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Abstract: Interdisciplinary barriers separating data scientists and geometallurgists have complicated
systematic attempts to incorporate machine-learning into mine production management; however,
experiences in excavating a vein-hosted gold deposit within the Alhué region of Chile have led
to methodological advances, which is the subject of the current paper. These deposits are subject
to several challenges, from increasing orebody complexity and decreasing gold grades to the sig-
nificant geological uncertainty that is intrinsic to these systems. These challenges then translate
to mineral processing, which is already dealing with increased environmental and technological
constraints. Geological uncertainty causes stockout risks that can be mitigated by the approach
that is developed within this paper, which features alternate operational modes and related control
strategies. A digital twin framework based on discrete event simulation (DES) and a customized
machine-learning (ML) model is proposed to incorporate geological variation into decision-making
processes, including the setting of trigger point that induces mode changes. Sample calculations
that were based on a simulated processing plant that was subject to mineralogical feed changes
demonstrated that the framework is a valuable tool to evaluate and mitigate the potential risks to
gold mineral processing performance.

Keywords: machine-learning; discrete event simulation; digital twin; random forest; gold processing;
operational modes

1. Introduction

Gold has been one of the most important and sought-after precious metals throughout
human history. Its uses have ranged from jewelry, ornaments, and luxury items, to functions
as money and capital reserves, and, more recently, as a main technological component
benefitting modern-day living standards. Nevertheless, its extraction and beneficiation
processes are becoming increasingly complex and are limited by several challenges.

Mining systems are designed and configured to obtain maximum profits that are
bounded by technological limitations, environmental regulations, and the tactical restric-
tions that align operational short-term and strategic long-term objectives. This is par-
ticularly relevant in the gold mining industry which is currently faced with increasing
complexities that are related to deposit locations and morphologies, decreasing gold grades,
and difficult metallurgical profiles such as lower gold–sulfur ratios and higher proportions
of impurities (i.e., penalty elements). These factors are especially impactful to deposits
that operate with tight margins [1]. One of the main challenges confronting the gold
mining industry is the geological uncertainty that is associated with increased variabil-
ity and complexity of mineral distributions in newer discoveries. It is, therefore, critical
that the strategic decisions to develop a mineral deposit take this geological uncertainty
into account [2].
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The often complex, erratic, and localized nature of gold is a common feature of many
vein-style gold deposits [3] and can generally be linked to the underlying mineralogical dis-
tributions and downstream geometallurgical variables which are also heterogeneous. The
uncertainty regarding ore grade, spatial distribution of the different host-rock lithologies,
and the variability of metallurgical parameters are important aspects to consider during
the mine planning process. Indeed, the incorporation of geological uncertainty into the
block model (using computer aided design) is a main factor to determine how the deposit
will ultimately be exploited. Moreover, the prediction of mining losses (as in room and
pillar, and strip methods), depends on the incorporation of geological uncertainty within
the control strategies and affects forecast production volumes and required adjustments of
downstream processes. These challenges depend considerably on the genetic model of the
deposit and the related spatial variability [4,5]. The geological uncertainty stems from our
limited knowledge of the deposit due to finite sampling of the orebody and surrounding
areas [3]. Thus, our knowledge of the correct geological model, deposit genesis, and ore
characterization are also limited, which affects the ability to properly evaluate resource and
reserve bases [5,6].

Along with the geological uncertainty, there could be potential significant mineralogi-
cal changes that could have important negative effects on the overall mine operation. This
is due to the fact that a large portion of the sampling and testing prior to development
takes place in the early stages of project evaluation with ore that is reachable through
common methods such as surface drilling. Significant changes in ore characteristics are
commonly observed both laterally and to depth; in other words, ore that is exploited in
the early production stages (e.g., bulk samples) does not necessarily fully represent the
characteristics of the entire deposit. Therefore, plants may face two main alternatives to
respond to drastic mineralogical changes and related metallurgical responses: (1) make
significant investment in assets to add new processing pathways, or (2) develop mineral
blending strategies to achieve improved stability in ore feeds over an extended mine life
period. Blending is useful to plan block extraction over a number of years; each block must
be assigned to a destination process stream while also satisfying various constraints, such as
the availability of operational resources (e.g., transportation and equipment) and maximum
or minimum concentrations of target minerals or impurities [4]. Blending strategies that
are paired with alternate modes of operation in the planning and development of mineral
processing plants represent a viable alternative to maximize productivity.

The issues of aging mines that seek to maintain competitivity are longstanding [6]. In
recent years, however, there has been growing interest in incorporating machine-learning
into operational decision-making, leading to concise treatments such as that of Burkov [7].
Such treatments are intended for broad appeal to industrial practitioners, as well as data
scientists and researchers. However, these general treatments of machine-learning enabled
control do not address the particularities of mining development, including geological
uncertainty. Indeed, the underdevelopment of methodologies that incorporate machine-
learning into mining control decisions can lead to confusion, which is effectively another
form of uncertainty, i.e., “what can we do with these novel techniques at our mine site?”,
“How might they be useful to us in practice at our mine?”, etc. which is confounded with
the aforementioned geological uncertainty.

