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Abstract: The objective of this study was to evaluate the performance of three machine learning models for
classifying and delineating critical contamination zones in a polymetallic tailings pond. Four hundred samples
(water and soil) were analyzed using physicochemical variables (pH, electrical conductivity (EC), lead (Pb), and
copper (Cu)). The methodology implemented Random Forest (RF), Support Vector Machine (SVM), and K-Nearest
Neighbors (KNN), evaluated through 10-fold cross-validation, reporting the mean and standard deviation. The
results showed that complexity is matrix-dependent: water data exhibited linear separability, allowing for perfect
classification (1.0 ± 0.0), while soil data showed non-linear overlap. In this complex scenario, RF emerged as the
most robust model, achieving an accuracy of 0.980 ± 0.033 and an F1-score of 0.989 ± 0.019, surpassing the stability
of SVM and KNN. It is concluded that RF is the most effective tool to minimize the risk of false negatives in spatial
delimitation, guaranteeing accurate environmental remediation.

Keywords: Predictive model; Random Forest; Support Vector Machine; K-Nearest Neighbors; Machine learning;
Decision frontiers

1 Introduction

Mining is currently a fundamental pillar of global economic development, serving as a major source of
employment and investment in countries with abundant mineral resources. However, when it lacks responsible
environmental management and a strong social commitment, it can generate significant negative impacts, most
notably pollution [1].

The presence of environmental mining liabilities (EML) and generally abandoned tailings constitutes a major
environmental challenge, since heavy metals can disperse into the environment due to the action of wind, surface
runoff and water infiltration, which facilitates their mobilization and transport to surrounding areas [2]. Metals
such as mercury (Hg), lead (Pb), arsenic (Ar), cadmium (Cd), and zinc (Zn) are often present in these wastes in
chemically reactive forms or bound to unstable minerals, which increases their ability to dissolve and migrate in the
environment [3]. This leads to its incorporation into the food chain, where it bioaccumulates and reaches toxic levels
that threaten wildlife and human health [4].

In Peru, the origin of environmental liabilities (EPAs) dates back to ancestral mining activity, but their
management is a contemporary challenge. The official inventory of these liabilities remains alarming. According to
the latest update from the Ministry of Energy and Mines (MINEM) through Ministerial Resolution No. 338-2025-
MINEM/DM, the national inventory comprises 6,122 EPAs [5].

Of that total, the La Libertad region has 135 Environmentally Disturbed Areas (PAMs) distributed across
provinces such as Patáz, Julcán, Otuzco, Santiago de Chuco, Sánchez Carrión, Gran Chimú, Virú, and Quiruvilca,
the latter being a particularly representative case of this problem. Decades of mining activity have generated EPAs
that have contributed to the contamination of the Moche River with heavy metals, causing social conflicts due to the
health risks posed to nearby communities [6].
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Addressing the management and evaluation of this problem requires a simultaneous analysis of multiple
physicochemical variables. Pollution is not uniform but varies spatially according to a set of variables such as
metal concentration, pH, and conductivity. This complexity makes it difficult to model using traditional methods,
especially in scenarios characterized by nonlinear relationships and class imbalances. In this context, machine
learning approaches emerge as robust tools capable of processing large volumes of multivariate data to effectively
classify and delineate critical pollution zones.

Recent research has demonstrated the potential of machine learning to address classification and decision-making
problems in complex systems. Bertl et al. [7] demonstrated how machine learning can transform complex rules
into computational structures to generate automated and explainable decisions. In the mining field, the K-Nearest
Neighbors (KNN) algorithm has been applied in various mining contexts with varying results in terms of its
predictive performance. Are an example of this Kamran et al. [8], they demonstrated achieving 96% accuracy in risk
classification using ISOMAP and Fuzzy C-Means. However, their effectiveness depends critically on the context. In
this regard, Liu et al. [9] integrated the KNN as one of the base models in a stacking assembly scheme to evaluate
the stability of excavations, where, although individually it was not the best, its collective contribution was crucial
for the hybrid model to achieve an accuracy of over 92%.

