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ABSTRACT

This study has compared the performance of various optimizers in mineral resource classification using a multilayer perceptron artificial
neural network (MLP) applied to a copper deposit in Peru. The optimizers Adam (Adaptive moment estimation), RMSprop (Root mean
square propagation), SGD (Stochastic gradient descent), and Adagrad (Adaptive gradient algorithm) were evaluated to assess their impact
on the spatial continuity of block classification. A total of 318,443 blocks were estimated using ordinary kriging, based on key variables
including estimated grade, kriging variance, average sample distance, number of composited samples, the kriging Lagrangian, and geological
confidence. The methodology involved a mixed multivariable block-by-block clustering using the k-prototypes algorithm, followed by block
smoothing through an artificial neural network with different optimizers. Results show that the Adam optimizer achieved the highest overall
accuracy (93%), outperforming both RMSprop and SGD (92%), as well as Adagrad (90%). In addition, Adam yielded a more homogeneous
classification of mineral resources. It categorized 75,869 blocks as measured (1,395.99 Mt total tonnage, 540 Mt fine copper), 120,039 as
indicated (2,208.72 Mt and 6.56 Mt fine copper), and 122,535 as inferred (2,254.64 Mt and 6.29 Mt fine copper). In conclusion, the model
trained with the Adam optimizer demonstrated superior precision and stability in mineral resource classification, effectively mitigating the

“spotty dog effect” and improving the geological coherence of the block model.

Keywords: Mineral resource classification, Artificial neural network, ANN optimizers, K-Prototypes clustering, Geostatistics.

1. Introduction

Mineral resources are a fundamental pillar for the development and
sustainability of modern civilization [1, 2]. Their significance is evident
across multiple sectors, including socioeconomic growth, industrial
production, advanced technology manufacturing, and transportation
infrastructure [2—4]. A mineral resource is defined as “a concentration
of natural material in or on the Earth’s crust, in such form and quantity
that its extraction is currently or potentially economically feasible” [5—
71. Mineral resources are categorized into three classes, Inferred,
Indicated, and Measured based on the degree of geological confidence
and available data (Figure 1) [7]. This classification of mineral resources
subsequently leads to the classification of mineral reserves, which aims
to quantify the tonnage and average grade of the deposit based on
economic and technological criteria that ensure its feasibility for
exploitation [8]. Mineral reserves are further subdivided into two
categories: Probable and Proved [9-111.

The classification of mineral resources is a fundamental process in
mining exploration projects, particularly in feasibility studies, as it
allows for the assessment of uncertainty and risk associated with mineral
deposit estimation. At this stage, geostatistical methods play a crucial
role by providing tools to quantify spatial variability and improve the
reliability of resource classification. Key criteria used in classification
include drill hole spacing, kriging variance, multi-pass kriging schemes,

and uncertainty models derived from geostatistical simulations [12—21].
The accuracy of this classification directly impacts various subsequent
stages of the mining project, as key parameters, such as mineral tonnage
and cutoff grade are dependent on the robustness of the classification
process [14, 221.

The assignment of resource categories is carried out by a Qualified
Person (QP), who must consider multiple factors to ensure the
reliability of the classification. These factors include confidence in the
geological model, spatial characteristics of the deposit, such as grade
continuity and mineralized domains, data density, and results from the
analytical quality control program, all of which are essential for
assessing the accuracy of the estimation method [9, 23, 24]. While some
of these aspects are qualitative and require geological interpretation,
others can be quantified using numerical models to establish the
confidence level in the estimation [25, 26].

The classification of mineral resources requires the consideration of
multiple variables, many of which have been extensively studied in
literature. According to Cevik et al. [25], the most relevant variables in
this process (commonly referred to as “features” in machine learning)
include: (i) the geological domain in which the block is located, (ii)
kriging variance, (iii) the coefficient of variation of the estimation, (iv)
the kriging pass, (v) the distance to the nearest sampling or drilling
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point, (vi) the average distance to the samples used in the estimation,
and (vii) the number of drillholes utilized. Meanwhile, Owusu [27]
highlights that geometric methods consider the quantity, proximity, and
location of the data as key criteria for block estimation, including: (i)
ellipsoidal search dimensions, (ii) number of drillholes, (iii) minimum
distance to the nearest drillhole, (iv) average drillhole spacing, and (v)
octant search declustering. Other approaches have also been used, such
as drillhole spacing and density [28], Delaunay triangulation [29], and
spacing calculation for both vertical and non-vertical drillholes [30].
Regarding geostatistical methods, several studies have proposed specific
criteria for resource classification. Emery et al. [31] use variables, such
as (i) kriging variance, (ii) conditional variance, (iii) relative kriging
variance, and (iv) relative conditional variance. Mucha et al. [32]
emphasize the use of the variogram as the primary source of parameters,
whereas Taghvaeenezhad et al. [33] prioritize (i) estimation variance by
kriging, (ii) kriging efficiency, and (iii) regression slope. Alternatively,
Nowak et al. [34] propose an approach based on the indicator variogram
[35, 361, where drilling data are transformed into binary values with a
specific threshold, allowing continuity modelling as a basis for
classification. Other methodologies include combining indicator kriging
with standardized kriging variance to define a risk index [37], truncated
Gaussian simulation applied to categorical variables such as rock type
and mineralization [38], and conditional simulation of ore grades [39,
40]. Additionally, Silva et al. [41] introduced the use of cross-validation
variance and classification in moving windows based on conditional
simulation. Other strategies include the Resource Classification Index
[42], which integrates combined variance, block estimation value, and a
calibration factor, as well as error analysis in estimation relative to
confidence intervals and production rates [43]. Previous studies have
shown that uncertainty in resource estimation depends on model scale,
with lower uncertainty in larger volumes due to the attenuation of
extreme values [24, 39, 40, 44, 45]. In practice, these geometric and
geostatistical criteria are applied through the manual definition of
thresholds, even when they are combined in parallel [46—50].