The advantage of a long-running mine is the practical experience that the local staff
have accumulated over years and the deep knowledge that they have about their process
and orebody. Following observations at their mine site, geometallurgists may form hy-
potheses of the type; the coordination of these aspects of the geology with those aspects of
the metallurgical process would enhance the competitivity of the mine. Prior to recent de-
velopments, the testing of these hypotheses might have been limited the fitting of linear and
multilinear regressions, which can actually be considered as a form of machine-learning (See
Section 2.1). Moreover, the comprehension of the physicochemical phenomena may benefit
from a combination of theoretical and experimental analysis. However, a more complete
testing of the geometallurgically-driven hypothesis would consider other machine-learning
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techniques that can address the nonlinear and nested complexity that relates geological
attributes to metallurgical extraction [7]. Furthermore, it remains unclear how a proposed
machine-learning scheme will function when confronted with the geological variation of a
given mine site unless it can be brought into an integrated simulation platform that mimics
the mine site.

The objective of the current study is to reconcile the interdisciplinary divide between
geometallurgists and data scientists by demonstrating a simulation methodology to formu-
late and evaluate the machine-learning-assisted characterization of geological uncertainty
to be used in the development of integrated control strategies. The methodology builds on
knowledge of machine-learning techniques, discrete event simulation, and digital twin de-
velopment, as described in the following section, which each contribute to the subsequent
sample computations (Figure 1). These computations were developed in collaboration with
the Florida Mine (located in the Alhué district of Chile), demonstrating a random-forest
machine-learning model that was applied to industrial data, and thus demonstrating the
potential impact of the operational policies that are proposed. Following the computa-
tions there is a concluding discussion, highlighting the main aspects of the experience in
developing the methodology and computations, as well as potential future work.
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2. Methodology Development
2.1. Machine-Learning

Machine-learning is a subfield of computer and data science that is concerned with
designing and building algorithms that are capable of ‘learning’ (i.e., improving its pa-
rameters) from a collection of examples of some observable phenomenon [7]. Figure 2
shows a commonly-applied classification scheme for different machine-learning models
that, based on the data that are used to train the model, could be categorized as supervised,
unsupervised, and reinforcement learning. Table 1 expands upon the structure of Figure 2
to include specific machine-learning models, some of which can be adapted for more than
one of the categories of Figure 2. Moreover, the general models that are listed in Table 1
can be customized or adapted into particular models that are not explicitly mentioned in
the table. Each of the models and approaches that are described in Table 1 have extensive
literature, which can be overwhelming to practitioners within the mining industry. These
techniques are recognized as having contributed to optimal resource allocation and process
optimization in numerous industries, but it is usually unclear how these techniques may be
combined to enhance specific mining operations. The current paper presents an approach
to experiment with adaptations of these algorithms within a virtual representation (simula-
tion) of a mine, prior to actual implementation. The divisions within Figure 2 and Table 1
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are further explained below, prior to focussing on one particular machine-learning model,
random forests.
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Table 1. A non-exhaustive list of machine-learning models and approaches that are categorized
according to basic types of machine-learning.

Machine-Learning Model Regression Classification Unsupervised
Learning

Reinforcement
Learning

Linear and multilinear regression X - - -
Polynomial regression X - - -

Logistic regression X X - -
Kernel regression X - - -

Artificial neural network X X - -
Decision trees X X - -
Random forest X X - -

Support vector machine - X - -
Naïve Bayes classifier - X - -

K-means clustering - - X -
Hierarchical clustering - - X -
Mean shift clustering - - X -

Density-based clustering - - X -
Principal component analysis X - X -

Reinforcement learning based on
Q-Learning - - - X

Partially supervised reinforcement learning X X - X

In supervised learning, the dataset is a collection of labeled examples, i.e., the dataset
is organized to distinguish between attributes that are inputs and those that are outputs; in
this case, the machine-learning algorithms are used to create a map that relates the inputs
to the outputs. On the other hand, unsupervised learning uses a collection of unlabeled
examples from which the algorithm aims to discover the underlying patterns in the data;
this may involve partitioning the data into well-characterized clusters [7], noting that
Table 1 lists four such clustering techniques. Thirdly, reinforcement learning describes a
dynamic process, which may or may not benefit from an initially available set of data but
is instead concerned with interacting with a system to progressively enhance its learnt
understanding (parametrization) of the system.