For its part, the Support Vector Machine (SVM) algorithm has demonstrated high performance in various
engineering applications. Wang et al. [10] reported that this model achieved exceptional performance in identifying
coal and gangue, with an accuracy of 98.3%, significantly outperforming other algorithms such as KNN and Neural
Networks. Huang and Zhou [11] used SVM as the base technique in a hybrid model (CS-BSVM) which, combined
with assembly and optimization strategies, achieved an accuracy of 0.86 in the stability analysis of underground
excavations. Liu et al. [12] implemented an optimized SVM model with the Slime Mold algorithm to predict tailings
discharge volume, which demonstrated greater predictive accuracy compared to other models, with an average
relative error of less than 25%, confirming its effectiveness in real engineering scenarios. Shoaib et al. [13] applied
supervised models to a high-dimensional problem, concluding that SVM was the most effective algorithm (90%
accuracy) for establishing optimal boundaries between different classes.

Additionally, the Random Forest (RF) algorithm has proven effective in various mining and environmental
applications. Qi et al. [14] used an RF model optimized with Bayesian optimization that achieved exceptional
predictive performance (R2 = 0.99 in training and 0.965 in testing) to predict forms of occurrence of elements in
mining waste. Şimşek et al. [15] developed an RF regression model that reliably predicted the iron grade in magnetic
concentrates, achieving an R2 of 0.735 and identifying key operating parameters through feature importance analysis.
Mishra et al. [16] applied RF, along with other algorithms, to evaluate lithium tailings applications, contributing to
the consensus on their technical feasibility and environmental safety, thus supporting circular economy initiatives in
the mining industry.

Despite these advances, a gap exists in the literature regarding the direct comparison of these specific models
for the spatial delimitation of critical zones in polymetallic tailings liabilities. While previous studies validate the
individual utility of these algorithms, their comparative performance when integrating specific physicochemical
parameters (pH, conductivity, Pb, and Cu) to define precise decision boundaries in complex contamination scenarios
has not been sufficiently evaluated.

In this context, the present study aims to evaluate the performance of three machine learning models for the
classification and spatial delimitation of critical contamination zones generated by mining EPAs in a polymetallic
tailings dam located in Quiruvilca. To this end, the specific objectives are: (1) to analyze the physicochemical
characteristics of the water and soil of the mining tailings, including the concentration of heavy metals (Pb and Cu),
pH, and electrical conductivity (EC), for processing in ML models; (2) implement RF, SVM, and KNN models for
estimating decision boundaries in the classification of critical pollution zones; (3) evaluate the performance of the
models using accuracy (global precision) metrics, confusion matrices, and the precision report; and (4) compare the
results obtained to identify the model with the greatest robustness in the spatial delimitation of polluted zones.

The manuscript is structured as follows: Section 2 describes the methodology, detailing the physicochemical
variables (heavy metals, pH, and EC) and the implementation process of the selected predictive models (RF, SVM,
and KNN). Section 3 presents the results and discussion, outlining the performance findings for each model and
comparing them to identify the algorithm with the greatest accuracy in the spatial delimitation of critical zones.
Finally, Section 4 presents the study’s conclusions and describes future research directions.

2 Methodology
2.1 Data Collection

The research is based on the collection of a dataset obtained from water and soil samples collected directly from
an abandoned polymetallic tailings dam in Quiruvilca, located in the La Libertad region, Peru. 400 samples were
collected distributed at strategic points of the tailings body, both surface water and soil, which were analyzed in the
laboratory following technical protocols of environmental quality. The analyses included the determination of the
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parameters pH, EC, concentration of Pb, and Cu, selected for their relevance in the identification of contamination
processes and acid mine drainage. The values obtained constitute the database used for the development of machine
learning models, aimed at the classification and delimitation of critical areas.

2.2 Data Processing and Validation

In order to guarantee the quality and reliability of the information obtained, a process of review, filtering and
validation of data was carried out before the use of the machine learning models. The records were reviewed in order
to identify possible typing errors, duplicity or missing values. Which were corrected. Subsequently, the data were
organized in a single table, assigning a coding to the sampling points to facilitate their processing, as well as with the
parameters pH, EC, Pb, and Cu. In this way, a clean and reliable dataset was obtained, suitable for the development
of predictive models (see Table 1).

