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 The contamination of water bodies in the Peruvian Amazon, particularly in the Madre de Dios 
region, has increased significantly due to illegal mining activities that severely impact human health 
and ecosystems. This issue is exacerbated by the lack of effective tools for monitoring and 
managing water bodies, which could help mitigate negative effects and ensure their preservation. 
In this study, water bodies were identified using machine learning and satellite image analysis from 
the area known as 'La Pampa', a zone severely affected by illegal mining located between 
kilometers 98 and 115 of the Interoceanic Highway in the Madre de Dios region, Peru. Using 
Google Earth Engine, 600 satellite images were collected and classified into three categories: water 
bodies (200), soil (200), and vegetation (200). Models such as Random Forest, K-Nearest 
Neighbors, Support Vector Machines, and a Multilayer Perceptron were trained and validated. The 
results show that the K-Nearest Neighbors model achieved the best performance, with a precision 
of 92.58%, recall of 92.74%, F1-Score of 92.61%, and an accuracy of 92.49%, outperforming the 
other evaluated models. These findings highlight the feasibility of combining machine learning 
with satellite images for the management of water resources in affected areas, offering a valuable 
tool for environmental decision-making.  

by the authors; licensee Growing Science, Canada. 6© 202 

Keywords: 
K-Nearest Neighbors  
Landsat 9  
Multispectral remote sensing 
Peruvian Amazon  
Water bodies  
Water body detection 

 

 

 

1. Introduction 

Water is one of the essential resources for life, as its absence would make existence on our planet Earth impossible (Chaplin, 
2001). Although water covers most of the planet, only approximately 0.3% is suitable for human consumption and use (Kılıç, 
2020). In many regions, this resource is becoming increasingly scarce due to factors such as excessive and irresponsible usage, 
population growth, intensive agriculture, climate change, and waste (Jackson et al., 2001). Moreover, pollution has become a 
critical factor exacerbating this situation. Environmental and water pollution continues to grow in recent decades. According 
to data from The Lancet, this increase reached 66% globally. This phenomenon represents the greatest environmental risk 
factor and is associated with approximately 9 million deaths in 2015 (Fuller et al., 2022). Currently, water pollution is caused 
by various factors, including industrial waste, chemical substances, urban wastewater, plastics, and other debris (Duncan et 
al., 2016; Eriksen et al., 2014). Additionally, mining is one of the main activities responsible for pollution, as it not only 
physically affects water bodies but also alters water quality through spills and residues of heavy minerals, making it unsuitable 
for human consumption and harmful to the environment (Jurakulov, 2023). 
 
In Peru, water pollution is a serious issue. Limited access to the public water network forces the consumption of untreated 
water, which has caused approximately 842,000 annual deaths (Gastañaga, 2018). This contamination is influenced by a 
critical factor: mining (Gonzales et al., 2014; Larios Meoño et al., 2015). Approximately 50% of populations near mining 
areas suffer the consequences of this activity, leading to a wide range of diseases and over 340,000 annual deaths among 
children under the age of five in 2018 (Bebbington & Williams, 2008; Cabezas Sánchez, 2018). 
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Mining in Peru began with the commencement of operations at the Yanacocha Mine in 1993, and it has experienced 
continuous growth since then (De Echave, 2016), expanding to additional regions such as Madre de Dios (Junquera Rubio, 
2010), Junín (Cusiche Pérez & Miranda Zambrano, 2019), and others. Currently, the country stands out for its potential in 
mineral production, ranking first in Latin America in the production of zinc, lead, tin, silver, and gold, and fifth worldwide in 
gold production (8.01%), according to data from Osinerming (Lira & Aristondo, 2007). 
 