As shown in Figure 2, supervised learning algorithms can be further subdivided into
regression and classification models, which are regarded separately within Table 1. Whereas
regression involves the generation of continuous target values, classification is focused
on determining discrete outputs (classes). Both of these model types are trained based on
a set of predictor input variables and corresponding output values. Certain approaches
are routinely adapted for both purposes, although not all adaptations are included in
Table 1, e.g., multilinear regression can be adapted for categorization, for example if the
output variable is postprocessed to give a 0–1 indicator variable; however, this task is
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more properly accomplished through logistic regression. The sample computations that
are presented later in the paper (Section 3) focus on random forest classifiers, due to
their relative simplicity and wide acceptance. Indeed, a random forest algorithm will be
incorporated into a discrete event simulation (DES), to demonstrate the role of DES in the
development of machine-learning-enabled digital twins.

However, the flexibility of the current framework would allow for the integration
of other machine-learning techniques, depending on the specific application. Machine-
learning and artificial intelligence are now at the forefront of modern automation technol-
ogy, influencing almost every industry. As such, the utilization of such tools in the mining
space are beginning to accelerate. Recent work covers mineral exploration, planning, oper-
ation, and mineral processing [8–10], although these works do not present the connection
to digital twin control strategies. A number of recent reviews that are specific to mineral
processing highlight the current state-of-the-art and research trends, and outline key areas
of interest as a pathway forward in the mining industry. Ali and Frimpong [8] emphasize
that future work should focus on generalizable models that can be applied to different
settings or target commodities. McCoy and Auret [9] point out that machine-learning tech-
niques are frequently applied as soft sensors for the prediction of difficult or infrequently
measured variables but are often not integrated with quantitative frameworks that could
be fed with those measurements. Finally, Cisternas et al. [10] stressed the importance of
integrating detailed optimization models, e.g., at the molecular level, into higher level
models to improve overall system performance. Our work is well-placed within the current
literature by presenting a holistic and flexible framework for mine production control that
lowers the entry barriers for industrial-scale design and implementation.

The remainder of this section focusses on random forests, in anticipation of their
usage within Section 3. A random forest is an ensemble-supervised machine-learning
model that is used for classification and regression tasks by combining multiple decision
trees [11]. These decision trees depend on the values of a random vector that is sampled
independently from the set of features and with the same distribution for every tree in a
method that is known as bootstrap aggregating (a.k.a. bagging) [12]. Within each tree, splits
are generated to maximize the decrease of impurity that is introduced by a split [13]; the
so-called “impurity” refers to the likelihood of incorrectly classifying a randomly chosen
element in the dataset if it were given a random label based on the class distribution.

The random forest algorithm is resistant to problems of overfitting, and, therefore,
performs comparatively in the presence of noisy data [13]. Moreover, its simplicity and
relatively easy implementation makes it a popular algorithm that has been widely used in
several fields for classification and regression problems [14].

In a classification model, decisions are made by averaging the class assignment prob-
abilities that are produced by every tree. Prediction of a new datapoint is produced by
evaluating every decision tree in the forest, with each casting a class membership vote, as
illustrated in Figure 3. The final membership class is decided by plurality vote.

Normally, the main parameters that are set to implement the algorithm are the number
of trees and the number of features that are used in each. The number of trees (each
with low bias and high variance) determines the size of the forest [11], and the number
of features determines the number of variables to select and test for the best split in
each new tree instance. The value that is used for the number of trees could be in the
range of 100–500 [15]; too far beyond this number of trees typically results in diminishing
returns [16]. The number of variables is generally equal to the square root of the number
of inputs [17].

Due to the difficulty in interpreting the forest of trees that are generated, variable
importance and selection methods are used to understand the interactions of the input
variables on the output results. In particular, Gini importance, also known as impurity
importance, is calculated for each variable as the sum of all decreases in the impurity
measure at all nodes in the forest at which a split on the selected variable has occurred [13].
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To evaluate model performance, the two most frequently used metrics are precision
and recall. Precision is defined as the ratio of correct positive predictions to the overall
number of positive predictions, meanwhile recall is defined as the ratio of correct positive
predictions to the overall number of positive examples in the test set [7]. To complement
the results, additional receiver operating characteristics (ROC) curves can be plotted to
evaluate the classification model and visualize its performance by depicting the relative
trade-offs between benefits and costs [18].
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2.2. Discrete Event Simulation

Discrete event simulation (DES) is a computational paradigm to develop dynamic
models that include the interaction of critical variables and processes of discrete event
systems. These systems are characterized by a discrete state space in which its state
evolution depends on asynchronous discrete events over time [19]. In this discrete space,
objects (a.k.a., entities) are represented individually and can be tracked through the system.
Specific attributes are assigned to each individual object and determine what happens to
them throughout the simulation. Many of the earliest applications of DES that were related
to queuing networks, such as in job shops and other manufacturing contexts, in which
the attributes describe the objects (entities) and the processes that transform these objects.
Due to its discrete nature, state changes occur at discrete points in time. In recent years,
its use and capabilities have been enhanced with the appearance of fast and inexpensive
computing capacity [20].