Table 1. Clean data

Variables Parameters P1 P2 P3 P4 . . . P200

Water

pH 1.88 1.79 1.90 1.84 . . . 6.54
EC 10.68 12.84 10.66 11.82 . . . 1.05
Pb 1.05 1.23 0.90 0.76 . . . 0.18
Cu 50.06 49.19 50.62 49.17 . . . 0.88

Soil

pH 5.83 6.76 5.65 6.41 . . . 6.66
EC 1.52 1.02 1.68 1.29 . . . 2.62
Pb 100.92 95.00 98.96 99.96 . . . 0.12
Cu 66.20 68.20 66.88 67.56 . . . 1.55

Notes: EC = electrical conductivity; Pb = lead; Cu = copper.

2.3 Preparing Data for Modeling

After completing the data cleaning, to ensure homogeneity across scales and prevent variables with larger units
of measurement from dominating the process, the input features were standardized (scaled), a crucial step for
the optimal performance of distance-based models such as SVM and KNN. For hyperparameter optimization, the
GridSearchCV technique was applied, which works by systematically testing all possible combinations of predefined
hyperparameter values on a grid [17]. Finally, the robustness and generalizability of the models were evaluated using
10-fold cross-validation, an approach that averages performance across ten subsets of data, ensuring data reliability.

2.4 Maximum Permissible Limits

The maximum permissible limit (MPL) is defined as a statistical threshold that acts as a critical boundary for
classification. Test characteristics that exceed this limit are identified as a statistical outlier, labeled as potentially
defective or high-risk, as it presents a significant risk of exceeding the allowable operating limits [18]. The specific
MPL used in this study to determine the risk categories are detailed in Table 2.

Table 2. Maximum permissible limits (MPL)

Variables Parameters Units MPL

Water

pH - 6–9
EC mS/cm 1.5
Pb mg/L 0.4
Cu mg/L 1

Soil

pH - 6–8
EC mS/cm 150
Pb mg/kg 63
Cu mg/kg 4

Notes: EC = electrical conductivity; Pb = lead; Cu = copper.

2.5 Machine Learning

Machine learning is a branch of AI that allows computer systems to learn from experience. Instead of relying
on predefined formulas or models, machine learning algorithms employ computational methods that extract patterns
directly from data. As more information is available to train the model, its performance will improve progressively
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and adaptively. In supervised learning, the goal is to develop a model capable of predicting outcomes in the face of
new data. This approach uses datasets in which both the expected inputs and outputs are known, so that the algorithm
can be trained to generate accurate responses to unpublished information. This type of learning uses classification
and regression techniques to build effective predictive models [19].

2.6 Support Vector Machine Algorithm

SVM is a supervised learning model used primarily in classification and regression problems; such application
is prevalent in areas such as signal processing. The fundamental principle of this method is to find a hyperplane
that allows to optimally separate different classes, in a two-dimensional space, this hyperplane is represented with
a line while in a space of different dimensions it takes the shape of a plane, depending on the number of variables
or characteristics analyzed. Although there may be several possible hyperplanes. SVM maximizes the separation
margin, i.e. the distance between hyperplane and the nearest data points of each class [20] (Figure 1).

Figure 1. Decision frontier

The decision boundary is obtained from the decision function of the SVM model, which is expressed mathematically:

f(x) =

n∑
i=1

αiyiK (xi, x) + b (1)

where, αi are Lagrange’s multipliers, γi represents the close labels, K (xi, x) is the Kernel function, and b is the
term bias.

2.7 Random Forest Algorithm

RF is a versatile tool, ideal for analyzing complex data sets. This technique is applicable to both classification
and regression problems, and its power lies in combining multiple decision trees. This collective approach improves
the accuracy of predictions and minimizes variance error, based on statistical principles such as bagging and
bootstrap [21]. In addition, it stands out as an evolution of classical statistics that enhances the capabilities of
technological mechanisms. To fully understand it, it is essential to familiarize yourself with the concept of bootstrap
sampling, the foundation on which this model is built [22]. In regression problems, RF is calculated through the
average of the predictions of each decision tree in the forest [23].

ŷ(x) =
1

B

B∑
b=1

Tb(x) (2)

where, B is the total number of trees, Tb(x) is the value predicted by the b-tree for input x.

2.8 K-Nearest Neighbors Algorithm

KNN, despite its conceptual simplicity, is recognized as a fundamental technique of local regression as shown
in Figure 2. Their logic is based on the assumption that, in a small, local region of the data space (the nearest
neighbors), the conditional mean, which represents the optimal prediction, remains approximately constant [24].