It is important to note that not all mining activities in Peru are conducted legally. The formalization processes are often 
complex and burdensome, leading many operators to resort to illegal practices. This situation has caused devastating 
environmental impacts, particularly evident in regions such as Madre de Dios (Yahia Velásquez Zapata, 2020). 
Madre de Dios, located in the Peruvian Amazon, is renowned for its remarkable biodiversity and abundance of natural 
resources, with 46% of its territory protected through six natural protected areas and 25 Private Conservation Areas (MINAM, 
2024). However, this region faces significant environmental challenges, including accelerated deforestation, persistent social 
conflicts, and, most critically, river pollution (Barbarán, 2014). To address the issue of water pollution and prevent both 
environmental degradation and the spread of diseases, it is essential to implement proper water resource management 
(Katharine Jacobs Louis Lebel & Finan, 2010; Yanjun Shen Taikan Oki & Kiguchi, 2014). This measure is not only crucial 
in the Peruvian context but also recommended globally, as various studies have demonstrated significant positive impacts 
following the implementation of integrated water resource management strategies (Savenije & der Zaag, 2008; Valdés & 
García, 2018; Vargas et al., 2007). 
 
In this context, machine learning (ML) emerges as a powerful tool due to its ability to analyze large volumes of data, identify 
patterns, and predict future behaviors (Ahmed et al., 2024), thereby facilitating improved decision-making in water resource 
management (Ghobadi & Kang, 2023). Furthermore, machine learning algorithms have demonstrated their effectiveness 
across various fields, with studies including rankings and evaluations that support the selection of the most suitable algorithms 
based on their performance in specific tasks, offering more efficient and tailored solutions for each situation. A notable 
example is the 2006 study published at the International Conference on Data Mining (ICDM), which highlighted the 10 most 
important data mining algorithms, including k-Means, Support Vector Machine (SVM), and K-Nearest Neighbors (KNN), 
among others (Wu et al., 2008). Although several of these methods have achieved significant advancements in the accurate 
classification of water bodies, the topic remains an active area of research, with ongoing exploration of new techniques and 
approaches (Acharya et al., 2016; Kaplan & Avdan, 2017). 
 
It is considered that achieving more accurate classification requires an adequate and sufficient database. In this context, 
satellite images play a crucial role. Currently, there is a wide range of tools available for obtaining satellite images, such as 
Sentinel and Landsat (Behera et al., 2018). Landsat, in particular, is one of the most widely used in studies across various 
research fields, as it is freely accessible and offers high spectral resolution in its images, enabling better differentiation between 
water bodies and other types of natural surfaces (Zhu et al., 2019). Given the diversity of machine learning methods and 
available data sources, it is essential to carefully evaluate them to achieve optimal results, taking into account the specific 
context of the study. Currently, there are references to studies that compare and evaluate both models and algorithms as well 
as the tools employed, providing valuable guidelines for selecting the best combination based on the defined objectives. 
Among the notable studies in this area is the work of Ferdous et al. (2020), who employed algorithms such as KNN, Artificial 
Neural Networks (ANN), and Decision Trees for satellite image classification. The experiments were conducted using datasets 
such as Statlog (Landsat Satellite) Data Collection, Pendigits dataset, and Yeast dataset. The results showed that the KNN 
algorithm achieved the highest accuracy, reaching 91% precision compared to the other evaluated methods. 
 
In the study conducted by Baquerizo and Ventocilla (2022), the performance of several machine learning algorithms, including 
SVM, Naive Bayes, and Decision Trees, was evaluated for the classification of satellite images in the Peruvian Amazon 
region. Using Landsat 7 images with a spatial resolution of 30 meters, a supervised classification approach was implemented 
to analyze land cover, encompassing categories such as water bodies, urban areas, forests, and crops. The results indicated 
that the SVM and Naive Bayes algorithms achieved an overall accuracy of 90.9%, while Decision Trees reached 86.4%. These 
findings highlight the ability of SVM to generalize in scenarios with limited training and validation data, positioning it as one 
of the most robust techniques in the study. In the study presented by Deur et al. 2020), the classification of tree species in 
mixed deciduous forests was evaluated using satellite images and machine learning algorithms such as Random Forest (RF) 
and SVM. These algorithms were applied in pixel-based supervised classification. After training, the Random Forest algorithm 
achieved an overall accuracy of 95%, while the Support Vector Machine model reached an overall accuracy of 92% under the 
same conditions. Similarly, the study conducted by Medina and Atehortúa (2019) compared the techniques of SVM, Random 
Forest, and Maximum Likelihood Estimation to differentiate the growth stages of cotton crops. For this purpose, a RapidEye 
satellite image of the San Pelayo region, Córdoba (Colombia), was used, with pixels distributed between the training and 
validation sets. Model validation was performed using confusion matrices and the Kappa index. The results showed that the 
Maximum Likelihood method achieved a correct classification rate of 68.95%, SVM achieved 81.33%, and Random Forest 
reached 78.93%, demonstrating that SVM was the technique with the best performance. A comparative study by Saini and 
Ghosh (2018) assessed the performance of two machine learning algorithms—Random Forest and SVM—for crop 
classification using Sentinel-2 satellite imagery in Roorkee, located in the Haridwar district of Uttarakhand, India. Sentinel-2 
was selected for vegetation mapping due to its high data availability and superior image quality, offering spatial resolutions 
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of up to 10 meters. The analysis employed four spectral bands: near-infrared, red, green, and blue. The results demonstrated 
an overall classification accuracy of 84.22% for RF and 81.85% for SVM. While both algorithms showed strong performance 
following parameter optimization, RF surpassed SVM with a 2.37% higher precision. 
 