Computer-based DES is a powerful design and testing tool to support decision-making
within industrial systems by simulating thousands of operational days to evaluate the
impact, bottlenecks, risks, and other deficiencies of operational policies. DES frameworks
can then be used to develop digital twins to design and test operational policies at all
stages of the mining life cycle [21], especially within multiphase engineering projects and
continuous improvement initiatives [22].
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One of the key differences between mining and other industrial systems is that mining
operations are subject to geological uncertainty. In other words, due to the natural vari-
ability of orebodies and host geological environments, there is uncertainty as to whether
actual ore feed characteristics will vary from the expected composition. Each deposit may
have a minimum grade (i.e., the ore cut-off grade), and other criteria that would determine
whether sections of it can be profitably excavated and processed. As DES offers the flexi-
bility to incorporate random distributions, the geological uncertainty (and its economic
implications) can be modelled and mitigated by the implementation of operational buffers,
such as flexible blending strategies, stockpiles, pre-treatment processes, and alternative
operational modes.

In the mining industry, DES is used to conduct “what-if” analysis by supporting
mining engineers and management in decision-making [23], particularly in the analysis
of operational buffers. Indeed, DES frameworks have been applied to material manage-
ment, equipment selection, transportation, and continuous mine system simulation. Other
studies have explored DES applications for mine–mill modelling [24]; these include the
use of DES to quantify the impact of ore-type spectral imagery, the use of solar power
on semi-autogenous grinding (SAG) mills, and stochastically predicted ore production
based on a truck haulage system [25]. More recently, work by Navarra et al. [26] opened
a new research area regarding mineral processing and simulation through mass balance
and mathematical programming by proposing the use of alternate operational modes. This
approach combined with DES has been applied in several areas of the mining industry, such
as concentrator and smelter dynamics [27–29], heap leach processes [30], chromite benefici-
ation modeling [22], reagent consumption in gold processing [31], oil sands processing [21],
and tailing retreatment applications [24].

Currently, areas such as manufacturing [32] and healthcare [33] have been adopting
new strategies to integrate ML models into DES frameworks to produce better results and
more realistic representations. More precise representations of the process variability and
the consequences of operational decisions can help develop better control strategies [31,33].
Greasley [34] reviews several different architectures that implement commercial off-the-
shelf (COTS) DES and machine-learning models, which are summarized in Figure 4. In
the offline category (Figure 4a), the interaction between DES and ML occurs via data files
that contain the output of one of the models, which later serves as the input for the other.
Conversely, the online category (Figure 4b) integrates both models through a data interface
that does not require human intervention; communication can occur directly between
software programs, or via servers and/or the internet.
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Based on these architectures and their interactions, ML strategies can serve to model
input data for a DES framework, or outright give the instructions to build the DES model,
providing a digital reality [35]. This digital reality that is generated through data-driven
methods enables reconfigurations of the simulation model to reflect the actual state of
the system as digital twins. Similarly, DES can serve to model input data and serve as an
experimentation and analysis tool for subsequent ML modeling [35]. This study develops
an offline model with an architecture that develops a DES through a ML-assisted ore
classification.

2.3. Digital Twin Development

To model complex situations, such as geological uncertainty in mining systems, opera-
tional models must be able to represent and respond to the most impactful aspects of the
operational variability. Recent work by Navarra et al. [28] developed a DES framework to
provide a representation of feed stockpiles via mass balancing to assess operational risk
caused by unexpected changes in ore feed attributes. The risk of stockout is then mitigated
by the alternation of operational modes with different blending strategies.

This version of the model is fed with sampled data derived from theoretical distribu-
tions based on the expected behaviour and incorporating a controlled level of uncertainty
(e.g., standard deviation) through random number generation. Though this Monte Carlo
approach allows for a good estimation in the design stages of a processing plant, later
stages could benefit from increased geometallurgical and operational data by incorporating
other methods such as geostatistical modeling [24] or predictive ML models [21] to develop
the input data.

In this context, DES models can be expanded and consolidated to develop so-called
digital twins. A digital twin can be defined as an integrated simulation of a system that
uses the best available data models, updates, and history to mirror the behaviour of the
corresponding physical system [35]. However, there are a variety of different types of
digital twins depending on the specific application and related classification scheme [36].
For instance, a digital twin can be classified based on its level of integration. Whereas
offline twins (a.k.a., digital models or shadows) depend on manual data exchanges between
the physical and digital systems, full online implementations rely on sensors and other
control systems to maintain automatic bidirectional data flow [36].

