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 The sustained increase in mining waste, particularly in the form of tailings, poses 
a significant environmental and economic challenge, especially in contexts where 
these deposits retain residual metal content. This study assessed the gold potential of 
Tailings Deposit I at La Cienega (Peru) by integrating geostatistical estimation and 
machine learning models optimized through metaheuristic algorithms. The 
methodology involved geochemical characterization, three-dimensional estimation 
using Ordinary Kriging (OK) as a geostatistical method, and prediction of gold 
grades through three models: XGBoost optimized with Particle Swarm Optimization 
(XGB+PSO), Support Vector Regression with Genetic Algorithm (SVR+GA), and 
Random Forest optimized using Ant Colony Optimization (RF+ACO). Estimates 
were validated using Leave-One-Out cross-validation and performance metrics 
including RMSE, MAE, Bias, and correlation coefficient (R). The RF+ACO model 
achieved an RMSE of 0.32 ppm, MAE of 0.24 ppm, Bias of 0.006, and an R value 
of 0.56. Average predicted grades ranged from 1.14 to 1.33 ppm, with estimated gold 
contents between 981.00 and 1,147.12 ounces, while OK yielded 1,028.77 ounces at 
an average grade of 1.19 ppm. These findings suggest that properly optimized 
machine learning models can provide reasonable estimates of metal content in 
tailings, particularly in settings characterized by high spatial heterogeneity and 
limited geological continuity. 
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1. Introduction 

In recent decades, the intensification of mining 
activity driven by the growing demand for strategic 
metals has led to an unprecedented accumulation of 
industrial waste, with mine tailings representing 
one of the most voluminous and persistent 
byproducts [1, 2]. It is estimated that over 95% of 
extracted material is ultimately discarded as 
tailings, generating between five and seven billion 
tonnes annually worldwide [3, 4]. While the mining 
industry is essential for the energy transition and 
sustainable development, managing such waste 
presents large-scale technical, economic, and 
environmental challenges. Recent studies have 
emphasized that mine tailings, when analyzed 
using advanced predictive tools, provide valuable 

insights not only into resource recovery but also 
into long-term environmental behavior [5, 6].  

In the case of gold mining, low processing 
efficiency often results in a significant fraction of 
the metal remaining trapped within sulfide mineral 
matrices such as pyrite, arsenopyrite, and 
pyrrhotite, which are subsequently discarded along 
with the tailings [7–9]. These residual 
accumulations not only represent an underutilized 
resource but also act as active sources of pollution 
when exposed to oxygen and water, generating acid 
mine drainage and releasing heavy metals [10, 11]. 
Additionally, abandoned tailings facilities pose 
physical risks due to structural instability, and their 
management frequently falls under public 
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responsibility in the absence of clearly defined 
ownership [12, 13]. 

In response to this issue, the concept of circular 
mining has gained momentum, advocating for the 
revalorization of tailings as secondary sources of 
critical metals and industrial materials [14–19]. 
Recovery of elements such as Au, Cu, Co, In, and 
Ag has been reported from tailings in various 
geographic settings, using methods ranging from 
froth flotation and direct leaching to reuse in 
construction materials [20–24]. Furthermore, 
recent studies have shown that spatial analysis 
through geostatistics enables more precise 
quantification of the geochemical heterogeneity of 
such deposits, thereby supporting robust 
estimations of their economic value [10, 25–34]. 

In parallel, advances in data science have 
fostered the incorporation of machine learning 
(ML) algorithms to predict mineralogical and 
metallurgical properties, often outperforming 
classical approaches such as Ordinary Kriging 
(OK) [35–37]. Tools such as Random Forest, 
XGBoost, Support Vector Regression (SVR), and 
neural networks have been successfully applied to 
grade estimation in iron, copper, and gold deposits, 
demonstrating high coefficients of determination 
and superior adaptability to nonlinear relationships 
[38–40]. These capabilities have been enhanced 
through optimization techniques based on 
metaheuristics such as particle swarm 
optimization, genetic algorithms, or bee colony 
optimization, allowing for improved 
hyperparameter tuning and greater predictive 
accuracy in geologically complex environments 
[41–43]. In geological mapping and lithological 
classification, ensemble models such as StackingC 
and AdaBoost have also demonstrated high 
accuracy and generalizability [44–46]. These 
techniques are especially effective in complex 
terrains where traditional models struggle with 
non-linearity. 

Machine learning models have also proven 
effective when integrated with geochemical fractal 
methods and deep learning-wavelet fusion 
techniques, offering novel strategies for 
geochemical anomaly detection and mineral 
prospectivity mapping [5, 47]. These hybrid 
frameworks highlight the potential of combining 
spatial statistics with AI in mineral exploration and 
critical element recovery [48]. 

In Peru, a country with strong economic 
dependence on mining and an extensive inventory 
of environmental liabilities, tailings deposits 
represent both a latent environmental hazard and an 
underexploited economic resource. The La 

Cienega deposit, located in the La Libertad region, 
has been documented in terms of its mineralogical 
characterization and socio-environmental risks 
[49–51], but lacks studies employing advanced 
predictive methods to quantify its reprocessing 
potential. 

The novelty of this research lies in the 
integration of machine learning models optimized 
with metaheuristic algorithms to estimate the 
distribution and concentration of gold in an 
abandoned gold tailings deposit—an approach not 
previously applied in revalorization studies in Peru. 
This multidisciplinary methodology enhances 
estimation accuracy and offers a robust alternative 
to traditional techniques. 