A study conducted by Yasmin et al. (2019) explored the identification of water bodies in Landsat 8 OLI satellite images, 
comparing two machine learning techniques: Classification and Regression Trees (CART) and SVM. The main objective of 
the study was to evaluate the performance of these methodologies against traditional methods based on water indices, such as 
NDWI (Normalized Difference Water Index) and MNDWI (Modified NDWI), to determine their effectiveness under different 
conditions. For this purpose, two datasets were used: one with samples extracted from the same set of images (Test Sample 
1) and another with independent samples (Test Sample 2). The results showed that, although CART achieved a precision of 
99% when using Test Sample 1, its performance significantly decreased (84.95%) when applied to Test Sample 2, highlighting 
its reliance on the similarity between training and testing samples. In contrast, SVM demonstrated a more consistent and 
robust performance, achieving an average precision above 98.7% in both tests. This study highlights the superiority of SVM 
in scenarios with heterogeneous data. 
 
In the research conducted by Gonçalves (2012) on the classification of images with multiple spectral bands, a system based 
on a Multilayer Perceptron (MLP) was presented. The study's approach included a data extraction method using 3x3 pixel 
windows, selected uniformly and randomly from an original multispectral image. To assess the effectiveness of the proposed 
classification scheme, a comparative analysis was performed against the Maximum Likelihood algorithm. The results 
demonstrated that the system based on Artificial Neural Networks (ANN) outperformed the Maximum Likelihood algorithm 
in terms of precision, highlighting the potential of ANN to enhance the classification of multispectral images. Despite 
significant advances in the application of machine learning algorithms for satellite image classification and environmental 
monitoring, an important knowledge gap is identified in the specific context of addressing water pollution caused by mining 
in the region of La Pampa, in Madre de Dios. While existing studies have demonstrated the effectiveness of models such as 
KNN, SVM, RF, and ANN in various scenarios, most have focused on generic classification applications or different 
geographical areas, leaving a void in the adaptation and optimization of these methodologies to tackle the unique challenges 
of this Amazonian region. This gap is particularly critical considering that La Pampa is one of the areas most affected by 
illegal mining in Peru (Cerón et al., 2021), an activity that has severely impacted water quality and the surrounding ecosystem. 
The lack of studies integrating local data and specific approaches to this issue limits the ability to develop effective mitigation 
strategies and sustainable management of water resources. 
 
The present study aims to identify water bodies using ML and satellite image analysis from areas affected by mining activity, 
specifically in “La Pampa”, located between kilometers 98 and 115 of the Interoceanic Highway, in the Madre de Dios region, 
Tambopata province. For this purpose, satellite images from seven spectral bands were obtained through the Google Earth 
Engine platform, which utilizes data from the Landsat 9 satellite. Subsequently, four state-of-the-art machine learning 
algorithms were trained and evaluated: KNN, RF, and MLP. These models were used to differentiate three types of natural 
surfaces, with an emphasis on identifying water bodies in Landsat 9 satellite images. 
 
The remainder of the document is divided into the following sections: Section 2 covers the materials and methods used; 
Section 3 presents the results obtained; Section 4 focuses on the analysis and discussion of the findings; and Section 5 provides 
the final conclusions. 
 