It is a supervised learning model that operates under the principle of proximity: it assumes that data is nearby. To
predict a new point, the model identifies its nearest K neighbors of the training set, as measured by a distance metric
(Euclidean). The final prediction is determined by majority voting (the most frequent class) for classification or by
the average of the neighbors’ values for regression. The Euclidean distance is calculated with the following formula:

d(x, y) =

√√√√ n∑
i=1

(xi − yi)
2 (3)
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where, xi are the coordinates of points in x-axis space, yi are the coordinates of points in y-axis space and n is the
number of dimensions.

Figure 2. K-Nearest Neighbors (KNN) graphic representation

2.9 Performance Metrics
2.9.1 Accuracy

It is one of the most widely used measures to evaluate the performance of classification models in machine
learning. Its main function is to determine the overall accuracy of the model, i.e. how many predictions made match
the actual values. This metric is expressed by the formula:

Accuracy =
Number of correct predictions
Total number of predictions

(4)

In addition, it provides a general measure of the accuracy of a classification model, indicating how often
predictions match real classes. However, its interpretation may be limited when there is an imbalance in the
distribution of classes, since a model could obtain high accuracy by predicting predominantly the majority class,
without reflecting balanced performance in all categories [25].
2.9.2 Confusion matrix

The confusion matrix is a critical tool for evaluating the performance of classification models in machine learning.
It is represented as a square table of dimension N × N, where N corresponds to the number of classes or categories
in the model. In it, the columns indicate the actual values, and the rows show the values predicted by the model.
Each cell reflects the number of instances ranked in a specific combination of real and predicted classes, allowing
Distinguish between successes and errors. In its simplest form (binary classification), the matrix is composed of four
elements: true positives (TP), false positives (FP), false negatives (FN), and true negatives (TN) [26].
2.9.3 Accuracy report

The accuracy report is a statistical tool used to evaluate the performance of classification models, showing key
metrics derived from the confounding matrix, such as accuracy, recall, and F-measure. According to Powers [27]
accuracy is defined as the proportion of cases predicted as positive that actually are, expressed by the formula:

Precision =
TP

TP + FP
(5)

where, TP are the true positives and FP are the false positives.
This metric reflects the degree of confidence that can be had in the positive predictions of the model. For

its part, recall measures the model’s ability to correctly identify all real positive cases, while F1 combines both
metrics through its harmonic average, providing a balance between accuracy and sensitivity. Powers warns that these
measures, while useful, can be biased if they are applied without considering the level of prevalence of classes or
chance, as they ignore correctly classified negative cases.
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2.10 Procedure

The procedure is presented in Figure 3. This figure details the steps that will be followed during the research
process with the aim of evaluating machine learning models for the classification and spatial delimitation of critical
areas of contamination in a polymetallic tailings dam.

Figure 3. Research flowchart

2.11 Population

The study population is made up of the total number of sampling points (water and soil) with their corresponding
physicochemical characteristics (concentration of heavy metals, pH, EC) within the area of direct influence of the
abandoned polymetallic tailings dam in Quiruvilca.

2.12 Sample

In this study, the total dataset consists of 400 records collected directly from the tailings pond (200 water and
200 soil). Since the objective is predictive modeling using machine learning, all available samples were used as
the study population to ensure a robust representation of the site’s physicochemical variability. This sample size is
sufficient for the convergence of the proposed classification algorithms and cross-validation of 10 folds.

2.13 Study Design

This study is framed in a quantitative approach, since it allows the analysis of numerical data for the classification
of pollution areas. Variables of interest, such as metal concentration (Pb and Cu), pH, and EC, are statistically
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measured and processed. A comparative and evaluative design was chosen in order to implement, train and measure
the performance of three machine learning algorithms (RF, SVM and KNN) to determine which one offers the highest
precision in the delimitation of critical pollution zones. To guarantee the validity of the results and the robustness of
the predictive models, the 10-Fold Cross-Validation technique was implemented, which consists of dividing the data
into 10 stratified parts, using nine parts to train and one to validate, until calculating the average accuracy that will
determine the most reliable model [28].