The general objective of this study is to assess 
the gold recovery potential of the La Cienega 
tailings deposit through the application of machine 
learning algorithms optimized with metaheuristics 
and spatial modeling techniques. This approach 
aims to support the development of more efficient 
and sustainable strategies for managing mining 
liabilities in similar contexts. 

The structure of this article is as follows: 
Section 2 outlines the methodological framework; 
Section 3 presents and discusses the results; and 
Section 4 provides the general conclusions and 
proposes potential avenues for future research 

2. Methodology 

This study adopts a structured, sequential 
methodology that includes: (i) preprocessing and 
cleaning of geochemical data, (ii) spatial 
estimation using OK, (iii) predictive modeling with 
machine learning algorithms optimized via 
metaheuristic techniques, and (iv) validation using 
Leave-One-Out (LOO) cross-validation and 
statistical analysis, including Fisher’s F-test. The 
overall research workflow is illustrated in Figure 1. 

2.1. Geographical context and operational 
background of the La Cienega tailings deposit 

The study area corresponds to the La Cienega 
tailings deposit, located in the Pataz District, Pataz 
Province, within the La Libertad region of northern 
Peru. The site lies at an average elevation of 2,960 
meters above sea level, with approximate central 
coordinates of 215040 East and 9138860 North 
(WGS84 datum, UTM zone 18S) (see Figure 2). 
The facility consists of five individual tailings 
deposits, generated between 1990 and 2003, 
reflecting an operational legacy of more than three 
decades. 
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The mining concessions originally associated 
with this site were operated by Minera Pataz EPS. 
In the early 1990s, control of the operations was 
transferred to Marañon Gold Mining Company 
S.A., which inaugurated a gold processing plant in 
1993 with a treatment capacity of 100 tons per day 
[50]. The metallurgical process involved 
cyanidation for gold leaching, followed by the 
Merrill-Crowe system, which comprises 
countercurrent washing and subsequent 
precipitation using zinc powder [52]. Operations 
ceased in 1996, leaving behind six mining 
environmental liabilities (PAM), including tailings 
and infrastructure from the processing plant. 

Currently, Minera Poderosa S.A. holds the 
mining concessions formerly managed by Minera 
Pataz, and the La Cienega tailings deposit lies 
within its property. This site has been officially 
classified as “High Risk” by the Peruvian Ministry 
of Energy and Mines (MINEM) due to its potential 
environmental and geotechnical hazards. 

According to a topographic survey conducted 
by [51], the total volume of the five deposits is 
estimated at approximately 31,000 m3. Assuming 
an average dry density of 1.9 t/m3, the total mass is 
estimated to be between 50,000 and 60,000 metric 
tons. From a granulometric standpoint, the tailings 
exhibit a relatively homogeneous fine-grained 
texture, predominantly silty clay and silty sand, 
with moisture content below 15%, suggesting a 
largely dry deposit condition. 

 
Figure 1. Flowchart of the methodological 

framework used for geochemical data modeling and 
validation 

 
Figure 2. Geographical location of the La Cienega tailings facility in the Pataz District, La Libertad Region, 

northern Peru 
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2.2. Geological framework and mineralogy of 
the La Cienega deposit 

The La Cienega area is part of the Pataz-
Buldibuyo mining district, located in northern 
Peru, within an orogenic metallogenic belt that 
extends approximately 160 km in a northwest–
southeast orientation. This gold-bearing zone is 
closely associated with the Pataz Batholith, a 

plutonic intrusion dated to approximately 330 
million years (Ma), which lies in tectonic contact 
with a folded sequence of Paleozoic metasediments 
[53–55]. The gold mineralization, formed around 
~313 Ma, is hosted in quartz-sulfide veins that 
trend predominantly northeast, affecting both the 
batholith and its sedimentary basement [55] (see 
Figure 3). 

 
Figure 3. Regional geological map of the Pataz-Buldibuyo mining district, northern Peru 

From a paragenetic perspective, Haeberlin et al. 
[53] identified three distinct mineralization stages: 
(1) an initial phase dominated by milky quartz, 
pyrite, arsenopyrite, and ankerite; (2) an 
intermediate stage with microgranular bluish-gray 
quartz, galena, sphalerite, chalcopyrite, antimony 
sulfosalts, native gold, and electrum; and (3) a late 
barren stage characterized by calcite-dolomite and 
quartz veinlets. The associated hydrothermal 
alteration of the host rocks is typified by sericite, 
chlorite, carbonates, and disseminated pyrite. 

The veins in this region display relatively 
homogeneous mineralogy, predominantly 
composed of gangue minerals such as quartz, 
feldspar, hornblende, micas, clays, and carbonates. 
Ore minerals include native gold, electrum, and 
metallic sulfides of silver, lead, zinc, copper, 
antimony, iron, and arsenic [56, 57]. The 
metallogenic assemblage features elements such as 
Au, Ag, As, Fe, Pb, Zn, Cu, Sb, Bi, Te, and W, 
indicative of a complex hydrothermal system with 
multiple mineralizing episodes. 
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Several genetic models have been proposed to 
explain the origin of this mineralization. Ore, 
Voute, and Witt et al. [55, 58, 59] attribute gold 
formation to magmatic processes linked to the 
Pataz Batholith, within the conceptual framework 
of intrusion-related gold deposits. Specifically, 
Witt et al. [55] suggest a potential genetic 
connection between Au-Pb-Zn mineralization and 
volcanic activity related to the Lavasen-Esperanza 
event, which is preserved east of the batholith. 