2. Material and methods 
 
Fig. 1 shows the methodology used for satellite image classification, which consists of six phases. 

 

Fig. 1. Proposed framework for water body identification using machine learning and satellite image 
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2.1. Image Acquisition 
 
Google Earth Engine was used to collect 600 satellite images from the La Pampa area in the Madre de Dios region, Peru. 
These images were evenly distributed into three classes: 200 water, 200 soil, and 200 vegetation, allowing for a balanced 
representation of the land covers in the study area (Avci et al., 2023). The images have a size of 3x3 pixels (Gonçalves, 2012), 
as shown in Fig. 2, and are composed of 7 spectral bands from the Landsat 9 satellite, covering the visible to infrared spectrum. 
This design provides consistent and detailed data, essential for the characterization and classification of defined classes (Deur 
et al., 2020). 
 

 

Fig. 2. Samples of each class in the dataset 

2.2. Preprocessing of Satellite Images 
 
The preprocessing of the satellite images was performed using Python's Rasterio library, a robust and efficient tool to work 
with raster data (GDAL, 2025). Through this library, the spectral bands of the satellite images were read and extracted. 
Furthermore, NumPy was integrated to handle pixel data as arrays, facilitating the necessary transformations for analysis (Li 
et al., 2021). The first step of the preprocessing involved reducing the dimensionality of the satellite images from 3 dimensions 
(height, width, and spectral bands) to 2 dimensions, flattening each image to represent its spectral values in a more manageable 
structure. During the same time, the pixels of the images were labeled with their respective classes: the “water” class was 
mapped as 1, “soil” as 2, and “vegetation” as 3. This mapping ensures a clear and efficient numerical representation for the 
classification algorithms (Valero Medina & Alzate Atehortúa, 2019). The process generated two main NumPy arrays: one 
array storing the pixel values of the satellite images and another array of labels associating each pixel with its respective class. 
These arrays form the foundation for the training and classification procedures, ensuring a consistent and optimized data 
structure for the machine learning methods used subsequently (Wieland & Pittore, 2014). For exploratory data analysis, the 
Principal Component Analysis (PCA) was used to identify the optimal combinations of attributes that explain the greatest 
variance in the data (Pedregosa et al., 2011). In this context, projection of the data through PCA onto the principal components 
allowed for the visualization of class separation, as shown in Fig. 3. 
 

 

Fig. 3. Class separation using principal component diagram 
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2.3. Dataset Splitting 
 
The dataset was randomly divided using Scikit-learn (Pedregosa et al., 2011), allocating 70% for training, 15% for validation 
and 15% for testing (Rimachi et al., 2024). The machine learning algorithms and the MLP architecture were trained using the 
training set, while the validation set was used to tune the hyperparameters for the KNN, SVM and RF algorithms. In the case 
of training the MLP architecture, the validation set was used to calculate error and adjust the weights in the neural network. 
Finally, the test set was used to evaluate the final performance of the models using metrics such as accuracy, precision, recall, 
and F1-score, which are widely used in studies of this type (Rimachi et al., 2024). Fig. 4 shows the number of images for each 
data subset. 
 

 

Fig. 4. Data sample distribution for training, validation, and testing 

2.4. Model Training 
 
The training was performed using three machine learning algorithms (KNN, SVM, and RF) and an MLP. For machine learning 
algorithms, the training set was used to train the models, and the validation set was used to tune the hyperparameters using 
the GridSearchCV technique from Scikit-learn (Pedregosa et al., 2011). The results of the hyperparameter tuning can be seen 
in Table 1. This approach allowed for the selection of optimal parameter combinations to maximize the performance of the 
models (Duro et al., 2012). 
 