Despite the wide range of available approaches, international codes
do not establish a specific methodology for mineral resource
classification. Instead, they recommend that the QP quantify the
confidence level in the estimation before assigning a category, when
necessary [9]. The absence of categorical guidelines reflects the inherent
complexity of classification, as it is not feasible to define a single method
applicable to all mineralization types and geological contexts [13].
Consequently, the final decision rests on the QP’s judgment, who must
select the most appropriate criteria for each specific case [25, 27]. Since
different criteria can lead to significant variations in ore grade, metal
content, and tonnage within each category, it is critical to evaluate their
impact on resource estimation [46].

The literature has proposed various approaches for classifying
mineral resources based on uncertainty. Some authors suggest the use
of geostatistical simulations to assess the probability of resource
occurrence [24, 39] or the application of multi-Gaussian kriging as an
alternative to improve estimation accuracy [51]. However, other
researchers argue that purely probabilistic approaches can be highly
sensitive to parameter selection and, therefore, prone to errors. In this
regard, it has been recommended that these methods be used as
complementary tools alongside classification methodologies based on
geometric and geological criteria, which are considered more
transparent and replicable in mining practice [22]. In general, the
classification of mineral resources serves as a key mechanism for
reporting uncertainty in the mining industry. The classification into
measured, indicated, and inferred resources provides a structured
framework to communicate the confidence level in resource estimation
[25, 52, 53]. Other uncertainty assessment strategies include kriging-
based approaches [54, 55], probabilistic methods [56—58], geostatistical
simulation [43, 441, and machine learning (ML) techniques [59, 60]. A
widely adopted criterion in resource classification is the 15% rule, which
stipulates that the estimated grade, metal content, and tonnage should
exhibit a maximum error of 15% within a 90% confidence interval [61,
62].

Several studies have identified inconsistencies in the application of
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traditional numerical criteria for resource classification, both in
geometric and geostatistical approaches, particularly when parameters
are assigned block-by-block. Stephenson et al. [63] pointed out that this
method can produce spatially inconsistent results that do not respect
the geological continuity of the deposit, thus requiring additional post-
processing smoothing. To address this issue, various strategies have been
proposed, such as manual interpretation or the use of smoothing
algorithms based on moving window statistics [50]. In this context,
machine learning (ML) has emerged as a promising tool to enhance the
classification of mineral resources. Cevik et al. [25] implemented an ML-
based approach using a support vector machine (SVM) model with a
radial basis function kernel, trained with spatial coordinates to reclassify
blocks. Hernandez [46] applied a similar methodology but utilized a
multilayer artificial neural network (ANN). Additionally, Rossi et al.
[55] recommended verifying global tonnage-grade curves before and
after smoothing to assess the impact of processing on estimation
accuracy. Previous studies have explored various ML techniques in
resource estimation, highlighting the use of ANN, random forests (RF),
SVM, and neuro-fuzzy models as the most frequently employed
methods [64]. Furthermore, these approaches have demonstrated their
ability to quantify resource uncertainty through confidence intervals in
estimations [60, 62, 65]. Recent investigations have applied supervised
machine learning algorithms to predict undiscovered mineral resources
using techniques such as adaptive boosting (AdaBoost), gradient
boosting decision trees (GBDT), and extreme gradient boosting
(XGBoost) [66, 67]. In addition, recent studies have demonstrated the
potential of ensemble and hybrid machine learning models to improve
geological prediction tasks in mineral exploration. Farhadi et al. [68]
introduced an ensemble approach based on the StackingC model, which
outperformed traditional classifiers in lithological mapping by capturing
complex nonlinear relationships in geochemical datasets. Similarly,
Farhadi et al. [69] proposed a hybrid methodology combining machine
learning regressors with concentration area fractal modeling to detect
Pb-Zn anomalies in sediment-hosted deposits. In the Peruvian context,
Cotrina et al. [70] compared supervised learning techniques including
XGBoost, Random Forest, and deep neural networks for mineral
resource categorization, demonstrating the accuracy and robustness of
these models in geologically complex deposits.
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Economic viability due to mining, processing, social,
marketing, environmental, and government factors

Geological knowledge and

confidence

Figure 1. General relationship between mineral resources and reserves.

Despite advances in the application of machine learning for mineral
resource estimation and classification, the selection of optimizers in
neural network models remains an underexplored topic in this field.
Existing literature has addressed the comparison of optimizers in other
contexts, such as meteorological variable prediction [71] and image
processing in computer vision [72], but their impact on mineral
resource classification has not been extensively studied. Nanni et al. [73]
analyzed the variants of the Adam optimizer based on the difference
between the present and past gradients, demonstrating that the step size
is optimally adjusted for each parameter. However, the influence of
different optimizers on estimation accuracy, block smoothing, and
uncertainty reduction in mineral resource classification remains an open
research question.