Recent mineralogical studies by Voute et al. 
[59] in quartz veins from the Santa María district, 
which includes the La Cienega area, enable 
comparison between the current mineralogical 
composition of the tailings and the original 
characteristics of the mined ore. According to Ore 
[58], the system features two distinct gold 
mineralization phases along with a vertical zoning 
of silver content. In this context, the San Lorenzo 
vein, located in the upper southern section of Santa 
María, is believed to have been the primary source 
of feed material during the early operational stages 
of La Cienega, explaining the elevated Ag and Sb 
concentrations observed in the older tailings. 

Furthermore, Voute et al. [59] describe two 
paragenetic styles for gold: an early stage with 
refractory gold finely disseminated in arsenopyrite 
and arsenic-rich pyrite, and a later stage dominated 
by visible gold and electrum associated with base 
metal sulfides. The latter currently represents the 
primary target of ongoing mining operations in the 
Pataz region. 

2.3. Sample collection, preparation, and 
processing 

To capture both the lateral and vertical 
variability of the tailings deposit, a combined 
sampling strategy was adopted involving manual 
trench excavation and mechanized drilling using an 
AUGER system. This methodology allowed for a 
comprehensive approach to addressing the 
stratigraphic and spatial heterogeneity of the 
tailings body. 

A principal trench (T1) was excavated in the 
western sector of Tailings Deposit I, reaching a 
depth of 8.61 meters. This trench provided a 
continuous sedimentary profile, enabling direct 
observation of the stratigraphic sequence from 
surface to base. Four macroscopic units were 
identified along the profile, differentiated by color, 
texture, and degree of alteration: (1) a weathered 
surface horizon with white to yellowish tones; (2) 
unoxidized tailings layers, predominantly dark 
gray in color; (3) transitional layers exhibiting 

partial oxidation; and (4) heterogeneous strata with 
variable lithologies over short vertical intervals. 

In addition, six AUGER drillholes were 
completed to an average depth of 4.0 meters and 
strategically distributed across Deposit I. Sampling 
points LC1, LC2, and LC3 were located in the 
western, central, and eastern sectors, respectively, 
to assess horizontal variability. Points LC4, LC5, 
and LC6 were aligned parallel to the main trench 
and positioned at different elevations along the 
western flank of the deposit, aiming to evaluate 
lateral continuity and verify sampling consistency 
(see Figure 4). 

The AUGER drill system used was a portable, 
manually operated device suitable for remote or 
difficult-access areas. Drilling was carried out 
using 1-meter-long auger rods with a diameter of 8 
cm. Samples were collected at regular 25 cm 
intervals, allowing for up to eight subsamples per 
borehole. Each subsample was stored in sealed 
plastic cylinders to preserve original moisture and 
prevent post-sampling alteration. A total of 109 
geochemical samples were collected for gold 
content determination, distributed across trench T1 
and the six drillholes. 

 
Figure 4. Geometry of tailings deposit I at La 

Cienega, showing the spatial distribution of trench 
and AUGER drillhole sampling locations 

2.4. Geostatistical modeling of gold content 

A 3D geostatistical model was developed to 
estimate the gold distribution within Tailings 
Deposit I at La Cienega, based on the geochemical 
data collected in the field. A uniform cubic block 
grid of 1 m × 1 m × 1 m was defined, fitted to the 
geometry of the deposit and linked to a topographic 
surface obtained via a total station survey. A 
reference elevation of 2950 masl was adopted, and 
a constant dry density of 1.90 t/m3 was assumed for 
total mass calculations. 

Prior to interpolation, a univariate analysis of 
Au concentrations was performed, followed by the 
construction of omnidirectional experimental 
variograms. These were fitted with theoretical 
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models (spherical, exponential, or Gaussian), 
defining nugget, sill, and range parameters [60, 
61]. 

Gold grade estimation for each block was 
performed using ordinary kriging (OK), a 
technique that assigns optimal weights based on the 
spatial correlation structure described by the fitted 
variogram. The general interpolation formula is: 

መܼ(ݔ଴) = ෍  (௜ݔ)௜ܼߣ
௡

௜ୀଵ

 (1) 

where, መܼ  is the estimated value at location (଴ݔ)
௜ݔ)ܼ ,଴ݔ ) is the measured value at location ݔ௜, and 
 .௜ is the weight assigned to each sample pointߣ

Ordinary kriging was selected over more 
complex approaches such as cokriging due to the 
absence of well-correlated and georeferenced 
secondary variables. Moreover, OK provides a 
robust solution and is less prone to overfitting in 
univariate models [38, 62–64]. The modeling was 
implemented in Python 3.11.7 using the Jupyter 
Notebook environment, with the scikit-gstat library 
for variogram fitting and pykrige for kriging 
interpolation. 

2.5. Predictive modeling with machine learning 
algorithms optimized via metaheuristics 

To enhance the accuracy of gold grade 
estimations based on geochemical data, machine 
learning (ML) algorithms were implemented in 
combination with bioinspired optimization 
techniques. These hybrid approaches enable 
automated tuning of model hyperparameters, 
significantly improving predictive performance in 
contexts characterized by nonlinear relationships 
and high spatial variability. The models employed 
in this study were: (1) Extreme Gradient Boosting 
optimized with Particle Swarm Optimization 
(XGB+PSO); (2) Support Vector Regression 
optimized with a Genetic Algorithm (SVR+GA); 
and (3) Random Forest optimized using Ant 
Colony Optimization (RF+ACO). 