The concept of the digital twin is often credited to Grieves’ 2002 work that is related to
product lifecycle management (then coined ‘Mirrored Spaces Model’) [37], with the now
widely used term ‘digital twin’ used by NASA in 2010 [38]. However, the general approach
was actually pioneered by NASA’s aerospace program in the 1960s [39]. Regardless,
research interest in digital twins and their use in industrial settings have accelerated over
the last two decades. In fact, some estimates indicate the digital twin market could be
worth as much as nearly US $50 billion by 2026 [40]. Despite this, the use of digital twins in
the mining industry remains fairly limited to date, although interest and work in this area
are rapidly gaining interest.

While certain offline digital twin solutions have been offered by service providers
for several years, real-time online digital twins in the mining space have only begun
to emerge in the last three to five years, and mostly remain under development. Early
examples include the creation of digital twins by Andritz Automation for the cyclone feed
line and underflow/overflow processes at OceanaGold’s Haile mine in South Carolina
(2017) [41], and by Petra Data Science for monitoring the effects of blasting parameters
(e.g., blasthole spacing) on mill throughput at PanAust Ltd.’s Ban Houayxai mine in Laos
(2018) [42]. Nonetheless, research and development of digital twin applications within
the mining industry remain very much ongoing, particularly for mineral processing and
related mine-to-mill integration.

To this end, a combined framework implementing machine-learning and discrete
event simulation could be a powerful tool to stabilize mineral processing plant perfor-
mance in response to predicted geological uncertainty earlier in the value chain. The
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architectures that were described by Greasley [34] (Figure 4) provide some insight into
digital twin development. Traditionally, the inputs are generated by sampling data from
rules and theoretical distributions that are derived from domain knowledge, as was already
mentioned. As an extension, this study proposes a machine-learning model that is based
on random forest classification to generate data that is subsequently consumed by the DES
framework model of Navarra et al. [28]. A similar approach was used by Wilson et al. [21]
to create a digital twin which integrated partial least squares regression modelling into
DES to model oil sands processing.

The high-level structure of the proposed methodology for digital twin development is
represented in Figure 5, wherein real sampled data are passed into a predictive classification
model to generate the proper inputs into the DES framework. The final output of the DES
framework, which considers the geological variability that is inherent to mineralized sys-
tems, could then assist with the decision-making process in the design stages of production
planning. In this form, the digital twin is initially intended for offline use; however, as plant
development progresses and operational data accumulates, the framework can eventually
be incorporated into the control system of the mine, to provide real-time feedback. It is
important this transition occurs gradually, beginning with one-way automatic data transfer
from the physical system to the digital twin, to ensure the appropriate functioning of
the virtual framework. At this step, data flowing from the physical system (e.g., assay,
mineralogical, or sensor data) goes directly to the data collection process of the digital
twin. With sufficient validation and proof-of-concept, the digital twin can then be brought
fully online to support a two-way automatic data exchange; such a real-time feedback
loop has the advantage of simultaneously performing forward predictions and backward
reconciliations to optimize the system parameters. DES can thus be an important avenue to
develop digital twins for a variety of applications within dynamic mining systems.
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The current approach proposes data flows between the physical system and the digital
twin, via their respective control systems (Figure 5) that are initially offline, i.e., utilizing
data files (Figure 4a). This data informs the adjustments of the real and virtual control
systems. In subsequent development, the transmission of data and instructions can be
brought online through the development of data interfaces (Figure 4b). The following
section provides sample calculations in the context of a vein-hosted gold deposit. The
comprehension of the real mining system (Figure 5, left side) requires inflows of the most
critical data, which is site-specific; in some cases, for instance, the ore dilution at the stage
of transportation (lauding and hauling) might be critical, in which case this data should be
incorporated into the control system.

It should be noted, however, that the control strategies are constrained by the under-
lying technological infrastructure. This is especially true for underground autonomous
mining equipment, which can intermittently lose communication with the overarching
control system [43]; indeed, early adopters of automated hauling systems (AHS) such
as Codelco, Rio Tinto, and others, reported that unreliable data transmission and the re-
sulting operational issues were a main reason preventing their wider adoption at more
of their sites [44]. Following these earlier efforts, there have been advances in cellular
technology, including high-performance protocols such as 5G, which will have increasing
importance within mine control strategies. The communication framework is effectively the
technological infrastructure for digital twin development. In the context of a development
project, an offline simulation (Figure 4a) may be extended or adapted to actively inform the
online control system (Figure 4b), but may be limited by the communications infrastructure,
including routers, load balancers, cloud computing resources [45], etc. that are becoming
increasingly prevalent in industrial control systems. The implementation of an online
digital twin may, therefore, be part of a larger project, which includes the simultaneous
upgrading of the infrastructure and the control strategies; a similar discussion has been
described in the context of smelter operations [27] and has a broader relevance throughout
the minerals industry.