In this context, the present study proposes an innovative
methodology that addresses this knowledge gap through the following
contributions:

- Mixed-variable block-by-block clustering using the k-prototypes
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algorithm [74], an unsupervised machine learning method that
simultaneously handles quantitative and qualitative data without
any restrictions on the number of input features.

- Block smoothing using a multilayer artificial neural network,
implementing different optimizers to mitigate the “spotted dog”
effect inherent in block-by-block classification.

- Comparison of the impact of different optimizers on mineral
resource classification, evaluating model accuracy, tonnage, and
fine content. The optimizers Adam, RMSprop, SGD, and Adagrad
are considered, providing a comparative analysis to determine
which optimizer offers the best performance in this specific
application.

This study is structured into four sections. Section 2 details the
methodology used in the research, including the models and evaluation
criteria. Section 3 presents the obtained results and discusses their
relevance in comparison with previous studies. Finally, Section 4
outlines the study’s conclusions, highlighting the implications of the
findings and potential future research directions.

2. Materials and methods

This study proposes an integrated methodology for the classification
of mineral resources in a copper deposit in Peru, combining
geostatistical techniques with machine learning approaches. A
multilayer artificial neural network (Multilayer Perceptron, MLP) is
employed to smooth the block classification, utilizing different
optimizers (Adam, RMSprop, SGD, and Adagrad). All models were
trained in Python 3.11.7 within the Jupyter Notebook environment. The
general workflow of the methodology is illustrated in Figure 2.

21 Geological setting

The copper deposit analyzed in this study is situated in the central
Andes of Peru, at an approximate elevation of 4,600 meters above sea
level. The regional geology comprises a complex lithological assemblage
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indicative of a porphyry-skarn metallogenic environment. The deposit
is hosted in five distinct lithological units: magnetite skarn, granodiorite,
dacite porphyry, calcareous sediments, and a volcanic unit locally
referred to as the Catalina Formation. Copper and molybdenum
mineralization is spatially distributed across all lithologies, though
higher concentrations are typically found within the magnetite skarn
(rock type 1) and granodiorite (rock type 2), suggesting a strong
lithological ~control. Mineralization occurs predominantly as
disseminated sulfides, veinlets, and hydrothermal breccia fillings, with
alteration halos characteristic of porphyry systems. The deposit’s
structural framework, comprising faults and fracture systems, further
influences the spatial continuity and grade variability of the ore body.

2.2. Data preparation

The database used in this study originates from a copper deposit in
Peru, characterized by complex mineralization and significant
geological heterogeneity. The study area is predominantly composed of
magnetite skarn, granodiorite, dacite porphyries, calcareous sediments,
and volcanic units. Due to confidentiality agreements, the name of the
deposit and any additional information that could reveal its location or
the identity of the mining company are not disclosed. The database
consists of 185 diamond drill holes, with an average spacing of 30 meters
and an average depth of approximately 480 meters. Mineralization is
distributed across five lithologies, categorized as follows: rock 1 is
magnetite skarn, rock 2 is granodiorite, rock 3 is dacite porphyry, rock
4 is calcareous sediments, and rock 5 is Catalina volcanic unit. To
standardize the data and ensure consistency in subsequent analyses, drill
hole samples were composited based on lithology, resulting in a total of
5,654 composites (see Figure 3).

The statistical analysis of the database determined that the average
copper grade is 0.43%, with a variance of 0.084 and a standard deviation
of 0.29. These values indicate low dispersion relative to the mean,
suggesting a certain level of homogeneity in the copper grade
distribution within the deposit. Table 1 presents the descriptive statistics
of the database used in this study.

l' 1 @ \ - Comparison of
V

- Ordinary kriging estimate
(OK) . I

13

P

samples (NC) S
- Ordinary kriging lagrangiano e | .
(LOK) | |
. - Geological confidence
Initital
block
model
ndarization of
— variables
== Creation of mixed variables tables

. ®

- Groups data into measured, indicated, and inferred

categories, combining numericall and categorical
variables for efficient clustering

' "’1 ) I

(AD) & 3
-~ Ondinary kriging variance (KV) Gyt | W ,
- NS R of sod & \

ore tonnage and
infe copper

Final tonnage.

classification - Comparison of
classification
and  smothing

accuracy

RMSprop

O =0, - m!]:

Adagrad

a
0 =0y ———G
\‘Zf.nyf +€

Smothed

®

Initial
classification

Figure 2. Research methodology flowchart.
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Table 1. Descriptive statistics of the database.

Feature East (m) North (m) Elevation (m) Copper grade (%) Molybdenum grade (%) Rock type
Count 5654.00 5654.00 5654.00 5654.00 5654.00 5654
Mean 375606.25 8717015.68 447354 043 0.01 216
Std dev 30724 39354 169.54 029 0.01 0.78

Minimum 374821.06 8716003.08 4050.35 0.00 0.00 100
25% 375393.42 8716738.40 4340.07 023 0.00 2.00
50% 375602.29 8716995.80 446281 038 0.01 2.00
75% 375824.99 871727173 4607.49 058 0.02 3.00

Maximum 376414.81 8718153.15 490214 295 0.09 5.00

Variance 94394.00 154875.00 28743.00 0.084 0.0002 0.61

The grade distribution analysis reveals a positive skewness in both
copper and molybdenum grades, indicating the presence of outliers and
potential heterogeneity in the mineralization. Specifically, the copper
grade ranges from a minimum (Yy,;;,) of 0.002% to a maximum (Y;,q,)
of 2.95%, with a mean of 0.43%. Similarly, the molybdenum grade varies
between 0.00% and 0.09%, with an average of 0.01%. The histograms in
Figure 4 highlight zones with high concentrations, contrasted with areas
of low mineralization, emphasizing the geological variability of the
deposit.