The selection of specific metaheuristic 
algorithms for each machine learning model was 
based on previous benchmarking studies in mining-
related prediction tasks and the known 
compatibility between certain optimizers and 
model structures. PSO has demonstrated strong 
performance in tree-based boosting models such as 
XGBoost, especially in high-dimensional search 
spaces [65, 66]. GA has been widely used for 
tuning kernel-based models like SVR due to their 
robustness in navigating complex, nonlinear 
parameter landscapes [67]. ACO has shown 

promising results in ensemble-based algorithms 
such as Random Forest by efficiently exploring 
discrete parameter combinations [68]. Although 
applying all optimizers to all models could provide 
further comparative insights, the focus of this study 
was to evaluate the feasibility and complementarity 
of selected hybrid combinations rather than 
exhaustively test all permutations. 

XGBoost is a decision tree-based boosting 
algorithm that builds sequential models by 
minimizing a regularized objective function [69–
72]. Its general formulation is expressed as: 

ො௜ݕ = ෍ ௞݂(ݔ௜),     ௞݂ ∈ ܨ
௄

௞ୀଵ

 (2) 

where ݕො௜ is the predicted value for sample ݅, ௞݂ 
is the regression tree at iteration ݇, ܨ is the space 
of CART regression trees.  

PSO was employed to tune key 
hyperparameters such as the number of trees ܭ, 
leaning rate ߟ, maximum tree depth, and the 
regularization parameter ߣ. PSO iteratively updates 
a population of candidate solutions (“particles”) 
based on both individual and global best 
experiences to converge on optimal configurations 
[73, 74]. 

SVR seeks to construct a non-linear regression 
function that minimizes model complexity and 
prediction error within an acceptable margin [75] ߝ. 
The standard formulation is: 

(ݔ)݂ = ෍(ߙ௜ − ௜ߙ
௜ݔ)ܭ(∗ , (ݔ + ܾ

௡

௜ୀଵ

 (3) 

where ݔ)ܭ௜ ,  is the kernel function is typically (ݔ
a radial basis function (RBF), ߙ௜ − ௜ߙ

∗ are 
Lagrange multiplier, and ܾ is the model bias.  

GA were used to optimize parameters such as 
the penalty term ܥ, kernel width ߛ and ߝ, using 
standard genetic operators crossover, mutation, and 
selection applied to encoded populations of 
candidate solutions [76]. 

RF is an ensemble learning method based on 
aggregating multiple decision trees built from 
bootstrap samples and random feature subsets [77]. 
Predictions are generated through: 

ොݕ =
1
ܶ

෍ ℎ௧(௫)

்

௧ୀଵ

 (4) 

where ℎ௧(௫) is the prediction of the ݐ −  ℎ treeݐ
and ܶ is the total number of trees.  To enhance 
model performance, ACO was applied to tune 
hyperparameters such as the number of trees ܶ, 
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maximum features per split, and maximum tree 
depth. ACO simulates the pheromone-guided 
foraging behavior of ants to converge on high-
performing parameter configurations [78]. 

All models were implemented in Python 3.11.7. 
The libraries used included XGBoost, scikit-learn, 
and DEAP for SVR+GA, while custom 
implementations of PSO and ACO were developed 
using pyswarms and ACOpy, respectively. 

2.6. Validation of predictive models 

Model validation was performed using the 
Leave-One-Out Cross-Validation (LOO) method, a 
robust approach in which each sample in the 
dataset is iteratively excluded from the training set 
and independently predicted [79]. This technique 
enables rigorous evaluation of the model’s 
generalization capability, as each iteration involves 
training on ݊ − 1 observations and testing on the 
excluded sample. 

The prediction error for each observation was 
computed as: 

௜ߝ = (௜ݔ)ܼ − መܼି௜(ݔ௜) (5) 

where ܼ(ݔ௜) is the actual gold concentration at 
location ݔ௜. መܼି௜(ݔ௜) is the estimated value 
excluding point ݔ௜  from training, and ߝ௜ represents 
the residual error for that prediction. To assess the 

overall performance of each model, the following 
statistical metrics were calculated [80]. 

MAE (Mean Absolute Error): the average of the 
absolute differences between predicted and 
observed values. RMSE (Root Mean Square 
Error): the square root of the mean squared error, 
which emphasizes larger errors. Bias: the average 
residual error, used to detect systematic over- or 
underestimation. R (Pearson Correlation 
Coefficient): the linear correlation between 
observed and predicted values [37, 81, 82]. 

3. Results 

As shown in Table 1, the maximum 
concentrations of elements such as As, Pb, Sb, and 
Cu were significantly higher than their respective 
means prior to data preprocessing, indicating the 
presence of influential outliers. Following the 
application of a capping procedure, a systematic 
reduction in standard deviation was observed, 
particularly for critical elements such as Cu (from 
68.41 to 65.83 ppm) and Fe (from 1.43% to 
1.39%). This suggests a successful reduction in 
data dispersion without altering the central 
tendency. This preprocessing step was essential to 
minimize statistical bias and improve the 
robustness of the predictive models used in 
subsequent stages. 