Table 1 
Hyperparameter tuning using GridSearchCV 
Model Hyperparameter Search Space Description Optimal Values 

K-Nearest 
Neighbors 

n_neighbors [2, 3, 5, 7] Number of neighbors considered for classification 7 

weights [“uniform”, 
“distance”] Method for assigning importance to neighbors “distance” 

metric [“Euclidean”, 
“manhattan”] Calculation of the distance between points “manhattan” 

Random Forests 

n_estimators [100, 200, 300] Determine the number of trees in the forest 100 
max_depth [10,20,50] Set the maximum depth of the trees 10 
min_samples_split [2, 5, 7] Indicate the minimum number of samples required to split a node 5 
min_samples_leaf [1, 2, 4] Indicate the minimum number of samples required in a leaf 1 
max_features [’sqrt’,’log2’] Regulate the number of features to consider at each split “sqrt” 

Support Vector 
Machine 

C [0.1, 1, 10, 20, 100] Regulate the penalty for errors in the model 20 
gamma [0.001, 0.01, 0.01, 1] Kernel coefficient 1 
kernel [“linear”, “rbf”] Kernel function “linear” 

 
On the other hand, our MLP model was implemented using Keras and TensorFlow, employing a sequential architecture 
designed to classify the three classes of interest: water, soil, and vegetation. It begins with an input layer for data of shape (7, 
1), followed by a Flatten layer that transforms the data into a one-dimensional representation (Valero Medina & Alzate 
Atehortúa, 2019). The model includes 5 dense layers activated with the ReLU activation function, containing 32, 64, 128, 64, 
and 32 neurons, respectively, as well as Dropout layers to prevent overfitting. The final layer uses the softmax activation 
function to classify into three categories (Dileep et al., 2020). The model was compiled with the Adam optimizer and the 
categorical_crossentropy loss function, suitable for multiclass classification, and evaluated using accuracy as the main metric. 
During each epoch, the loss function calculates the model's error for both the training and validation data. Then, the optimizer 
adjusts the model's weights based solely on the training set, while the validation set is used to monitor the model's performance 
on unseen data. This design balances simplicity and effectiveness, demonstrating good performance during the training and 
validation phases (Jais et al., 2019). 
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2.5. Preprocessing and Prediction of the Satellite Image 
 
For the preprocessing of the satellite image, the Rasterio library (GDAL, 2025) was used, enabling the reading of a satellite 
file with dimensions of 757x703 pixels and composed of 7 spectral bands, as shown in Fig. 5. From this reading, the essential 
metadata associated with the file, such as spatial resolution, coordinate system, and geographic extent, were extracted. 
Subsequently, the image was flattened and converted into a one-dimensional array using NumPy (Duro et al., 2012). Data 
normalization was performed using the StandardScaler function from the Scikit-learn library (Pedregosa et al., 2011), ensuring 
that pixel values were on the same scale, which is crucial for optimizing the performance of the prediction models. This 
process guarantees that the features are comparable and that the algorithms are not influenced by differences in the magnitudes 
of the spectral bands (Wieland & Pittore, 2014). For the prediction, the previously trained classification models were used: 
KNN, SVM, RF, and the Multilayer Perceptron. Each model individually classified the normalized pixels, assigning labels 
corresponding to the predefined classes: water (1), soil (2), and vegetation (3). The predictions were stored in a one-
dimensional array of labels, which, upon completing the prediction process, was transformed back to the original dimensions 
of the image, 757x703 pixels (Saini & Ghosh, 2018a). Finally, the original metadata was updated in the reconstructed image, 
preserving its geospatial integrity. With the help of a color ramp, a graphic was generated to visualize the classification of the 
satellite image, facilitating the interpretation of results and the analysis of class distribution in the study area. This integrated 
approach combines data processing techniques and machine learning to provide an accurate and visually comprehensible 
representation of the classification results. 
 

 