2.3, Selection of variables for classification

To estimate mineral resources, Ordinary Kriging (OK) was applied
using SGEMS software [75, 761, with a block size of 20 x 20 x 20 meters.
The estimation considered directional variograms of copper grade in
three principal directions (0°, 45°, and 90°), reaching a sill value between
150 and 200 meters. A spherical variogram was used, with a maximum
range of 250 meters, an intermediate range of 130 meters, and a
minimum range of 115 meters. To ensure an adequate spatial
representation of mineralization, a search ellipsoid was defined with a
maximum range of 450 meters, a medium range of 250 meters, and a
minimum range of 200 meters, resulting in the estimation of a total of
318443 blocks. Based on this estimation, six key variables were selected
for the classification of mineral resources:

1. Ordinary kriging estimated grade (OK)

2. Average sample distance (AD)

3. Kriging variance (VOK)

4. Number of samples used in the estimation (NS)
5. Geological confidence (CG)

6. Ordinary kriging Lagrangian (LOK)

Each of these variables provides essential information for classifying
mineral resources based on uncertainty and geological continuity.

Ordinary Kriging estimated grade (OK): The estimated mineral grade
(Z~*) represents the interpolated concentration of copper in each block
of the model, based on an optimal weighting of drilling data [77].
Ordinary Kriging minimizes the estimation error variance, producing
optimal values for each block under the assumption of local stationarity
[78, 79]1. The estimation is defined as:

Z7(x) = T LiZ (%) 1)

Where: Z*(x) is the estimated grade at location x; Z(x;) is the
measured grade at sample i, ; are the weights assigned by the Kriging
system and n is the number of samples used in the estimation. This
variable allows for differentiating zones of high and low mineral
concentration, making it crucial in mineral resource classification.

Average sample distance (AD): represents the mean distance between
the estimated block and the samples used in interpolation [80]. It is
calculated as:

1
AD =231, d; )

Where: d; is the distance between the block and sample i; n is the
total number of samples used in the estimation. Blocks with higher AD
values exhibit greater uncertainty in estimation, reflecting areas with
lower drilling data density.

Kriging variance (VOK) (o) quantifies the uncertainty associated
with the estimation of each block. This variable plays a key role in
mineral resource classification, as it provides a measure of confidence in
the estimation [31, 41]. It is defined as:

of = Xi Ay (x, %) 3)

Where: y(x, x;) is the variogram value for the distance between block
location x and sample x; . A high VOK value indicates greater
uncertainty, suggesting that the interpolation is influenced by distant or
scarce data.
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Number of samples used in the estimation (NS): represents the total
count of drilling data used in the estimation of each block [81]. It is
expressed as:

NS =%i,1 (4)

A higher NS value implies greater confidence in the estimation,
whereas low NS values indicate data-sparse zones, leading to higher
uncertainty.

Geological confidence (CG): This index integrates information on
spatial continuity and data quality [82]. It is calculated as:

Yiadi=1+p (5)

Where yu is the Lagrange parameter. Higher y values may indicate
regions of high geological variability, whereas lower values suggest
greater stability in interpolation.

Table 2 presents the statistical summary of the key variables utilized
in the mineral resource classification process. The average estimated
grade (OK) is 0.34%, while the kriging variance (KV) is 0.07. The average
sample distance (AD) is 231.91 m, and the number of samples (NS) used
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in the estimation has a mean value of 124. Additionally, the geological
confidence (CG) is 015, indicating the variability in estimation
confidence. A 3D graphical representation of these variables is presented
in Figure 5.

2.4. Multivariable mixed clustering using K-Prototypes

The classification of mineral resources requires the segmentation of
blocks based on multiple variables, including both numerical and
categorical characteristics. To address this issue, a multivariable mixed
clustering model based on the K-Prototypes algorithm [74] was
implemented. This method allows the simultaneous handling of
continuous and discrete data, making it well-suited for mineral resource
classification. A clustering scheme with three clusters (k=3) was
established, determined by the data structure and the geological
coherence of the deposit. To improve model convergence, the Huang
initialization method was used, a widely validated approach in clustering
problems involving mixed data types. The K-Prototypes algorithm
extends the logic of K-Means [83] and K-Modes [84], enabling the
segmentation of databases that contain both numerical and categorical
variables. Given a mixed database X, consisting of a subset of numerical
variables X, and a subset of categorical variables X_, the objective of the
model is to minimize the following cost function:

J=3r, 2k 80 c)

Where x; represents an observation in the database and ¢; e is the
centroid of the assigned cluster.

The total distance between a given sample x; and its assigned cluster
centroid ¢; is composed of two terms:

d(xi, cj) = dn(xi, cj) +yd.(x;, ¢)) (7)

Where d,(x;, c]-) represents the Euclidean distance between the
numerical variables and d.(x;, ¢;) measures the dissimilarity between
categorical variables. For numerical variables, the distance is computed
as the squared Euclidean norm between the observation and the
centroid of the cluster:

(i) = i~ | ®)

For categorical variables, the matching distance is used, which counts
the number of attributes that differ between an observation and its
assigned cluster:

de(xi¢;) = Ty I(xy # 1) (©))]

Where I(x;, # c;;) is an indicator function that takes a value of 1if the
categorical attributes are different and 0 otherwise. The y parameter in
the equation regulates the influence of categorical variables in the
clustering process. A higher y value increases the importance of
categorical dissimilarity, while lower values prioritize Euclidean
distance for numerical features, allowing a more balanced segmentation
based on both data types.