Table 1. Descriptive statistics of geochemical variables before and after data preprocessing 

 Unit Statistics before processing Statistics after processing 
Mean Stdev Min Max Mean Stdev Min Max 

As ppm 8173.60 1995.42 4245 15359 8175.42 1951.71 4864.74 14861.36 
Cd ppm 42.00 20.70 13.6 90.4 41.89 20.46 13.67 83.27 
Pb ppm 3777.06 2464.29 378 13733 3771.29 2396.27 953.52 12770.72 
Zn ppm 1453.90 711.72 479 3727 1451.62 704.11 485.60 3567.94 
Cr ppm 206.61 77.57 120 545 205.22 71.69 125.28 446.66 
Mn ppm 1577.46 397.67 295 2661 1576.67 392.33 331.30 2571.24 
Co ppm 19.97 5.13 8.7 47.1 19.85 4.34 10.68 36.74 
Ni ppm 41.17 10.50 17 66.4 41.23 10.30 21.88 65.21 
V ppm 110.34 17.72 76 172 110.24 16.93 81.94 158.80 
Sb ppm 38.76 40.71 9.9 197 38.74 40.50 11.42 193.70 
Ti ppm 2323.08 692.25 1525 5075 2311.48 649.70 1540.84 4282.34 
Sc ppm 12.33 3.65 8.3 31 12.21 3.12 8.56 23.08 
Au ppm 1.42 0.38 0.1 2.56 1.42 0.36 0.85 2.41 
Cu ppm 150.85 68.41 80.6 431 150.19 65.83 80.73 386.78 
Fe % 7.11 1.43 4.7 13 7.10 1.39 4.83 12.34 
Al % 4.26 0.82 3.17 7.61 4.24 0.76 3.26 6.43 
Ca % 2.46 0.50 1.5 4.40 2.46 0.47 1.63 3.87 
Mg % 1.24 0.34 0.72 2.91 1.23 0.30 0.75 2.40 
Ba ppm 193.16 53.88 117 400 192.34 50.87 118.98 342.58 
K % 1.64 0.34 0.7 2.80 1.64 0.31 1.01 2.49 
Na % 0.40 0.29 0.13 2.23 0.39 0.22 0.13 1.49 
Sr ppm 63.43 19.03 34.8 123 63.48 18.92 38.17 122.34 

 
For gold, the initially strong right-skewed 

distribution was slightly corrected, resulting in a 
more compact and symmetric shape. This 

adjustment improves the statistical quality of the 
dataset and reduces the risk of overfitting in 
machine learning models, especially those 
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sensitive to outliers (SVR). Importantly, the 
capping procedure preserved the overall structure 
of the data, maintaining the essential geochemical 
variability required for subsequent analysis (see 
Figure 5). 

Figure 6 reveals key linear relationships 
relevant to predictive modeling. Specifically, gold 
shows strong positive correlations with copper, 
iron, arsenic, and antimony, supporting their 
selection as independent variables in the estimation 

models. These associations align with typical 
mineralogical patterns, such as gold hosted in iron 
sulfides or arsenic-bearing phases. Spatial 
coordinates (X, Y, Z) were also incorporated into 
the modeling process, as they help capture local 
concentration gradients across the deposit. The 
absence of strong negative correlations suggests no 
antagonistic geochemical behaviors, facilitating 
the integration of multiple variables in machine 
learning algorithms. 

 
Figure 5. Frequency histograms of Au concentrations before (left) and after (right) capping of extreme values 

 
Figure 6. Pearson correlation matrix of 22 geochemical variables from tailings deposits I at La Cienega 

Following the correlation analysis, the spatial 
continuity of the main geochemical variables was 
evaluated through variogram modeling. Figure 7 
presents the omnidirectional experimental 
variograms and fitted spherical models, along with 

the anisotropy ellipses derived from directional 
variogram analysis for Au, Cu, Fe, As, and Sb. 
These five elements were selected based on their 
strong correlations with Au and their known 
mineralogical associations in tailings. 
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Figure 7. Experimental variograms and anisotropy ellipses for Au and key associated elements (Cu, Fe, As, Sb) in 

Tailing Deposit I 
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Optimal hyperparameters were selected using 
bioinspired global search algorithms to maximize 
the predictive performance of each model. For 
XGBoost+PSO, 15 particles and 5 dimensions 
were used within a bounded parameter space. For 
SVR+GA, a population of 20 individuals across 30 
generations was employed, incorporating penalties 
for invalid hyperparameter combinations. In the 
case of RF+ACO, combinations of n_estimators 
ranging from 50 to 300 and max_depth between 3 
and 20 were explored over 10 iterations with 10 
ants (see Table 2). 

Table 2. Optimal hyperparameters for machine 
learning models tuned with metaheuristic 

algorithms 
Model Hyperparameter Value 

XGB+PSO 

N estimators 140 
Max depth 14 
Learning rate 0.283 
Subsample 0.72 
Colsample bytree 0.52 

SVR+GA 
C 111.25 
Epsilon 0.07 
Gamma 1.26 

RF+ACO N estimators 295 
Max Depth 3 

 

The Ordinary Kriging model produced a 
smooth interpolated surface, with maximum 
concentrations around 2.0 ppm in the western 
sector and a gradual decline to approximately 1.0 
ppm toward the east. In contrast, the machine 
learning models optimized via metaheuristics 
demonstrated an enhanced ability to capture local 
high-grade zones. The XGB+PSO model predicted 
a compact mineralized core with values near 2.2 
ppm, aligning with high-concentration areas 
confirmed by drilling. This performance is 
attributed to the model’s deep tree structure and 
learning rate, which allow it to capture nonlinear 
interactions among variables (see Figure 8). 