Fig. 5. Satellite image of 757x703 pixels 

2.6. Testing and Metrics Evaluation 
 
At the end of the training process, the performance of the models was evaluated using the test set, with the objective of 
obtaining key metrics to quantify their performance. In this context, the evaluation considered the confusion matrix and its 
derived metrics, such as accuracy, precision, recall, and F1-score (Holgado-Apaza et al., 2024), which provide a 
comprehensive view of the models' ability to correctly classify the predefined classes: water, soil, and vegetation. These 
metrics were calculated for the KNN, SVM, RF, and MLP models. Additionally, a visual analysis was conducted on the 
graphs generated by each model when predicting the pixels individually from Fig. 5, which were used for the prediction. In 
the specific case of the MLP model, additional graphs were generated to show the behavior of accuracy and the decrease in 
loss as a function of epochs. These visualizations allowed for an analysis of the model's performance evolution during training 
and validation, highlighting the stability of learning and the model's convergence toward an optimal state. This additional 
analysis was essential for understanding the model's adjustment dynamics. The confusion matrix provided a clear visualization 
of how frequently the models correctly identified water bodies, as well as the errors made when misclassifying them as other 
surface classes (Fahmy Amin, 2023). Additionally, the confusion matrix provides a tabulated and organized analysis of the 
true positive (TP), false positive (FP), true negative (TN), and false negative (FN) values, considering the real classes and the 
predictions made by the models. 

 

Fig. 6. Confusion matrix for multiclass classification 
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In the confusion matrix shown in Fig. 6, a classification problem with three classes (A, B, and C) is represented. In this table, 
the values AA, BB, and CC correspond to the true positives (TP) of each class. On the other hand, the false negatives (FN) of 
a class are determined by summing the errors recorded in its corresponding row, while the false positives (FP) are calculated 
by summing the errors in the column of the predicted class (Holgado-Apaza et al., 2024). The model's accuracy, defined as 
the total number of correct predictions made by the model, is measured using the formula in Eq. (1). 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹
  (1) 

 
The model's precision, which indicates the number of correct positive predictions made, is calculated using the formula in Eq. 
(2). 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹
  (2) 

The model's recall, which represents the percentage of actual positive cases correctly identified, is obtained using the formula 
in Eq. (3). 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹
  (3) 

The performance of models with imbalanced data is evaluated using the F1-Score, a metric that combines precision and recall 
into a single value (Alberto et al., 2024). It is calculated using the formula in Eq. (4). 

𝐹𝐹1 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 2 ×
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

  (4) 

Given that this is a multiclass classification problem, it is necessary to generate a Receiver Operating Characteristic (ROC) 
curve for each class (vegetation, water, and soil). Although the ROC curve is traditionally used in binary classification 
problems (Cerda & Cifuentes, 2012; Rifkin & Klautau, 2004; Santana, 2000), it can be extended to multiclass contexts using 
the “One-vs-All” strategy. This approach compares each class individually against the combination of the others, providing a 
clear graphical representation, as shown in Fig. 7. 
 

 

Fig. 7. Graphical representation of ROC curve and AUC 

The ROC curve is generated for each class by treating it as the "positive" class and grouping all others as "negative." In this 
context, the True Positive Rate (TPR), also referred to as sensitivity, and the False Positive Rate (FPR), defined as 1 - 
Specificity, are computed according to Eq. (5). The ROC curve graphically represents the TPR versus the FPR across varying 
classification thresholds, offering a comprehensive view of the model’s discriminative performance. Eq. (5) presents the 
formulas used to calculate these metrics. 

𝑇𝑇𝑇𝑇𝑇𝑇 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹
 ,𝐹𝐹𝐹𝐹𝐹𝐹 =

𝐹𝐹𝐹𝐹
𝐹𝐹𝐹𝐹 +  𝑇𝑇𝑇𝑇

 (5) 

The Area Under the Curve (AUC) is a recommended measure, according to various studies, for evaluating the overall 
performance of one or more models (Bradley, 1997). A value close to 1 indicates that the model has a strong classification 
ability for a specific class, while an AUC close to 0.5 suggests that the model performs no better than random classification. 
The AUC is calculated using the formula in Eq. (6), where r represents the probability threshold used to decide whether a 
pixel belongs to a specific class (water, soil, or vegetation). The calculation of the area under the curve aims to assess the 
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model's ability to distinguish between classes and adjust classification thresholds, thereby optimizing performance in image 
classification (Calvillo-Batllés et al., 2022; Stern, 2021). 

