 1(b), was imported into a geographic 

information system (GIS) environment. Identifiable shoreline features and sinuosity visible in both the plan 

and baseline satellite imagery were used as ground control points to align the plan's arbitrary grid to the  

real-world coordinate system. Although this manual alignment introduces positional uncertainty, the 10 

digitized sampling points represent the best available approximation of the in-situ collection sites. 
 

 

  
(a) (b) 

 

Figure 1. Location of the study area of (a) Virgen Swamp and (b) sampling points in the swamp 
 

 

2.2.  Verification and adjustment of existing information of the area of interest 

The regional autonomous corporation of the Canal del Dique-Cardique provided the results of water 

quality analysis for the Virgen Swamp from 2015 to 2021. The data comprise a total of 37 sampling records 

from both the body of water and the channels that feed into the swamp. The information has an identifier per 

point that is listed on a drawing provided by the CARDIQUE laboratory. 
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2.3.  Selection of satellite images 

The dates of the filtered images match the dates of field sample collection by the laboratory. This 

approach ensured that the spectral response of the sites of interest corresponded closely to the water 

conditions analyzed by the laboratory [10], thereby minimizing uncertainty related to the dynamics of the 

swamp's water body. It is crucial to consider the time gap between image capture and laboratory sampling, as 

water conditions are subject to constant changes influenced by factors such as discharges, temperature 

variations, unexpected rainfall, and other anthropogenic or environmental conditions in the area [11]. 

Out of the 37 field sampling dates, 7 images or image collections were found to have coinciding or 

closely matching capture dates. These images or image collections have a spatial resolution of 3 meters, a 

radiometric resolution of 16 bits, are orthorectified, and corrected to surface reflectance [12], facilitating 

direct analysis. A total of seven image capture dates were identified that closely aligned with the laboratory 

sampling dates, ensuring temporal consistency between the remote sensing data and the field measurements. 

This correspondence is critical for minimizing uncertainty related to the dynamic nature of the swamp's water 

body. The specific pairings of satellite image dates and laboratory collection dates utilized for this study are 

detailed in Table 1. 
 
 

Table 1. Date of capture of the satellite image versus date of collection of the sample by the laboratory 
Satellite image date Date of sample collection by the laboratory 

06/20/2017 06/21/2017 

07/22/2017 07/27/2017 

09/2/2017 08/31/2017 
09/11/2017 09/28/2017 

07/22/2018 07/23/2018 

08/21/2018 08/21/2018 

03/26/2019 03/27/2019 

 

 

2.4.  Preparing and uploading information to the Google Earth Engine platform 

The Google Earth Engine is a cloud-based platform designed for geospatial data analysis, widely 

utilized by researchers globally for trend analysis [13]. It leverages Google's robust computing infrastructure 

to support various research domains [14]. To determine the area of interest, the initial step involved using the 

geometry in shapefile format, specifically the detailed permanent channel of the Virgen Swamp. This data 

was derived from technical studies conducted by CARDIQUE in 2021, which delineated the water perimeter 

of the swamp and internal water bodies within Cartagena. The geometry was uploaded to the Google Earth 

Engine platform as assets along with the point geometry with the laboratory information in shapefile format 

and the selected image collections with take date 06/20/2017, 07/22/2017, 09/2/2017, 09/11/2017, 

07/22/2018, 08/21/2018, and 03/26/2019. 
 

2.5.  Obtaining numerical models 

To determine the algorithms correlating CL-a, DO, TSS, and salinity concentrations, the study 

selected four image bands: b1 (blue, 0.455-0.515 µm), b2 (green, 0.5-0.59 µm), b3 (red, 0.59-0.67 µm), and 

b4 (near-infrared (NIR), 0.78-0.86 µm). These bands are commonly used in water body studies [2] and were 

chosen as independent or regression variables. According to Briceño et al. [15], as wavelength increases, 

water absorbs more incident energy, resulting in lower or negligible energy reflection beyond the NIR bands, 

which therefore do not contribute significantly to water quality analysis [16]. Likewise, the study considered 

the normalized difference vegetation index (NDVI), the normalized difference water index (NDWI), 
𝑏1(0.455 − 0.515 µ𝑚)