Figure 5, in relation to Figure 4, is illustrative of our general approach to digital twin
development. It is a general guide to first develop an offline simulation that incorporates
control mechanisms explicitly within the simulation; DES models that follow this approach
can then be extended/adapted into the real-time control system of a functional mine, but
this may require a simultaneous upgrade of the of the underlying infrastructure [27,45].
This is distinguished from other applications of DES that do not explicitly simulate the
control mechanism and are, therefore, not directly related to digital twin development.
Moreover, the approach of Figure 5 allows the testing and refinement of machine-learning-
enabled control strategies, prior to their deployment in an actual mine. It should be noted,
however, that Figure 5 is intentionally general and its application requires context, e.g., the
following section adapts our general approach for gold production using real industrial
data from the Alhué district to parameterize machine-learning-enabled control strategies.

3. Sample Calculations

To demonstrate the overall framework, sample computations consider a generic vein-
hosted gold deposit that is loosely based on mineralogical changes that are observed at
several type examples that are located in Chile. In general, vein-hosted gold deposits are
closely related with fault systems, dilatational fractures, or other structures which act as
fluid conduits for large volumes of hydrothermal fluids and structural traps to concentrate
the precious metal [46]. Several vein-hosted gold deposits have different genetic models,
such as orogenic, epithermal (high and low sulphidation), Carlin-type, and turbidite-hosted,
among others. Vein-type gold deposits are characterized by the sizes and geometries of
orebodies, mineralization styles, and the deformation history of vein-forming events. Most
mineralized zones occur within or proximal to shear zones, particularly those in larger
systems with intersecting structure sets [47], which can generate tabular-shaped ore shoots.
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Such deposits can extend on the order of hundreds of meters along two dimensions with
substantially less breadth along the third minor dimension [48].

An important factor to consider is the interaction of an orebody with other geological
features, such as the water table, topography, emplacement depth, uplift/exhumation pro-
cesses, and younger faults. Any such feature can result in post-depositional mineralogical
changes which can lead to significant geological variability and related uncertainty for
a given orebody. A good example of this type of interaction exists in the Alhué mining
district, where the distribution of metallurgical domains is strongly influenced by (1) the
localized topography, and (2) the permeability of the host rock as a function of the major
fault systems that interact with the veins. Both factors affect the location of the paleo-water
table, which conditions the nature of mineral–groundwater interactions, and thus, the
in-situ oxidation-reduction state of the minerals [31].

Other prime examples of such interactions include some of the high sulphidation
epithermal deposits from the historic El Indio gold belt, which is located high in the
Andes of north-central Chile. There are various styles of gold mineralization in the district,
including vein-type (El Indio and Sancarrón), fault and hydrothermal breccias (Tambo),
and strata bound deposits (Pascua). The El Indio deposit is characterized by sulphide-rich
(hypogene) vein mineralization that is dominated by either copper (mainly enargite) or
gold (native, auricuprite, calaverite, krenerite) [49,50]; in contrast, the Tambo and Pascua
deposits have been variably oxidized [51,52]. While all three deposits are hosted by
relatively permeable ignimbrites [52], Tambo and Pascua are interpreted to have been
emplaced at shallower levels which would have exposed them to supergene oxidation and
enrichment via near-surface weathering processes.

Similarly, Jerónimo (a.k.a. El Hueso), a manto-shaped strata-bound gold-rich carbonate
replacement deposit that is located in the Atacama region of northern Chile, contains both
oxide and sulphide-mineralized zones [53]. The oxidized zone (mined out as of 2002)
consisted of native gold and electrum that was accompanied by manganese and ferric
oxides; the sulphidic zone is dominated by pyrite ± pyrrhotite with lesser sphalerite,
galena, bournonite, and pyrargyrite, and is considered refractory in nature [53,54].

Significant mineralogical changes can also be observed within an orebody strictly
based on spatio-temporal (and related geochemical) differences between the mineralized
zones. For instance, the low sulphidation El Peñón Au-Ag vein deposit has recently
shown drastic changes in Ag and base metal mineral assemblages. The ore minerals that
were observed in the earliest mined veins consisted of electrum (mostly 40–60 wt% Au),
acanthite, native gold, native silver, and silver halides with rare pyrite, chalcopyrite, and
galena. However, newly discovered veins are mainly composed of Ag sulfosalts (e.g.,
freibergite, pyrargyrite, polybasite) and sulfides (e.g., acanthite and argentite), which has
caused a decrease in silver recovery in the plant [55].

It is clear from these few examples that vein-type precious metal deposits are often
subject to significant variability between the various mineralized zones. As a result, it is
not uncommon that an Au-Ag operation will experience substantial mineralogical changes
in ore feeds over an extended production life. These changes can result in important conse-
quences for the metallurgical profile and related process streams in the mineral processing
plant. In the Chilean context, where many deposits possess appreciable supergene profiles
due to the (semi-)arid climatic and geomorphological conditions, a common result is the
division between oxidic and sulphidic ore domains. This causes mineral process engineers
to consider multiple different mineral processing flowsheets, especially in the early stages
of economic assessment for a mining project. In this paper, we will analyze the effects of
a transition from oxide-dominant ore (<15% primary sulphide) to sulphide-rich ore on a
direct leaching flowsheet assembly (originally intended for oxide ore).