The SVR+GA model produced a similar but 
more focused high-grade zone, with peak values 
around 1.8 ppm and sharper spatial boundaries. 
This behavior is consistent with SVR’s ability to 
model sharp margins using kernel functions. 
Conversely, the RF+ACO model resulted in a more 
spatially uniform and conservative estimation, with 
maximum concentrations near 1.9 ppm and greater 
smoothing. This outcome is characteristic of the 
ensemble averaging behavior in Random Forest 
and the relatively shallow tree depth (max depth = 
3) selected during optimization. 

 
Figure 8. Spatial estimation maps of gold content in Tailings Deposit I at La Cienega generated using Ordinary 

Kriging and three machine learning models optimized with metaheuristics 
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The performance of the estimation models was 
assessed using Leave-One-Out cross-validation 
(LOO), with the results illustrated in Figure 9 and 
presented in Table 3. The geostatistical model 
based on OK exhibited the highest accuracy 
overall, with the lowest RMSE (0.24 ppm), MAE 
(0.18 ppm), and the strongest linear correlation (R 
= 0.74). However, it also showed a tendency to 
smooth high-grade anomalies, underestimating 

local maxima. In contrast, the RF+ACO model 
achieved the most balanced performance among 
the machine learning models (RMSE = 0.32 ppm, 
MAE = 0.24 ppm, R = 0.56), suggesting its 
robustness in capturing nonlinear patterns. These 
results highlight the complementary nature of both 
geostatistical and machine learning approaches in 
tailings modeling. 

 
Figure 9. LOO validation of gold grade estimates using Ordinary Kriging and machine learning models 

optimized with metaheuristics 

Table 3. Validation metrics for gold grade estimation using machine learning models 
Model MAE Bias (mean error) RMSE R 

OK 0.18 0.03 0.24 0.74 
XGB+PSO 0.25 -0.03 0.33 0.53 
SVR+GA 0.25 0.13 0.36 0.49 
RF+ACO 0.24 0.006 0.32 0.56 

 
To quantify the effect of the metaheuristic 

optimization, the relative differences (߂) between 
unoptimized and optimized models were calculated 
for all performance metrics (Table 4). The results 
demonstrate that optimization improved predictive 
performance in all cases, especially for Random 

Forest and XGBoost. The RF+ACO model showed 
an 8.6% reduction in RMSE and a 12% increase in 
R, while XGB+PSO achieved a 13.8% reduction in 
MAE and a 12.8% gain in correlation. Although the 
improvements appear moderate in magnitude, they 
are significant considering the strong spatial 
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heterogeneity and small sample size characteristic 
of the dataset. These findings confirm that the 
optimization process effectively refined the 

hyperparameter space, enhancing model 
robustness and generalization under geologically 
complex conditions. 

Table 4. Comparison of model performance before and after metaheuristic optimization 
Model Optimization method ࢤMAE (%) ࢤBias (%) ࢤRMSE (%) ࢤR (%) 
XGB PSO -13.8 -234.6 -5.7 +12.8 
SVR GA -16.7 +1400.0 0.0 +4.3 
RF ACO -14.3 -33.3 -8.6 +12.0 

 
Negative ߂ values indicate error reduction, 

positive ߂R represents improvement in correlation. 
Figure 10 presents spatial maps of prediction 

error (defined as predicted minus observed values) 
for the three machine learning models. The 
XGB+PSO and RF+ACO models tend to 
overestimate gold concentrations along the 
periphery of the mineralized zone, whereas the 

SVR+GA model exhibits a systematic 
underestimation in the central area. These spatial 
patterns are further supported by the error 
distribution plots in Figure 11, where the RF+ACO 
model displays a centered and symmetric 
distribution around zero, indicating minimal bias. 
In contrast, the XGB+PSO model shows a slightly 
negative skew, while SVR+GA exhibits a slight 
positive bias. 

 
Figure 10. Spatial distribution of prediction errors (predicted – observed) for gold grade using machine learning 

models optimized with metaheuristics in Tailings Deposit I, La Cienega 

 
Figure 11. Error distribution plots for gold grade predictions from machine learning models optimized with 

metaheuristic algorithms 

In addition, the F-test was applied to compare 
the error variance of the OK model with those of 
the machine learning models (Table 5). In all cases, 
statistically significant differences were found (p-
value < 0.05), indicating that the ML models 
exhibit error structures distinct from OK. Although 

the RF+ACO model approached a similar variance 
level, the difference remained statistically 
significant. This confirms that AI-based algorithms 
offer a differentiated estimation pattern with 
potential to capture nonlinearities overlooked by 
classical linear methods. 
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Table 5. Fisher’s F-test for variance comparison between OK and ML models optimized with metaheuristics 
Model Variance F p-value Result 

OK 0.026 1.434 2.22x10-16 Significant difference XGB+PSO 0.018 
OK 0.026 1.108 1.21x10-9 Significant difference SVR+GA 0.029 
OK 0.026 1.312 2.22x10-16 Significant difference OK 0.026 