𝑏2(0.5 − 0.59 µ𝑚)
, 

𝑏2(0.5 − 0.59 µ𝑚)

𝑏3(0.59 − 0.67 µ𝑚)
, 

𝑏2(0.5 − 0.59 µ𝑚)

𝑏4(0.78 − 0.86 µ𝑚)
, 

𝑏3(0.59 − 0.67 µ𝑚)

𝑏4(0.78 − 0.86 µ𝑚)
 and simple ratios based on spectral 

signature analysis at different levels of incident energy, as conducted by Ruddick et al. [17]. For the 

calculation of CL-a, prominent peaks in the green region (b2, 0.5-0.59 μm) and energy absorption in the blue 

(b1, 0.455-0.515 μm) and red (b3, 0.59-0.67 μm) regions are observed in the spectral signature. For TSS, 

absorption is noticeable in the blue band (b1, 0.455-0.515 μm), increases in the green band (b2, 0.5-0.59 μm), 

peaks in the red band (b3, 0.59-0.67 μm), and decreases in the NIR band (b4, 0.78-0.86 μm) [18]. 

Additionally, new bands were selected from the principal components to leverage their low correlation. With 

the geometry corresponding to the field sampling sites, previously loaded as an asset in Google Earth Engine, 

reflectance values were extracted for each of the independent variables. The following table lists a sample of 

the data obtained. 
 

2.6.  Data analysis 

For data analysis, AI techniques were employed using ML models with regression, including SVM, 

RF, and DL models such as ANN. The selection of bands, indices, and simple quotients was based on literature 

sources such as the study by Briceño et al. [15]. Their analysis of absorption and reflection levels in spectral 
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signatures defined these variables as explanatory factors. Similarly, based on the research results of [19], with 

multiple regression models whose predictor variables are based on the visible spectrum bands of the CBERS-

2B satellite. Regarding the bands derived from principal components analysis (PCA), the objective is to 

determine whether incorporating the variability contributed by these bands optimizes models, as 

demonstrated in previous studies like that of Lopes et al. [20]. It's crucial to note that chlorophyll absorbs 

more electromagnetic energy in the blue band, with an increase in the green band [21]. Therefore, these 

bands are essential for inclusion in numerical models. Additionally, the red and infrared bands are significant 

for detecting suspended solids, as discussed by [22]. 
 
 

3. RESULTS AND DISCUSSION 

3.1.  Result of the model with support vector machine 

The first AI algorithm utilized was SVM for regression. To perform the regression by means of 

this algorithm, it is necessary to have a training data set and a test data set [3], so in this study 30% of the 

total data was established for the test data set. This percentage is used for model prediction and validation. 

The scikit-learn Python library provides tools that simplify programming and mathematical calculations 

for models, including the SVM library, which includes the support vector regression (SVR) algorithm. 

Then, it is necessary to define a kernel function, which can be linear or non-linear. For this particular case, 

the default kernel found, radial basis function (RBF), which corresponds to a Gaussian kernel, was 

selected. These parameters were applied to the four water quality variables of interest. It is important to 

mention that the data were previously standardized, since AI algorithms can have erroneous performance 

if the data do not follow a more or less normal or Gaussian distribution, for this the scikit-learn tool was 

used, StandardScaler which eliminates the mean of the data and scales them with variance equal to 1, by 

means of the calculation 𝑧 = (𝑥 − 𝑢) 𝑠⁄ , where x it is the value of the training data, u it is the mean of the 

training sample, s the standard deviation [23]. After running the models, it is important to revert to the 

initial values to obtain data according to the original scale of the variables being predicted. This step is 

accomplished using the `inverse_transform` function, which is also incorporated into the StandardScaler 

algorithm. To calculate the accuracy of the model with SVR, the mean absolute percentage error (MAPE) 

was used Aguilar and Díaz [3]. MAPE is derived from the mean of the absolute percentage error (APE), 

which is calculated using (1). 
 