The transition from low to high sulphide ore assemblages can severely affect the
original metallurgical process when there is no profitable option to add a flotation circuit.
In this context, a suitable approach might be to implement ore blending practices in tandem
with alternate modes of operation to maximize the plant throughput and stabilize the
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main process parameters. This study highlights the implementation of a digital twin
framework using DES as a suitable tool to achieve these goals and mitigate the operational
risk that is related to significant mineralogical changes in ore feeds. The framework is
also shown as critical to the evaluation and selection of process alternatives, and thus
towards the improvement of future production planning. Moreover, by integrating a
predictive machine-learning algorithm into DES, the digital twin is capable of reducing
the uncertainty in metallurgical gold and silver recoveries, in addition to better controlling
reagent consumption (e.g., sodium cyanide) [31].

3.1. Input Data

To correctly assess the geological variation and mineralogical changes in the case that
is presented, input data corresponding to a series of samples that were anonymized from
the Alhué mining district was used. The data were collected from bottle roll testing for
cyanidation samples, a common method for the evaluation of low-grade gold ores [56].
Descriptive statistics for the 2678 entries in the dataset are summarized in Table 2. In the pro-
posed methodology, illustrated in Figure 5, the collection of such data is the first task within
the digital twin development box; these data are then processed in the parameterization of
the ML model.

Table 2. Descriptive statistics of the bottle roll test parameters that were used as input data (n = 2678
samples).

Variable Description Mean Standard
Deviation Min Max

lau Gold Grade (g/t) 6.253 6.173 0.200 107.57
lag Silver Grade (g/t) 140.148 223.272 1.9 5009.4
lcu Copper Grade (ppm) 675.7380 1307.071 0 26,030.9

recau Gold Recovery (%) 91.5 8.4 2.3 99.9
recag Silver Recovery (%) 68.2 23.9 0 99.8
reccu Copper Recovery (%) 37.1 22.5 0.5 100.0

cnc Cyanide Consumption
(kg CN/t ore) 2.706 1.646 0.009 9

For demonstrative purposes, the current work features the simulated use of a RF;
however, the approach is general and could consider other ML models (Table 1) as alter-
natives to the RF, as well as complex approaches that combine several ML models within
the control strategy. However, in all cases, an initial data analysis can help determine if an
approach should be discarded even prior to attempting the simulation.

In the current example, the input data includes grades and recoveries for three po-
tential pay-metals: gold, silver, and copper. Ideally this would be sufficient to estimate
the minimum profitability criteria, assuming processing costs and metal prices. Typical
cut-off grades in Chilean gold mines would be 0.5 g/t to 5 g/t of gold, and this depends
on many factors, including the tradeable gold price and whether the gold is refractory
(i.e., resistant to conventional processing techniques). The case of Alhué tends be in the
range of 3 g/t, but it is not so simple since copper sulphides (often considered to be a
pay-metal) have a negative effect on the process, causing spikes in cyanide consumption;
indeed, certain copper sulfides are said to be “cyanicidal” [31], i.e., they react and “kill” the
cyanide thus prevent the desired interaction with gold. The final entry in Table 2 is the
cyanide consumption, which is an especially critical concern in gold processing.

3.2. RF Model

As mentioned earlier, the goal of this research is to develop a digital twin that success-
fully represents a processing plant experiencing important mineralogical changes in ore
feed. To improve the quality of the input data DES framework, a classification algorithm
that is based on random forest is implemented to assess the sample destination; that is,
whether the sample corresponds to a subset of high or low sulphide content. All the
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predictor variables (Table 2) that were used and model training was conducted on 80% of
the dataset at a time using five-fold cross-validation via the Python library Scikit-Learn [57].
A grid search optimization that was based on the area under the curve of the receiver
operating characteristic (AUC-ROC) method [18], was performed to obtain the best training
parameters. The final model parameters for the random forest model included 500 trees
and a feature number that was equal to the square root of the number of variables (i.e.,
70.5 ≈ 2.645). Model metrics that were computed following the testing phase are presented
in Table 3.

Table 3. Resulting classification metrics of the model.