3 Results

Following the methodology and objectives of the research, this section presents the performance of the RF, SVM,
and KNN models.

3.1 Data Processing

To ensure the accuracy and robustness of the prediction models, the 400 collected records (200 water and 200
soil) were processed and characterized. A normative classification was performed, labeling each sample as Class
0 (Uncontaminated) or Class 1 (Contaminated), applying the MPLs for our variables. For this integration, a strict
environmental safety criterion was adopted: a sample was labeled as Class 1 if at least one of the four parameters
(pH, EC, Pb, or Cu) exceeded its respective MPL. Conversely, the Class 0 label was assigned only when all analyzed
parameters were within the permitted ranges. Furthermore, K-fold cross-validation (10 folds) was used during
training to ensure that the models could accurately generalize to unseen data, guaranteeing the reliability of the
findings.

3.2 Defining Input and Output Parameters for Predictive Models

Four input variables were defined, which consist of the physicochemical characteristics analyzed in the 400
samples. The output variable is the “Class”, which is a categorical value determined by the normative classification
of the MPL (see Table 3).

Table 3. Variable selection

Variables Cant. Guy Input/Output
pH 400 float Input

Electrical conductivity (EC) 400 float Input
Lead (Pb) 400 float Input

Copper (Cu) 400 float Input
Class 400 integer Output

3.3 Exploratory Analysis and Normative Classification

By applying the MPL (Table 4) to each dataset, I yield two distinct modeling scenarios, each representing a major
challenge for the algorithms. The classification of the water samples resulted in a dataset with a balance of 150
contaminated samples (Class 1) and 50 uncontaminated samples (Class 0). This set represents a high separability,
constituting a basic challenge, to test the ability of the models to achieve optimal accuracy in a controlled and low
complexity scenario. On the other hand, the classification of the soil samples revealed a highly complex scenario.
The result was a severe class imbalance, yielding 174 contaminated samples (Class 1) and 26 uncontaminated
samples (Class 0), this represents an advanced challenge, since the models must handle a high nonlinear overlap in
the data and must correctly identify the minority class, testing the robustness and optimization of each algorithm.

Table 4. Class balance

Tuition Water Samples Soil Samples
0 50 26
1 150 174

This difference in the nature of the water data is confirmed in the exploratory analysis as seen in Figure 4. Scatter
plots (Pair Plots) show two clearly defined groups of points (Class 0 and Class 1) occupying distinct regions in the
feature space.

As shown in Figure 4, a complete scatter plot is presented, visualizing the pairwise relationships between all
the physicochemical variables. Taking the intersection of pH (x-axis) and EC (y-axis) as a specific example, the
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separation is complete: the red dots (Class 1, Contaminated) form a clear cluster in the upper left corner, indicating
low pH (acidic) and high conductivity. Conversely, the blue dots (Class 0, Uncontaminated) are clustered in the
lower right corner (basic pH, low conductivity). This arrangement in opposite corners visually confirms that, for
water, there is a scenario of low complexity and high linear separability.

The box plots in Figure 5 strongly reinforces this conclusion. They demonstrate that there is complete separation
between the classes for all four variables analyzed. The interquartile ranges (the boxes) of Class 0 and Class 1 do
not overlap. A clear dichotomy is observed, where the uncontaminated samples (Class 0, blue) consistently show a
high pH and low levels of EC, Pb and Cu, while the contaminated samples show an opposite pattern; very low pH
and drastically higher levels of EC, Pb and Cu.

In contrast, the scatter plots (pair plots) of the soil samples show a clear complexity as can be seen in Figure 6.
There is an imbalance of Classes, because in the diagonal, the red density curves (Class 1) are massive, while the
blue curves (Class 0) are tiny, in addition there is a high overlapping (Overlapping), in all scatters plots the blue dots
are mixed within the swarm of red dots.

The box plots (Figure 7) reinforce this conclusion of the high complexity of the soil. Unlike the water graphs,
where the boxes were properly separated, here the ranges of the Class 0 (blue) and Class 1 (red) boxes overlap
significantly in almost all variables, especially in EC, Pb and Cu. This overlay indicates a lack of a clear separator,
for example, the EC graph shows that the Class 0 range is almost completely contained within the Class 1 range.
This means that no single variable is sufficient to reliably classify the data.