The K-Prototypes model was implemented using the kmodes library
[84], which allows clustering techniques to be applied to mixed data
types. Parallel processing was enabled with four execution cores (1555 =
4), optimizing the calculation speed and improving cluster assignment
efficiency. To ensure result reproducibility, a random state of 17,276,365
was set. The full hyperparameter configuration of the K-Prototypes
clustering model is detailed in Table 3.

(6)

Table 2. Statistical summary of variables used for mineral resource classification.

Feature OK AD VOK NS LKO CG
Count 318,443.0 318,443.0 318,443.0 318,443.0 318,443.0 318,443.0
Mean 0.34 23191 0.07 124 -0.01 015
Std dev 015 59.19 0.03 70 0.01 0.36

Minimum 0.00 114.27 0.00 10 -0.06 0.00
25% 0.26 189.35 0.05 54 -0.01 0.00
50% 033 224,66 0.08 131 -0.00 0.00
75% 042 269.69 0.09 200 -0.00 0.00

Maximum 221 43319 0.15 200 0.00 1.00
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Table 3. Hyperparameters of the K-Prototypes clustering model.

Model Description Value
n_clusters 3
init “Huang”
K-Prototypes n_jobs 4
random_state 17,276,365
categorical [3]

2.5 Block smoothing using an artificial neural network

The block smoothing process was conducted using a Multilayer
Perceptron Artificial Neural Network (MLP-ANN) [85-87] to mitigate
the spatial variability introduced by block-by-block classification and
enhance the geological coherence in the mineral resource classification.
The neural network was implemented using the TensorFlow/Keras
library [881, which facilitated model optimization.

The implemented MLP model consists of a two-layer architecture
with 64 and 32 neurons, respectively, followed by an output layer
responsible for generating the smoothed block classification. The ReLU

(Rectified Linear Unit) activation function was selected for the hidden
layers due to its ability to accelerate training convergence and mitigate
the vanishing gradient problem. The ReLU function is defined as
follows:

f(x) = max (0, x) (10)

Where x represents the neuron’s pre-activation output. This function
truncates negative values to zero, while positive values remain
unchanged. Each layer in the neural network is mathematically modeled
using the following equation:

h® = FWwORED 4 pO) 11

Where h® represents the output of layer [, W® is the synaptic
weight matrix, b® is the bias term, and f(.) is the element-wise
activation function. To prevent overfitting, a 10% dropout was
incorporated. The hyperparameter configurations for the implemented
MLP-ANN models are detailed in Table 4. As shown in Figure 6, the
model was trained under four different configurations, each using a
different optimizer to evaluate its accuracy in mineral resource
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Table 4. Hyperparameters of the ANN configuration.

Model Description Conf.1 Conf. 2 Conf. 3 Conf. 4
Hidden layers 2 2 2 2
Neurons per layer 64,32 64,32 64,32 64,32
Activation function ReLU ReLU ReLU ReLU
Multilayer perceptron Optimizer Adam RMSprop SGD Adagrad
(ANNs-MLP) Learning rate 0.001 0.001 0.001 0.001
Batch size 32 32 32 32
Epochs 50 50 50 50
Dropout 0.1 0.1 0.1 0.1

classification. The graphical representation of the artificial neural
network architecture is presented in Figure 6.

Adam (adaptive moment estimation): Adam is an optimization
method that combines the first and second moment estimates of the
gradient, allowing for adaptive parameter updates with independent
learning rates [89]. The weight update process follows the equations:

my = Byme_y + (1= B1)ge (12)
v = Bovey + (1= Br)g¢ (13)
0, = 6,4 — ﬁmt (14)

Where m; and v, are the first and second moment estimates of the
gradient, 0, represents the updated weights, « is the learning rate, and
B1. B, are decay rates. The variable g, represents the gradient at time
step t, and the variable € is a very small constant used to avoid division
by zero during the optimization process.

RMSprop (root mean square propagation): This optimizer adjusts the
magnitude of weight updates by normalizing the gradient using a
moving average of squared gradients [90]. It is defined as:

6, = 0, , — @s)

a
mgr

RMSprop improves the stability of optimization when dealing with
data of high variability.

SGD (stochastic gradient descent): SGD is a classical gradient descent
algorithm, which updates weights at every iteration based on the
computed gradient. However, it is highly sensitive to the learning rate
and can oscillate in complex optimization landscapes [91]. The update
rule is:

Oy =06, —ag, (16)

Adagrad (Adaptive gradient algorithm): Adagrad modifies the
learning rate for each parameter independently, adapting to the scale of
past gradients. This allows better handling of sparse data without
requiring manual learning rate tuning [92]. The weight update formula

1s:
a

— e
J2iz197+€

In all configurations, the learning rate was set to 0.001, with a batch
size of 32 and a total of 50 epochs, ensuring training stability.