𝐴𝑃𝐸 = 100 ∗ (
𝑎𝑏𝑠(𝑦−𝑦′)

𝑦
) (1) 

 

Where 𝑦 is the observed value and 𝑦′ prediction value. With the MAPE, the prediction of the model was 

calculated by means of (2). 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖ó𝑛 = 100 − 𝑀𝐴𝑃𝐸 (2) 
 

The model with SVR allowed obtaining the following performance for each water quality parameter 

of interest (see Table 2). It is important to mention that the basis for the selection of predictor variables was 

the significant correlation between these and the response variable. However, from this basis, we proceeded 

with the entry of other variables empirically or the exclusion of them, seeking those that improved the 

performance of the model. While the initial selection of predictor variables was based on significant 

correlations identified in the literature and preliminary analysis, the final variable sets were refined 

empirically. This iterative approach was necessary to optimize model performance for this specific dataset. 

However, we acknowledge this empirical refinement carries a risk of overfitting and may influence the 

model's generalizability. A more theoretically grounded feature selection process is recommended for future 

studies with larger datasets. 
 

 

Table 2. Model accuracy by water quality parameter with SVM for regression 
Water quality parameter Predictor variables Accuracy (%) MAPE (%) RMSE 

CL-a 'r_b1', 'r_b2', 'r_b3', 'r_b2_b3', 'r_ndwi' 68 32 7.2 μg/L 

DO 'r_b4','r_ndwi', 'r_pc1','r_pc2','r_pc4' 93 7 0.6 mg O2/L 
TSS 'r_b1','r_b3', 'r_b1_b2', 'r_b3_b4', 'r_b2_b4', 'r_ndvi' 84 16 18.5 mg/L 

Salinity 'r_b1','r_b2','r_b4', 'r_b1_b2', 'r_b2_b3', 'r_ndvi', 'r_pc1' 94 6 1.9 o/oo 

 

 

In order to analyze the performance of the models with SVM for regression, dispersion diagrams 

were generated between the observed values and the predicted values. These diagrams report a grouping of 

the data with a linearity pattern, especially in those whose performance exceeded 90%, as is the case with DO 
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and salinity (see Figure 2). According to Figure 2, and as evidenced by the analytical result of the prediction, 

the CL-a parameter presented the lowest performance when predicting with data different from those used in 

the training set. However, the accuracy of 68% agrees with the result of Ledesma et al. [24], which takes into 

account green and near-infrared as regressive variables. 
 
 

 
 

Figure 2. Dispersion diagrams between observation and prediction with SVM 
 

 

3.2.  Result of the model with random forests 

The second model used is the RF. As in the SVM, 30% of the total sample was reserved for the 

validation of the model. From the Python library scikit-learn, the RF regressor algorithm is used, which has 

as a parameter of special importance the number of estimators or trees that make up the forest to be built. In 

addition to the aforementioned parameter, the RF regressor library includes a series of other parameters, such 

as the criterion for separability or the depth of the trees [23], among others, which were not used for the 

prediction of the water quality indicators proposed in this document. Before generating the forest, we 

proceeded with the standardization of the data, as was done with the SVRs. After the prediction, it was 

necessary to rescale the data to the initial values of the water quality parameters of interest in order to obtain 

comparable information and verify the accuracy of the model. This accuracy was calculated in the same way 

using the MAPE. Modeling with RF presents a significant improvement with respect to SVM, with a marked 

linear trend between observation and prediction as shown in Table 3. 
 

 

Table 3. Model accuracy by water quality parameter with RF for regression 
Water quality parameter Predictor variables Accuracy (%) MAPE (%) RMSE 

CL-a 'r_b3', 'r_b1_b2' 79 21 2.7 μg/L 

DO 'r_b4', 'r_b2_b4','r_pc4' 95 5 0.5 mg O2/L 

TSS 'r_b1','r_b2','r_ndwi' 89 11 8.9 mg/L 
Salinity 'r_b1','r_b2_b3','r_b2_b4' 96 4 1.1 o/oo 

 

 

3.3.  Result of the model with artificial neural networks 

The last model applied corresponds to the ANN and in the same way as in the two previous models, 