 
The geostatistical estimation using OK reported 

an average grade of 1.19 ppm and a total tonnage 
of 26,843.20 metric tons, corresponding to 
1,028.77 ounces of gold. This value is adopted as a 
reference due to its methodological validation and 
widespread use in mineral resource estimation 
studies. In comparison, machine learning models 
optimized with metaheuristics produced variable 
outcomes. The SVR+GA model yielded the highest 
average grade at 1.33 ppm, estimating a total of 
1,147.12 ounces of gold, even surpassing the OK 
estimate. However, this result should be interpreted 

with caution, as the higher grade could reflect 
lower sensitivity to spatial bias, as evidenced in 
previous validation results. The XGB+PSO model 
produced the most conservative estimate, with an 
average grade of 1.14 ppm and an estimated 
content of 981.00 ounces, while the RF+ACO 
model, with an average grade of 1.18 ppm, 
predicted 1,014.02 ounces of gold. This result 
showed strong consistency with the OK estimates, 
both in magnitude and spatial distribution (see 
Table 6). 

Table 6. Estimated economic potential of gold in Tailings Deposit I of La Cienega 
Model Average grade (ppm) Total material (tons) Gold (ounces) 

OK 1.19 

26843.20 

1028.77 
XGB+PSO 1.14 981.00 
SVR+GA 1.33 1147.12 
RF+ACO 1.18 1014.02 

Figure 12 illustrates the inverse relationship 
between average gold grade and the volume of 
recoverable material under varying cut-off values. 
In this plot, the SVR+GA and RF+ACO models 
demonstrate more stable behavior across 
intermediate cut-off ranges (1.3–1.6 ppm), while 
the OK and XGB+PSO models exhibit greater 
sensitivity to threshold changes. Notably, the 
RF+ACO model produces a grade-tonnage curve 
that more closely resembles the expected behavior 
of real mineral deposits, indicating a more balanced 
trade-off between accuracy and robustness in the 

presence of spatial variability. These findings 
suggest that, although machine learning models 
optimized with metaheuristics are not intended to 
replace traditional geostatistical estimations, they 
serve as valuable complementary tools, particularly 
in complex settings like tailings deposits, where 
spatial continuity is often difficult to capture using 
classical techniques. Within the scope of this study, 
the RF+ACO model emerged as the most reliable 
approach in terms of estimation accuracy and 
consistency in assessing economic potential. 

 

 
Figure 12. Grade-tonnage curves for gold estimation using geostatistical and machine learning models in Tailings 

Deposit I at La Cienega 
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The results obtained in this study provide 
significant evidence of the potential for applying 
hybrid approaches that integrate geostatistical 
modeling and machine learning to estimate metal 
content in gold tailings deposits, such as the case of 
La Cienega. Traditional techniques like OK have 
long been validated in the mining industry due to 
their theoretical robustness and capacity to account 
for spatial continuity [62, 63]. However, in tailings 
contexts where original stratigraphy is often 
disrupted and mineral distribution patterns exhibit 
high heterogeneity, conventional techniques may 
fail to capture the nonlinear relationships between 
predictor variables and metal concentrations. 

The use of machine learning algorithms 
optimized with metaheuristics proved to be a viable 
alternative. In particular, the RF+ACO model 
demonstrated outstanding performance, both in 
Leave-One-Out cross-validation (with R = 0.56 
and RMSE = 0.32 ppm) and in estimating total gold 
content (1,014.02 oz), closely aligning with the OK 
model (1,028.77 oz). This consistency is especially 
noteworthy given that machine learning models, 
unlike kriging, do not require assumptions of 
stationarity or variogram construction, offering an 
operational advantage when working with noisy 
data, such as those commonly encountered in 
tailings [38, 80]. 

Although the SVR+GA model produced higher 
estimates (1,147.12 oz), it exhibited larger error 
margins (RMSE = 0.36 ppm) and a positive bias in 
cross-validation, likely due to overfitting to 
localized structures in the training dataset. This 
phenomenon has been previously noted in studies 
on non-parametric regression applied to soil 
geochemistry [37, 60], supporting the importance 
of evaluating spatial error stability, an aspect 
addressed through the error maps and distributions 
presented in this study. 

Another relevant finding was the strong 
correlation observed between gold and elements 
such as arsenic, antimony, iron, and copper, which 
aligns with the mineralogical characterizations 
reported by Witt et al. [55] and Voute et al. [59] for 
the Pataz region. These associations suggest that 
multielement geochemistry can serve as a reliable 
proxy for identifying zones of higher metal 
potential, even in the absence of a dense drilling 
grid. Additionally, processed histograms showed 
clear improvement in the distribution of key 
variables following capping, which reduced 
skewness and the influence of outliers that 
commonly distort predictive models. 

From an economic perspective, the estimated 
content of over 1,000 ounces of gold in Deposit I 

represents a significant volume, especially 
considering that the material was historically 
discarded. This finding reinforces the feasibility of 
tailings reprocessing strategies as a means of 
recovering precious metals and extending the 
operational life of mining projects, consistent with 
the proposals of Mpinga et al. [52] and Ramadhan 
et al. [61]. Moreover, this approach offers an 
environmental advantage by mitigating high-risk 
mining liabilities such as La Cienega, which is 
officially classified as high impact by the Peruvian 
Ministry of Energy and Mines (MINEM). 
Operationally, the use of models like RF+ACO 
offers a practical tool for identifying high-grade 
zones within a tailings body, which can inform 
selective sampling or recovery campaigns. While it 
does not replace kriging for regulatory compliance 
in resource reporting, it can complement 
preliminary analysis and support decision-making 
in remediation or economic revaluation projects. 