The evaluation of the artificial neural network model was conducted
using classification metrics, including precision, recall, Fl-score, and
accuracy. These metrics assess the model’s performance in correctly
classifying blocks within the defined categories. Precision measures the
proportion of correctly categorized blocks within a class relative to all
blocks classified in that category:

6, = 6, 1 — a7

TP
TP+FP

Precision = (18)

Where TP represents the true positives and FP the false positives.

Recall evaluates the model’s ability to correctly identify blocks
belonging to a specific category. To obtain a balanced measure between
precision and recall, the Fl-score is used, which combines both metrics
into a single expression. This metric is particularly useful when assessing
model performance in scenarios where class distribution is imbalanced
[93, 94]. Finally, accuracy measures the total proportion of correctly

classified blocks over the total number of evaluated blocks.
TP
Recall = —— (19)
F1 — score = 2x Preci-si‘an x Recall (20)
Precision+Recall

TP+TN
TP+TN+FP+FN

Accuracy = (21)

Where FN represents false negatives. A high recall value indicates
that the neural network successfully classifies most blocks that
genuinely belong to a given class. TN represents true negatives. This
metric provides an overall assessment of the model’s performance,
though it may be less representative in cases where class distributions
are highly imbalanced.

Optimizer

i

1

SGD Adagrad i

a 1

g 1

6 =61 —ag, 0 =61 — gt i
\ Ti, g% +e lE

Figure 6. Architecture of the ANN with the optimizers used.

3. Results

3.1 Block by block mixed multivariable clustering using the k-
prototypes algorithm

The classification of mineral resources was performed using the K-
Prototypes algorithm applied to multiple 2D cross-sections of the block
model. The results reveal three main categories, including Measured,
Indicated, and Inferred each corresponding to varying degrees of
geological confidence. As illustrated in Figure 7, the spatial distribution
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Figure 7. Classification of mineral resources using k-prototypes in different 2D sections.

of these classes demonstrates strong geological coherence: Measured
resources (red) are tightly clustered around drill holes (black dots),
Indicated resources (green) extend into areas with higher data density,
and Inferred resources (blue) occupy the peripheries of the mineralized
domain. The color gradients between classes reflect the enhanced spatial
continuity and reduced fragmentation achieved through neural network
smoothing.

This result is consistent with previous studies, which highlight that
drill hole density and geological continuity are key factors in mineral
resource classification [25, 27].

The clustering performance analysis, summarized in Table 5,
indicates that the model achieves an adequate separation between
clusters. The Silhouette Score of 03496 suggests an acceptable
segmentation with some overlap between categories, while the Davies-
Bouldin Index (0.9560) confirms a good separation between groups.
Lastly, the Calinski-Harabasz Score (162,313) indicates a well-defined
structure, with compact and well-separated clusters, supporting the
effectiveness of the method in mineral resource classification. It is noted
that some category overlap is expected due to the inherent variability in
block classification [14].

Table 5. Clustering performance metrics using k-prototypes.

Metric Value

Silhouette score 0.3496
Davies-Bouldin index 0.9560
Calinski-Harabasz Score 162,313

3.2. Block smoothing using a multilayer artificial neural network

To evaluate the effect of neural smoothing on resource estimation,
the classification results obtained using the Adam optimizer were
analyzed. This method provides a stable and precise adjustment of class
boundaries, reducing abrupt transitions and improving spatial
continuity across the model. As shown in Figure 8, the comparison
before and after smoothing reveals a marked reduction in
fragmentation, with more coherent transitions between Measured,
Indicated, and Inferred categories. The Adam optimizer demonstrates
an effective balance between convergence speed and classification
stability, minimizing estimation noise without compromising accuracy.

The quantitative results, summarized in Table 6, indicate a precision
score of 96% for Measured resources, 91% for Indicated resources, and
89% for Inferred resources, with an overall accuracy of 93%. The high
Fl-scores across all categories suggests that the model trained with
Adam provides a reliable and geologically coherent classification. These
findings are consistent with Desai [71], who demonstrated that Adam
provides more stable convergence in machine learning applications due
to its ability to dynamically adjust adaptive learning rates.

Table 6. Accuracy of the Adam optimizer in ANN for mineral resource
classification.

Resources Precision Recall F1-Score
Measured 0.96 0.97 0.97
Indicated 091 0.89 0.90
Inferred 0.89 091 0.90
Accuracy 093

The classification performance of the RMSprop optimizer was also
assessed to analyze its behavior in the context of neural network
smoothing. This method enhances the internal cohesion of classified
blocks, although certain discontinuities remain evident at the
boundaries between resource categories. As illustrated in Figure 9, the
comparison between pre- and post-smoothing results shows improved
consistency within classes, yet some segmentation persists likely due to
RMSprop's sensitivity to data with high variability, as previously noted
by Hassan et al. [72].

The results presented in Table 7indicate a precision of 96% for
Measured resources, 92% for Indicated resources, and 87% for Inferred
resources, with an overall accuracy of 92%.

Table 7. Accuracy of the RMSprop optimizer in ANN for mineral resource
classification.

Resources Precision Recall F1-Score
Measured 0.96 0.96 0.96
Indicated 092 0.86 0.89
Inferred 0.87 092 0.89
Accuracy 0.92
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Figure 8. 2D visualization of mineral resource classification using the Adam optimizer in ANN. Left: classification without smoothing. Right: smoothed classification.
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Figure 1. 2D visualization of mineral resource classification using the RMSprop optimizer in ANN. Left: classification without smoothing. Right: smoothed classification.