𝐴𝐴𝐴𝐴𝐴𝐴 = � 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
1

0
 = � 𝑇𝑇𝑇𝑇(𝑟𝑟)𝐹𝐹𝐹𝐹′(𝑟𝑟)𝑑𝑑𝑑𝑑

1

0
 (6) 

3. Results 
 
The empirical results of our experiments are presented below: 
 
Fig. 8 shows the confusion matrix corresponding to all the evaluated models. In this analysis, the values on the main diagonal 
represent the correct classifications, and it is desirable for these results to be significantly higher than the other values in the 
matrix. As shown in Fig. 8a and Fig. 8c, the KNN and SVM models demonstrate the highest effectiveness in identifying water 
bodies, each achieving 269 true positives for the water class. Moreover, both models recorded the lowest number of false 
negatives (38), indicating that 38 pixels corresponding to water were incorrectly classified as belonging to another category. 
This result reflects the ability of both models to correctly identify the pixels corresponding to water bodies, with a reduced 
margin of error. However, the KNN model shows a lower number of false positives (23) compared to SVM, which means 
that KNN incorrectly classified fewer pixels from other classes as water. Therefore, KNN stands out for its performance in 
identifying water bodies in satellite images. 
 

 

Fig. 8. Confusion matrix. (a) KNN model, (b) RF model, (c) SVM model and (d) MLP model 

In Fig. 8b and Fig. 8d, the RF and MLP models demonstrate clear limitations in classifying the “water” class, with false 
negative counts of 51 and 76, respectively. These errors—where water pixels are misclassified as soil—occur more frequently 
than in the KNN and SVM models. A likely explanation lies in the spectral overlap between water and soil classes within the 
dataset (see Fig. 3). The consequences of this misclassification are evident in Fig. 12, where the RF and especially the MLP 
outputs display extensive mustard-colored regions, corresponding to areas where water was incorrectly labeled. 
 
In Fig. 8d, the MLP model achieved 236 true positives for the "soil" class—the highest among all evaluated models. It also 
reported only 19 false negatives, the lowest count compared to the other three algorithms. These results indicate that the MLP 
model made fewer errors when distinguishing soil pixels from water, demonstrating superior performance in the accurate 
identification of soil regions in satellite imagery. All models presented in Fig. 9 demonstrate excellent performance, especially 
for Class 3 (vegetation), where the area under the curve (AUC) reaches a value of 1, indicating perfect classification. For 
Classes 1 (water) and 2 (soil), the KNN model stands out with the highest AUC of 0.98, followed by RF and SVM, both with 
an AUC of 0.97. Meanwhile, the MLP model registers a slightly lower AUC, with values of 0.96 for Class 1 and 0.95 for 
Class 2. Overall, all models are highly effective, although KNN slightly outperforms the others in the performance of Classes 
1 and 2.  
 
Fig. 10 presents the training dynamics of the MLP model over 40 epochs, with Fig. 10a showing the evolution of the loss 
function and Fig. 10b depicting the accuracy metric for both training and validation sets. In Fig. 10a, a rapid and consistent 
decrease in loss is observed during the initial epochs, particularly within the first 10, reflecting effective parameter 
optimization. After this phase, the loss curves gradually stabilize, converging around epoch 30. Meanwhile, Fig. 10b illustrates 
that the accuracy curves for both sets remain closely aligned throughout the training process, suggesting good generalization 
and no evident signs of overfitting. Together, these plots indicate that the model learned efficiently and maintained stable 
performance across training and validation data. 
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Fig. 9. ROC Curves for Model Evaluation. (a) KNN model, (b) RF model, (c) SVM model, and (d) MLP model 

 

 

Fig. 10. Training Performance of the MLP Model. (a) Loss Function for training and validation sets, (b) Accuracy metric for 
training and validation sets 

 

Fig. 11. Metrics obtained on the test dataset 
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Fig. 11 presents the evaluation results of the models applied in this investigation using the test dataset. These results highlight 
the outstanding performance of the KNN model in satellite image classification and water body detection. KNN achieves the 
highest metrics, with accuracy (92.49%), precision (92.58%), recall (92.74%), and F1-Score (92.61%), demonstrating its 
remarkable ability to identify true positives and its efficiency in the proposed task.  Finally, Fig. 12 displays the predictions 
generated by the evaluated models. In subfigures 12a and 12c, corresponding to the KNN and SVM models respectively, a 
clear predominance of the "water" class is observed, with a more accurate identification of water bodies in the satellite 
imagery. In contrast, the predictions produced by the Random Forest and MLP models, shown in subfigures 12b and 12d, 
exhibit a lower detection rate for this class, thereby confirming the performance differences previously discussed. 
 