Figure 4. Scatter plot by class (water)

Figure 5. Distribution of variables by classes (water)
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Figure 6. Scatter plot by class (soil)

Figure 7. Distribution of variables by classes (soil)

3.4 Training and Validation of Predictive Models

To address the challenges of each dataset, a hyperparameter optimization (tuning) process was implemented for
each of the trained models (RF, SVM, and KNN) using GridSearchCV. Furthermore, to ensure robust analysis in
the soil sample imbalance scenario, the class weight = balanced parameter was enabled in RF, and the “F1-Score
(Macro)” metric was used for optimization in SVM. The performance of the optimized models was validated using
10-fold cross-validation.

All three models in the water sample challenge achieved perfect performance, as shown in Table 5, reaching
100% in all evaluation metrics. This suggests high data separability, as evidenced in the visual exploration (Figure 4
and Figure 5). To mathematically confirm this observation and rule out overfitting, further experimental validation
was performed by implementing a linear kernel SVM. This simple model also achieved absolute accuracy (1.0 ±
0.0), demonstrating that the complexity of nonlinear models is redundant for this specific matrix. Detailed results
for all models are presented in Table 5.

On the other hand, significant differences emerged in the soil data scenario. Although optimization improved
overall performance, RF demonstrated clear superiority in both accuracy and stability. Table 6 details that RF obtained
the highest Accuracy (0.980 ± 0.033) and the highest F1-Score (0.989 ± 0.019). This performance surpasses that of
SVM (Accuracy: 0.965 ± 0.050; F1-Score: 0.980 ± 0.030) and KNN (Accuracy: 0.960 ± 0.037; F1-Score: 0.976
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± 0.021). Considering that the F1-Score is the most critical metric for class imbalance, and observing the lower
dispersion in the RF results, it is confirmed as the most robust and balanced model.

Table 5. Performance metrics (water)

Model Random
Forest (RF)

Support Vector Machine
(SVM)

K-Nearest Neighbors
(KNN)

SVM
(Lineal)

Accuracy 1.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0
Precision 1.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0

Recall 1.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0
F1-Score 1.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0

Note: 1. Values represent the mean ± standard deviation obtained through 10-fold cross-validation. 2. SVM (Radial Basis Function): standard
model optimized using the Radial Basis Function kernel for nonlinear pattern detection. 3. SVM (Linear): additional implementation model

with a linear kernel to empirically verify the linear separability hypothesis in water samples.

Table 6. Performance metrics (soil)

Model Random Forest (RF) Support Vector Machine (SVM) K-Nearest Neighbors (KNN)
Accuracy 0.980 ± 0.033 0.965 ± 0.050 0.960 ± 0.037
Precision 0.989 ± 0.033 0.988 ± 0.035 0.978 ± 0.037

Recall 0.989 ± 0.021 0.973 ± 0.036 0.976 ± 0.030
F1-Score 0.989 ± 0.019 0.980 ± 0.030 0.976 ± 0.021

3.5 Analysis of Results

The results in section 3.4 already presented a clear contrast in model performance. While all three optimized
models achieved 100% perfect performance with water samples (Table 5), the metrics for soil sample results (Table 6)
identified RF as the superior model (98.0%), ahead of SVM (96.5%) and KNN (96.0%). Analyzing the confusion
matrices and decision boundaries is crucial to understanding why the SVM and KNN models underperformed with
soil samples and the practical implications of their errors.

As expected from the perfect metric results (100%), the confusion matrices (Figure 8) confirm that all three
models (RF, SVM, and KNN) classified all 200 water samples without error.

Figure 8. Confusion matrices (water): (a) Random Forest; (b) Support Vector Machine; (c) K-Nearest Neighbors

Through the decision boundaries (Figure 9) it is visualized how the three models draw clear boundaries that
successfully separate the “Uncontaminated” samples from the “Contaminated” ones, validating their performance
capacity in a low-complexity scenario.
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Figure 9. Decision boundaries (water): (a) Random Forest; (b) Support Vector Machine; (c) K-Nearest Neighbors

The analysis of the soil scenario reveals the true complexity of the problem. Unlike with water, the cross-
validation metrics (Table 6) indicate that no model achieved absolute perfection, which is consistent with the
nonlinear overlap of the classes. However, the confusion matrices confirm the superiority of RF, which significantly
minimized classification errors, achieving the greatest stability (F1-Score: 0.989 ± 0.019). In contrast, the SVM and
KNN models exhibited higher error rates (Accuracy: 0.965 and 0.960, respectively). Specifically, SVM struggled to
identify all critical samples, producing four false negatives by misclassifying four contaminated samples (Class 1) as
uncontaminated (Class 0), resulting in lower sensitivity (Recall: 0.973) compared to the adaptability of RF (Recall:
0.989).