The application of the SGD optimizer to resource classification
reveals limitations in smoothing performance, particularly in terms of
spatial fragmentation. Compared to Adam and RMSprop, SGD exhibits
slower convergence and greater sensitivity to hyperparameter settings.
As evidenced in Figure 10, the resulting classification after smoothing
shows higher levels of fragmentation, indicating that additional
calibration is necessary to achieve coherent transitions between
resource categories.

According to the results in Table 8, the precision reaches 96% for
Measured resources, 91% for Indicated resources, and 89% for Inferred
resources, with an overall accuracy of 92%. These findings align with
those reported by Battalgazy et al. [14], who noted that the performance
of SGD heavily depends on accurate hyperparameter calibration,
particularly on the learning rate.

Figure 11 presents smoothing results using the Adagrad optimizer,

highlighting its lower homogenization capability compared to other
optimizers. Discontinuities are observed in the smoothed classification,
particularly in the transition between Indicated and Inferred resource
blocks, which may be attributed to Adagrad’s adaptive learning rate
strategy. While this strategy makes it suitable for sparse or highly
heterogeneous data, in this case its limited ability to homogenize
classified blocks exposes its constraints [22].

Table 8. Accuracy of the SGD optimizer in ANN for mineral resource
classification.

Resources Precision Recall F1-Score
Measured 0.96 0.96 0.96
Indicated 091 0.90 0.90
Inferred 0.89 0.90 0.90
Accuracy 0.92
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Figure 10. 2D visualization of mineral resource classification using the SGD optimizer in ANN. Left: classification without smoothing. Right: smoothed classification.
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Figure 11. 2D visualization of mineral resource classification using the Adagrad optimizer in ANN. Left: classification without smoothing. Right: smoothed classification.

The values in Table 9 indicate a precision of 94% for Measured
resources, 89% for Indicated resources, and 85% for Inferred resources,
with an overall accuracy of 90%.

3.3 Optimizer comparison

Figure 12 presents the confusion matrices obtained for mineral
resource classification using different optimizers in the artificial neural
network (ANN). The Adam optimizer (A) exhibited the best
classification distribution with the fewest prediction errors between
categories, followed by RMSprop (B), which maintained high precision
but showed slightly increased confusion between Indicated and Inferred
resources. In contrast, SGD (C) and Adagrad (D) resulted in higher
classification dispersion, indicating a lower generalization capacity of

the model in these cases.

Table 11 quantifies the overall performance of each optimizer in terms
of classification accuracy. The Adam optimizer achieved the highest
accuracy (93%), followed by RMSprop and SGD (92%), while Adagrad
obtained the lowest accuracy (90%), demonstrating its lower
effectiveness in mineral resource classification. These findings align with
studies emphasizing Adam’s superiority in complex classification
applications [71, 73]. Figure 13 compares 2D block classification results
obtained through K-Prototypes clustering (A) before smoothing and
after applying different ANN optimizers (B, C, D, and E for Adam,
RMSprop, SGD, and Adagrad, respectively). It is evident that Adam and
RMSprop produce a more coherent spatial distribution, while SGD and
Adagrad result in greater spatial fragmentation, reflecting lower
classification stability.
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Table 10. Computational cost in mineral resource classification Table 11: Accuracy comparison in mineral resource classification.
Optimizer Epochs completed Time (seconds) Metric Accuracy
Adam 48/50 490 ANN-Adam 093
RMSprop 47/50 534 ANN-RMSprop 0.92
SGD 45/50 485 ANN-SGD 092
Adagrad 47/50 550 ANN-Adagrad 0.90
B
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Figure 12. Confusion matrix for mineral resource classification using ANN. A: Adam optimizer. B: RMSprop optimizer. C: SGD optimizer. D: Adagrad optimizer.
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Figure 13. 2D visualization of mineral resource block classification. A: K-Prototypes classification without smoothing. B: Smoothed classification with Adam optimizer. C:
Smoothed classification with RMSprop optimizer. D: Smoothed classification with SGD optimizer. E: Smoothed classification with Adagrad optimizer.
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Figure 14 presents the box plots of the study variables for mineral
resource classification using different optimizers. These visualizations
illustrate the distribution and variability of key parameters across the
Adam, RMSprop, SGD, and Adagrad optimizers.

Figures 15, 16, and 17 depict the tonnage vs. mean copper grade
relationships for Measured, Indicated, and Inferred resources,
respectively. In general, the Adam and RMSprop optimizers exhibit a
more stable trend compared to SGD and Adagrad, indicating greater
reliability in mineral resource estimation. A progressive decrease in
mean grade is observed as tonnage increases, which is an expected trend
in mineral resource classification. The classification of mineral resource
blocks exhibits notable differences among the evaluated optimizers. The

Variance (VOK)
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SGD optimizer produced the highest number of measured resource
blocks (76,842 blocks), whereas RMSprop yielded the lowest (72,643
blocks). Conversely, in the indicated resource category, RMSprop
classified the highest number of blocks (123,858), while SGD had the
fewest (119,859). In the inferred resource category, the results were more
consistent across all optimizers, ranging between 121,742 and 123,169
blocks, with Adagrad reporting the highest. These findings suggest that
models trained with Adam and SGD tend to classify a larger number of
measured blocks, likely due to their parameter adjustment and
regularization capabilities. This aligns with Cevik et al. [25], who
emphasized that model performance strongly depends on the
optimizer’s parameters and the density of available data (see Table 12).
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Figure 14. Box plot of study variables for mineral resource classification using different optimizers.
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Figure 15. Tonnage—mean grade curves for measured resources. A: Adam. B: RMSprop. C: SGD. D: Adagrad.
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Figure 16. Tonnage—mean grade curves for indicated resources. A: Adam. B: RMSprop. C: SGD. D: Adagrad.
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Figure 17. Tonnage—mean grade curves for inferred resources. A: Adam. B: RMSprop. C: SGD. D: Adagrad.