 

Fig. 12. Predictions made. (a) KNN model, (b) RF model, (c) SVM model and (d) MLP model 

4. Discussions 
 
The results obtained in this study confirm the robustness of the KNN algorithm for satellite image classification, particularly 
in water body detection. This behavior aligns with findings reported by Ferdous et al. (2020), who observed that KNN 
outperforms models such as decision trees and artificial neural networks in similar tasks. Similarly, Nivetha & Jensi (2020) 
highlighted its efficiency and accuracy compared to other algorithms, which reinforces its utility in remote sensing contexts. 
The Support Vector Machine model also demonstrated solid performance, with metrics close to those of KNN: 91.89% 
accuracy, 91.96% precision, 92.08% recall, and 92.01% F1-score. Although slightly lower, these values are consistent with 
previous studies such as that of Zhang et al. (2023), who reported 88.3% accuracy, and Baquerizo & Ventocilla (2022), who 
achieved 90.9% under supervised training conditions with limited data. Furthermore, Nitze et al. (2012) emphasize that SVM 
with RBF kernel stands out for its performance and stability compared to neural networks in satellite image classification. 
 
For its part, the RF model achieved 91.16% accuracy, indicating adequate performance, although below that of KNN and 
SVM. Nevertheless, it outperformed the MLP model in all evaluated metrics, which aligns with findings by Nitze et al. (2012), 
who recognize the effectiveness of RF in classification tasks with remote sensing images. The MLP model exhibited the 
lowest performance, with 88.38% accuracy, 89.27% precision, 89.14% recall, and 88.62% F1-score. These results suggest 
that, for the dataset used in this study, traditional machine learning models outperform neural networks in terms of accuracy 
and consistency. This trend has also been reported by Ferdous et al. (2020) and Shreyas et al. (2024), who observed similar 
results in satellite image classification contexts. Collectively, these findings demonstrate that model selection has a significant 
impact on the performance of remote sensing tasks. Under certain conditions—such as limited datasets or classes with similar 
spectral characteristics—classical algorithms may offer more reliable and interpretable results than neural network-based 
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models. For future research, it would be interesting to explore hybrid approaches or ensemble techniques that allow combining 
the strengths of different algorithms and improve generalization capability in more complex scenarios. 
 
5. Conclusions 
 
This study examined the integration of machine learning techniques with satellite image analysis, applying models such as 
SVM, KNN, RF, and MLP. The evaluation focused on their effectiveness in classifying satellite imagery and identifying 
distinct natural surface types—namely water, soil, and vegetation—within the study area. To build a robust dataset, satellite 
images were obtained through the Google Earth Engine platform, targeting the region affected by illegal mining activities 
known as “La Pampa”, located in Madre de Dios, Peru. The results highlight the strong performance of the KNN model, 
which achieved the highest metrics among the models evaluated: 92.49% accuracy, 92.58% precision, 92.74% recall, and a 
92.61% F1-score. Additionally, the experimental findings reveal comparable performance levels between KNN, RF, and 
SVM, reinforcing their reliability for satellite image classification tasks. These findings underscore the value of incorporating 
machine learning into remote sensing workflows—not only to enhance water resource monitoring, but also to inform more 
effective environmental policy-making. In regions like Madre de Dios, where illegal mining has caused significant ecological 
damage, such approaches can contribute meaningfully to impact mitigation, sustainable land management, and coordinated 
action among local, national, and international stakeholders. One notable limitation was the 30-meter spatial resolution of the 
Landsat 9 satellite, which constrained the precise delineation of certain surface classes. To address this, the sampling window 
was reduced to 3×3 pixels, and a large number of samples per class were collected to ensure dataset quality. While this strategy 
yielded representative data, it also limited the richness of spectral and spatial information available for analysis. 
 
Future research should consider the use of higher-resolution satellite imagery and the implementation of advanced 
preprocessing techniques to improve classification accuracy and broaden the applicability of these methods to more complex 
and diverse environmental contexts. 
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