30% of the sample data was reserved, in order to use them as test or test data for model validation. To work 

with DL in Python, it is essential to utilize libraries such as Theano, TensorFlow, and Keras. These libraries 

are designed for optimizing numerical models and provide tools that simplify the development of neural 

networks. In the code, when Keras is imported by default, Tensorflow is loaded, and within Keras there are 

two modules necessary for the construction of the red neuronal artificial (RNA) model. The first module is 

sequential, which allows you to initialize the network parameters, and the second module is dense, which 
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allows you to create the intermediate layers of the network. In the dense module, the units parameter was 

utilized, representing the number of nodes in the hidden layer. This is an empirical hyperparameter 

determined by the developer. Additionally, the input_dim parameter, which specifies the number of 

independent variables, was replaced with the expression X_train.shape [1], a command that returns the total 

number of explanatory variables. In the kernel_initializer, the function that initializes the weights of the 

feature array is entered randomly, for which a normal distribution function was used and the activation 

function allows determining by means of the weights whether or not the information follows the next layer 

according to its importance. 

After configuring the first layer, the second hidden layer was added with parameters similar to those 

of the previous layer, except for input_dim, which was already specified in the first layer. In this case, the 

activation function was changed to tanh. Subsequently, the output layer was defined with a single unit and a 

normal distribution initialization kernel. To compile the model, a loss function is required. The least squares 

error function was selected to minimize the difference between the observations and predictions. For 

optimization, the Adam algorithm was used. This optimizer helps in finding the most accurate set of weights 

and is the default optimizer within the compilation module. Finally, the model must be trained. For this, you 

need the training data for the independent variables and the dependent variable vector. Additionally, you 

must specify the number of epochs, which denotes how many times the model will iterate over the entire 

dataset, and the batch size, which indicates the number of training samples processed before the model's 

internal parameters are updated. With the ANN, the performance summarized in Table 4 was obtained. 
 
 

Table 4. Model accuracy by water quality parameter with ANN 
Water quality parameter Predictor variables Accuracy (%) MAPE (%) RMSE 

CL-a 'r_b1','r_b3', 'r_b1_b2', 'r_b3_b4', 'r_b2_b4', 'r_ndvi' 50 50 10.2 μg/L 

DO 'r_b4', 'r_b3_b4','r_pc1','r_pc4' 87 13 1.2 mg O2/L 
TSS 'r_b1','r_b2','r_ndwi' 73 27 23.6 mg/L 

Salinity 'r_b1', 'r_b3', 'r_b2_b3','r_b3_b4', 'r_b2_b4', 'r_ndvi', 

'r_ndwi', 'r_pc1' 

90 10 3.6 o/oo 

 

 

CL-a was the water quality parameter with the lowest performance using the ANN algorithm, with 

an estimated accuracy of 50%. This implies that the model accounts for only 50% of the total variability in 

the data. Although high performance was not achieved for CL-a, RF yielded a good performance with an 

accuracy of 79%. This falls within the precision range reported in studies of this variable using remote 

sensing data, which indicate an R² between 0.5 and 0.9 [15]. Additionally, Aguilar and Díaz [3] reported that 

AI techniques can achieve accuracies greater than 60%. This result was achieved using the red band and the 

simple quotient between the blue and green bands. This aligns with several studies [15], [19], [21], among 

others, that associate the visible spectrum with the water quality parameter of CL-a. Phytoplankton exhibits 

an absorption peak in the blue band [25], with wavelengths between 0.455 and 0.515 µm, and a reflection 

maximum in the green band, with wavelengths between 0.5 and 0.59 µm, followed by a decline in 

wavelengths greater than 0.59 µm. 

DO, similar to CL-a, demonstrated its highest performance with the RF algorithm, achieving an 

estimated accuracy of 95%. The predictor variables for this model include the near infrared band, the simple 

quotient between the green and near infrared bands, and main component 4. The green band is particularly 

noteworthy, as it shows significant results in regression models, such as the one by Alzate et al. [26] with an 

R² of 0.77, and the simple linear regression model from Vanegas [27] with an R² of 0.8. Therefore, this result 

could be valuable for predicting DO levels in the Virgen Swamp. Vanegas [27], in his results specified that 

he did not find a relationship between the analyzed parameters and the near-infrared, which differs from what 

is presented here since this band contributed in the prediction, not only in the DO where a Spearman 

correlation coefficient of 0.3 was obtained with a p-value of 0.018 lower than the statistical significance 

α=0.05, which allowed rejecting the null hypothesis that considers that the near-infrared band does not 

correlate with the DO parameter, but also contributed in the prediction of the other parameters studied. 