Table 12. Comparison of the number of blocks classified across mineral resource categories

Resource ANN-Adam ANN-RMSprop ANN-SGD ANN-ADAgrad
Measured 75,869.00 72,643.00 76,842.00 73,198.00
Indicated 120,039.00 123,858.00 119,859.00 122,076.00
Inferred 122,535.00 121,942.00 121,742.00 123,169.00

The total tonnage estimation also differs among optimizers. Models
trained with Adam and SGD produced the highest tonnage values in the
measured resource category, at 1,395.99 Mt and 1,413.89 Mt, respectively.
Conversely, RMSprop and Adagrad reported lower values, at 1,336.63
Mt and 1,346.84 Mt, respectively. In the indicated resource category,
RMSprop generated the highest total tonnage (2,278.99 Mt), while SGD
produced the lowest (2,205.41 Mt). For inferred resources, the estimates

were more homogeneous across optimizers, with differences of
approximately 26 Mt, with Adagrad having the highest estimation
(2,266.31 Mt) and SGD the lowest (2,240.05 Mt). These variations
highlight the optimizer's influence on total tonnage estimation and
resource classification (see Table 13). The fine copper tonnage analysis
further underscores optimizer-specific variations. SGD and Adam
yielded the highest estimates for measured resources, at 5.47 Mt and 5.40
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MLt, respectively, whereas RMSprop and Adagrad recorded lower values,
at 517 Mt and 533 Mt, respectively. In the indicated resource category,
RMSprop (6.77 Mt) and Adagrad (6.67 Mt) achieved the highest fine
copper estimates, while SGD and Adam provided similar values (6.55
Mt and 6.56 Mt, respectively). In the inferred resource category, the
differences between optimizers were marginal, ranging from 6.25 Mt to
632 Mt, with Adagrad producing the highest estimate. These findings

JMGE |}

indicate that SGD and Adam tend to yield higher fine copper tonnage
for measured resources, whereas RMSprop and Adagrad favor higher
values for indicated and inferred resources (see Table 14).

These variations highlight the impact of optimizer selection on model
stability and resource estimation accuracy [14, 46]. Furthermore, Adam
and RMSprop exhibit more stable trends, aligning with the classification
accuracy and consistency criteria established by Rossi et al. [55].

Table 13. Comparison of total tonnage across mineral resource categories.

Resource ANN-Adam (Mt) ANN-RMSprop (Mt) ANN-SGD (Mt) ANN-ADAgrad (Mt)
Measured 1395.99 1336.63 1413.89 1346.84
Indicated 220872 227899 2205.41 2246.20
Inferred 2254.64 224373 2240.05 226631
Table 14. Comparison of fine copper tonnage across mineral resource categories.

Resource ANN-Adam (Mt) ANN-RMSprop (Mt) ANN-SGD (Mt) ANN-ADAgrad (Mt)
Measured 5.40 517 547 533
Indicated 656 6.77 655 6.67

Inferred 6.29 6.26 6.25 632

4. Conclusions

The objective of this study was to evaluate the accuracy of different
optimizers in mineral resource classification using a multilayer artificial
neural network (MLP-ANN), with a particular focus on block
smoothing and on reducing spatial fragmentation. The results
demonstrated that the Adam optimizer achieved the highest overall
accuracy, at 93%, outperforming RMSprop and SGD (92%) and
Adagrad (90%). Additionally, Adam improved spatial continuity in the
classification, particularly in measured resources, where it classified
75869 blocks with a total tonnage of 1395.99 Mt and a fine copper
tonnage of 540 Mt. These findings highlight the effectiveness of Adam
in complex geological applications, providing a more reliable and
geologically consistent classification aligned with the characteristics of
the deposit. The analysis of other optimizers revealed that RMSprop
yielded a higher estimate for indicated resources, with a total tonnage of
227899 Mt and a fine copper tonnage of 6.77 Mt, while SGD exhibited
strong performance in measured resources, reporting the highest fine
copper tonnage (547 Mt). Adagrad, despite having the lowest overall
accuracy, resulted in the highest estimation for inferred resources,
classifying 123169 blocks with a total tonnage of 2266.31 Mt and a fine
copper tonnage of 6.32 Mt. These variations emphasize how optimizer
selection influences mineral resource estimation and classification,
providing valuable insights for strategic mine planning.

Among the limitations of this study are the dependency on database
characteristics, such as drill hole density and geological heterogeneity,
which suggests the need to validate these results in other deposits under
different conditions. An important identified limitation in the
application of artificial neural networks is their high computational cost,
especially which is relevant in contexts with hardware limitations or
large-scale databases. Future research could explore dynamic
hyperparameter optimization during model training, integrating hybrid
approaches that combine neural networks with traditional geostatistical
methods. Additionally, the implementation of advanced deep learning
techniques, such as convolutional neural networks or attention-based
models, could further enhance classification accuracy and model
stability in mineral resource estimation.
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