4. Conclusions 

The results of this research demonstrate that 
integrating geostatistical techniques with machine 
learning models optimized through metaheuristic 
algorithms constitutes a methodologically robust 
framework for estimating gold content in 
heterogeneous tailings deposits such as Deposit I at 
La Cienega. The OK model provided a reference 
estimate of 1,028.77 ounces of gold at an average 
grade of 1.19 ppm, achieving the highest accuracy 
metrics (RMSE = 0.24 ppm, MAE = 0.18 ppm, R 
= 0.74). This confirms its effectiveness in modeling 
spatially continuous phenomena and its reliability 
as a baseline estimator in mineral resource 
assessments. 

Among the machine learning approaches, 
RF+ACO demonstrated the most consistent 
performance, producing an estimate of 1,014.02 
ounces with MAE = 0.24 ppm, RMSE = 0.32 ppm, 
and R = 0.56. Although its accuracy was slightly 
lower than that of OK, the RF+ACO model 
provided more stable results under complex spatial 
variability, highlighting its robustness and reduced 
bias. In contrast, the SVR+GA and XGB+PSO 
models showed higher errors and moderate 
sensitivity to local anomalies, confirming that 
ensemble-based models tend to outperform kernel- 
or boosting-based algorithms in irregular datasets. 
Overall, these results underscore the 
complementary nature of geostatistical and 
machine learning approaches: while OK remains 
the preferred standard for regulatory and 
quantitative resource estimation, optimized ML 
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models offer flexibility, automation, and 
adaptability to nonlinear patterns that traditional 
geostatistics may fail to capture. 

4.1. Limitations and future work 

Despite the promising results, this study 
presents several limitations primarily related to 
data availability and spatial sampling density. The 
number of drillholes and sampling points, although 
adequate for an exploratory-scale study, may 
constrain the representativeness of the spatial 
model. Additionally, the analysis was restricted to 
a single deterministic interpolation technique (OK) 
without incorporating stochastic simulation 
methods such as Sequential Gaussian Simulation 
(SGS), which could better quantify spatial 
uncertainty. Future research should therefore 
include (i) denser sampling grids and the 
integration of new drillholes, (ii) the application of 
SGS and other conditional simulation techniques 
for uncertainty quantification, (iii) comparative 
analyses of advanced ensemble and deep learning 
models (StackingC, CNNs, or hybrid fractal-
wavelet frameworks), and (iv) comprehensive 
techno-economic evaluations linking predicted 
grades to reprocessing feasibility and 
environmental impact. 

This study provides a robust and reproducible 
methodological foundation for assessing the 
economic potential of gold tailings through the 
combined use of geostatistics and metaheuristic-
optimized machine learning. The proposed 
framework can be extended to other abandoned 
deposits in Peru and similar geological 
environments worldwide, contributing to the 
sustainable revalorization of mine waste under the 
principles of circular mining. 
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محیطی و اقتصادي قابل توجه  ها، یک چالش زیست افزایش مداوم ضایعات معدنی، به ویژه به شکل باطله 
هایی که این ذخایر حاوي محتواي فلزي باقیمانده هستند. این مطالعه پتانسیل  کند، به خصوص در زمینه ایجاد می 

آماري و یادگیري ماشینی بهینه شده هاي تخمین زمین در لا سینگا (پرو) را با ادغام مدل Iطلاي سپرده باطله 
بعدي با استفاده  هاي فراابتکاري ارزیابی کرد. این روش شامل توصیف ژئوشیمیایی، تخمین سهاز طریق الگوریتم 

بینی عیارهاي طلا از طریق سه مدل بود:  آماري و پیش ) به عنوان یک روش زمین OKاز کریجینگ معمولی (
XGBoost  سازي ازدحام ذرات (بهینه شده با بهینهXGB+PSO  رگرسیون بردار پشتیبان با الگوریتم ژنتیک ،(

)SVR+GA ها (سازي کلونی مورچه) و جنگل تصادفی بهینه شده با استفاده از بهینهRF+ACO ها با  ). تخمین
، بایاس و ضریب  RMSE ،MAEو معیارهاي عملکرد شامل  Leave-One-Outاستفاده از اعتبارسنجی متقابل 

،  ppm  0.24برابر با    ppm  ،MAE  0.32برابر با    RMSEبه    RF+ACO) اعتبارسنجی شدند. مدل  Rهمبستگی (
Bias    و مقدار    0.006برابر باR    1.33تا    1.14شده از  بینیدست یافت. میانگین عیارهاي پیش   0.56برابر با  ppm 

اونس با    OK 1028.77اونس بود، در حالی که    1147.12تا    981.00متغیر بود و میزان طلاي تخمینی بین  
هاي یادگیري ماشینی که به درستی دهد که مدل ها نشان می به دست آورد. این یافته ppm 1.19عیار متوسط 

ویژه در مناطقی که با ناهمگونی مکانی  ها، به هاي معقولی از میزان فلز در باطله توانند تخمین اند، می بهینه شده
  . شوند، ارائه دهندشناسی محدود مشخص می بالا و پیوستگی زمین 
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