TSS demonstrated strong performance across all three proposed models. The most significant results 

were achieved with the RF model, which had an accuracy of 89%. The key predictor variables included the 

blue and green bands, as well as the NDWI, which is derived from the normalized difference between the 

green and NIR bands. These bands were also crucial for predicting TSS in the study by [28], where the best 

predictions were obtained using the quotient of these variables. This model also showed the smallest mean 

squared error (MSE) and MAPE, consistent with the metrics used in this paper. These bands have been 

employed in various studies to determine TSS, often in conjunction with simple quotients. For instance, 

Gholizadeh et al. [29] utilized these bands with models incorporating DL techniques, while [30] applied 

simple regressions using the visible spectrum bands from the TM sensor on the Landsat 5 platform.  
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However, the latter reference reported a low performance for their model. RF have contributed with 

satisfactory results in other studies for occupational safety and health (OSH) modelling such as the one 

presented by [31], although the correlation is made with other physicochemical parameters of water quality. 

The best model for representing salinity was the RF algorithm, achieving an accuracy of 96%. This 

model outperformed the SVM models, which had an accuracy of 94%, and the ANN, which achieved an 

accuracy of 90%. The latter showed favorable results compared to multiple linear regression models, as noted 

by Zhou et al. [32], and demonstrated accuracies equal to or exceeding 90%, as reported in the salinity 

variation study by Huang and Foo [33]. Salinity was the parameter with the best performance throughout the 

analysis. This was evidenced by a Spearman correlation coefficient of 0.6 and a p-value of less than 0.05, 

which were obtained from the direct analysis of the simple quotient between the blue band (0.455 to  

0.515 µm) and the green band (0.5 to 0.59 µm). 

Numerical modeling with information acquired through remote sensing has demonstrated its 

usefulness in predicting water quality parameters [21] such as those selected in this study. The performance 

of the models is influenced by factors such as the time difference between when the laboratory sample is 

collected and when the remote sensor image is captured. Therefore, it is crucial to ensure that the data are 

collected at the same time. As noted by Bazán et al. [21], if there are temporal discrepancies, it is essential to 

verify that the water body has not experienced disturbances, such as precipitation or contaminant discharges, 

that could alter the spectral response of the satellite image or introduce anomalous values or outliers in the 

laboratory sample. These outliers should be excluded from the sample to avoid negatively impacting the 

algorithm's performance. It is important to acknowledge the limitations of this study, primarily the small 

sample size. The dataset consisted of only 37 sampling records, which constrained the model training and 

validation process, especially for complex algorithms like ANN. Consequently, the validation was performed 

using a simple 70/30 train-test split. While this provided initial performance metrics, the robustness of the 

models could be further improved by employing more rigorous techniques, such as k-fold cross-validation, 

which is better suited for limited datasets. Future work should aim to incorporate a larger dataset to validate 

and enhance the generalizability of these findings. 

For future research, exploring more advanced DL architectures could yield significant 

improvements. For instance, transformer-based deep networks, which have shown success in noise reduction 

for other domains like medical imaging, could be adapted for processing satellite imagery. Such models 

might prove effective in mitigating atmospheric interference and other noise inherent in remote sensing data, 

thereby improving the quality of spectral signatures used for water quality estimation. 
 

 

4. CONCLUSION 

The use of satellite imagery combined with AI models constitutes an effective complementary tool 

for monitoring water quality in lentic bodies such as the Virgen Swamp, as it reveals significant relationships 

between spectral reflectance and parameters such as CL-a, DO, salinity, and TSS, although it does not 

replace laboratory analyses. ML and DL models showed advantages over traditional statistical approaches by 

not relying on parametric assumptions and by achieving high levels of accuracy, with salinity standing out as 

the best-performing parameter (up to 96% with RF), while CL-a presented the lowest performance, possibly 

due to the influence of the swamp bed. Overall, the results confirm that these models enable efficient,  

low-cost monitoring with potential as an early warning system for environmental management, supported by 

open platforms such as Google Earth Engine and Jupyter Notebook, and provide valuable information for 

decision-making by environmental authorities. 
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