The confusion matrix for KNN (Figure 10c) shows an absence of classification errors in the critical class because
its decision criterion based on Euclidean proximity allows it to adapt to local islands of contaminated data without
being forced to generalize a rigid global boundary. However, although KNN matched RF in identifying positives in
this instance, its larger standard deviation in cross-validation (Table 6) suggests that its accuracy depends more on
the specific distribution of the training data than that of RF.

Figure 10. Confusion matrices (soil): (a) Random Forest; (b) Support Vector Machine; (c) K-Nearest Neighbors

The reason for this SVM failure is analytically explained by the nature of its optimization: by attempting to
maximize the separation margin with a smooth boundary (Figure 11b), the SVM is unable to circumvent irregular
intrusions in the minority class, losing sensitivity in overlapping areas. In contrast, locality- and partition-based
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algorithms, such as KNN and RF, demonstrated a superior ability to model these irregularities.

Figure 11. Decision boundaries (soil): (a) Random Forest; (b) Support Vector Machine; (c) K-Nearest Neighbors

It should be noted that visualizing decision boundaries involves dimensional simplification, as it is impossible
to graph the real hyperplane in a 4-dimensional space. Therefore, the pairs of variables with the most important
characteristics were selected for each matrix. In the case of water (Figure 9), pH and Cu were projected, given that
extreme acidity (pH) is the strongest physical discriminant in acid drainage, allowing for a clear linear separation.
On the other hand, for soil samples (Figure 11), where pH is less decisive, Pb and Cu were selected, since the
concentration of these heavy metals constitutes the dominant predictive factor in the solid matrix. This distinction
clearly illustrates the models’ strategy: while separation is trivial in water, in soil the inability of the smooth SVM
boundary to handle the complex overlap between metals is evident, in contrast to the precise, nonlinear boundaries
that RF and KNN manage to define.

Figure 12. Comparative performance bar charts: (a) Model performance (water); (b) Model performance (soil)
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This section concludes with a visual summary of the performance obtained in both scenarios, allowing for
immediate identification of the optimal model. Figure 12 presents a graphical comparison of the key metrics
(Accuracy, Precision, Recall, and F1-Score) for the optimized models on the water and soil datasets.

The performance graph of the models with water samples (Figure 12a) demonstrates the ability of all three
algorithms to solve a basic challenge, showing perfect 100% performance across all metrics. In contrast, the
difference in height of the soil bars (Figure 12b) magnifies the performance disparity. RF’s F1-Score is the highest
(0.989 ± 0.019), confirming its role as the most robust model. While KNN showed competitive performance, its
overall Accuracy (0.960 ± 0.037) and F1-Score (0.976 ± 0.021) metrics place it below RF in terms of predictive
power and stability. This numerical difference validates RF as the essential tool for ensuring spatial delimitation of
critical areas with maximum precision and the lowest risk of error.

4 Discussion
4.1 Discussion of Results

The superiority of RF is not a coincidence, but a direct validation of its inherent capabilities. The model’s
excellent performance (F1-Score: 0.989 ± 0.019) aligns with previous research, such as that by Qi et al. [14], who
demonstrated RF’s ability to achieve exceptional predictions in complex environments. Our study confirms this,
showing how the RF architecture is capable of creating nonlinear boundaries (Figure 11a) that effectively resolve the
high class overlap in the ground.

Furthermore, although authors such as Shoaib et al. [13] highlighted the effectiveness of SVM in high-dimensional
problems, our analysis demonstrates that, in the specific context of severe imbalance and fuzzy boundaries, this model
presents critical limitations. A forensic analysis of the four samples that SVM failed to detect (False Negatives)
reveals that they share a distinctive characteristic: they are “borderline” instances (borderline cases) with high
physicochemical ambiguity. These samples exhibit Pb and Cu concentrations that only marginally exceed the MPLs,
while their pH and EC values are similar to those of the uncontaminated group. Because SVM optimization
prioritizes maximizing the overall margin to ensure a smooth boundary, the algorithm tended to treat these local
points as noise, incorrectly classifying them as safe. In contrast, RF’s ability to segment the space using hierarchical
decision rules allowed it to isolate and correctly classify these subtle anomalies, validating the need for robust tools
for environmental safety, as suggested by Bertl et al. [7].

4.2 Practical Application and Implementation Considerations

The superiority demonstrated by RF translates into a clear benefit of cost optimization and accuracy in the field.
The model’s robustness allows for precise geospatial delineation, which is essential for distinguishing contaminated
from uncontaminated areas. A crucial benefit is the reduction of costs associated with false negatives, eliminating
the risk of leaving critical contamination zones untreated. This prevents the escalation of risks and the high future
costs associated with delayed remediation.

The successful implementation of this predictive model requires overcoming operational challenges and establishing
a suitable technological infrastructure. Furthermore, robust data collection systems using sensors or standardized
protocols are essential for quickly obtaining input parameters. Finally, training personnel is also fundamental so they
understand and trust the predictive tool, ensuring effective management and its scalability to other areas of mining
liabilities.

5 Conclusions
5.1 Key Findings, Implications and Contributions

The training and evaluation of three machine learning models (RF, SVM, and KNN) for classifying contamination
zones in a polymetallic tailings pond yielded the following results.

The complexity of the classification problem depends on the analyzed matrix (Water vs. Soil). The analysis
of water data revealed a simple and linearly separable problem, while the soil data presented a complex, nonlinear
problem with a high degree of class overlap.

The RF model emerged as the most robust and reliable algorithm for complex scenarios, maintaining superior
predictive performance with an Accuracy of 0.980 ± 0.033 and an F1-Score of 0.989 ± 0.019 in the soil data. This
performance significantly surpasses that of SVM (0.965 ± 0.050 Accuracy) and KNN (0.960 ± 0.037 Accuracy). In
contrast to the water data, where all models achieved excellent accuracy of 100%.

In terms of applicability, the performance difference between the models is crucial. While the use of suboptimal
algorithms such as KNN or SVM would imply assuming a latent error rate and lower sensitivity to contaminants, RF
proved to be the only tool capable of guaranteeing the necessary stability (Recall: 0.989 ± 0.021) for safe remediation.
Consequently, the main contribution of this study is not only the metric comparison, but also the validation that
ensemble learning models are structurally superior to distance- or margin-based methods for resolving the nonlinear
complexity of mining-related EPAs.
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5.2 Limitations of the Study and Future Lines of Research

This study has certain limitations. First, the analysis is restricted to a set of 400 samples (200 water and 200
soil) from a single polymetallic tailings dam (Quiruvilca), which may limit the generalization of the results to other
mines with different geological conditions. Second, the predictive model was based on four characteristics (pH, EC,
Pb, and Cu); The inclusion of other relevant heavy metals could alter the behavior of the model.

Future lines of research focus on validating the robustness of this methodology by applying the RF model
in other tailings dams in Peru. It is also suggested that the dataset be expanded to include a broader spectrum
to include variables, physicochemical. Finally, this RF model could be adapted for integration into automated
monitoring platforms, allowing real-time classification of contamination and optimizing the efficiency of closure and
environmental remediation plans.
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MPL Maximum permissible limit
ŷ Predicted value
Nt Number of trees in random forest
x, y Coordinates or features of data samples
αi Lagrange’s multipliers
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γi Close labels
K(xi, x) Kernel function
b Term bias
xi Coordinates of points in X-axis space
TP True positives
FP False positives
TN True negatives
FN False negatives
n Sample size
N Population size
Z Confidence level
E Error rate
S Standard deviation

Greek symbols

Σ Summation operator
µ Mean value (in feature standardization)
σ Standard deviation (in data scaling)
∆ Difference or variation (used in accuracy/error expressions)

Subscripts

0 Class 0–uncontaminated sample
1 Class 1–contaminated sample
train/test Training and testing subsets in cross-validation
RF/SVM/KNN Refers to model in metrics or figures
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