Ore Category Precision Recall F1-Score

Low Sulphide 0.79 0.75 0.76
High Sulphide 0.83 0.86 0.85

The overall accuracy of the model based on the test set was around 82% with an AUC
of 0.88; the corresponding ROC curve is presented in Figure 6.
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Results from a feature importance analysis, a measure of the impact of the input
variables in the model based on Gini impurity [11], are presented in Figure 7. The results
confirm the importance of variables such as Cu grade and Ag recovery, as previously
reported by Órdenes et al. [31].
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3.3. DES Digital Twin

The following DES implementation is based on Navarra’s simulation framework
for processing plants in which two different ore types (Ore 1 and Ore 2) are blended
and managed in alternative operational modes (Mode A and Mode B). In this case Ore
1 corresponds to a high sulphide ore and Ore 2 to a low sulphide ore. Recall that the low
sulphide ore is the more desirable of the two since the conceptual plant was originally
configured for it but is now limited by mineralogical changes in the extracted ore. Following
a data-driven approach, geological variation is generated in the ore classification step (see
Figure 5) to be used as an input for the DES simulations and represents the main source of
uncertainty. The geological variation is then represented as follows:

• Input data for the DES model was obtained by a bootstrapping process on the orig-
inal dataset (see Table 2). The bootstrapping process enforced a sample proportion
of 55% high sulphide ore and 45% low sulphide ore for the study demonstration
purposes.

• The bootstrapped data was then classified by the ML model and grouped to gener-
ate parcels of mined rock (i.e., collections of simulated mining blocks that are exca-
vated, [28]) based on destination (40 samples for each parcel).

• The ore type proportions of the parcels were defined by the corresponding proportions
that were obtained from the binary classification of the RF.

• The parcel sizes were randomly generated following a normal distribution with a
mean of 40 kt of ore and standard deviation of 3 kt.

Within the terminology of DES (that is historically linked to the manufacturing context),
the mineral process has the so-called attribute of “operational mode”, and the incoming
parcel has the attributes of “ore grade” and “total mass”, which are implemented as
dynamic state variables. Moreover, the mineral process that is based on sample data has
higher variability and standard deviation from the controlled environment of previous
implementations of the DES framework [21,22,31], which used a similar logic (Figure 8).
Due to the source the data that were used, the simulations from this study also exhibited
higher variability than in the earlier work [21,22,31], and thus considerably more stock
variation. To account for this increased uncertainty, 100 statistical replicates were generated
through this process.
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Figure 8 illustrates the main discrete events and decision points in the current DES
implementation. Beginning with the left side of the figure, a mass of mined material that
is called a “parcel” is simulated according to the random forest algorithm; the data for
this first parcel is a component of the initialization. The parcel is mined and processed
according to the active operational mode (in the center-left of Figure 8), until a discrete event
is triggered, at which point a series of if-statements and state adjustments are executed
(which constitute the entire right side of Figure 8). The event can be either the depletion of
an ore stockpile (top diamond), the crossing of a critical threshold that would signify the
need to change operational modes (middle diamond), or the depletion of the current parcel
(bottom diamond).

For example, if the plant is currently operating under Mode A and Ore 2 is depleted
below the set threshold, the system will switch to a contingency mode for a day to recover
stock, after which regular Mode A operation is resumed. Moreover, if the Ore 2 level is
below a critical threshold at the end of a production campaign, the decision is made to
switch operational modes (in this example, to Mode B) during the shutdown period. The
bottom diamond of Figure 8 shows that when a parcel is emptied (i.e., mined out), the sys-
tem then proceeds to the next ML-characterized parcel under the active operational mode.
Within this scheme, the discrete events include the depletion of stockpiles, the alternation
between production campaigns and shutdowns, and the depletion of parcels. In this case,
the shutdown times are predetermined, but further development of the framework can
also include untimed disruptions and/or unforeseen circumstances as additional sources
of uncertainty. The logic of Figure 8 was implemented and the results were generated using
the commercial-off-the-shelf DES software Rockwell Arena©, with Visual Basic for Appli-
cations (VBA) extensions considering throughput as the main performance indicator. The
current implementation considers an entity that represents the state of a mineral processing
plant, and that manages the state of the parcel as it traverses through a time-consuming
processes that advances the simulated clock; more details are provided in [28].

Table 4 describes the characteristics of the operational modes that were used for the
current set of calculations. Mode A is a comparatively productive operational state that
exhibits roughly the same throughput of the processing plant before encountering the
mineralogical change, while Mode B is considered more stable and allows for stockpile
replenishment and is particularly designed for this purpose based on bench-scale experi-
ments. Both operational modes consider blends of Ore 1 and Ore 2 in different proportions.
Considering the plant is better adapted to low sulphide ore, Mode A utilizes a larger
proportion of Ore 2 compared to Mode B.

Table 4. Description of operational modes in relation to deposit forecast.

Operational Mode Throughput (t/day) Ore 1 in Feed (%) Ore 2 in Feed (%)

Mode A
Regular 4300 45 55

Contingency 2795 100 0

Mode B
Regular 3655 70 30

Contingency 1827.5 0 100
Deposit - - 55 45

Based on this information, a deterministic analysis of operational modes can be
implemented using mass balance equations that were developed by Navarra et al. [28]
to define a steady-state optimum of the model. The results from these equations indicate
that Mode A should be applied 1.28 times as often as Mode B, with an average output of
4016.48 t/day.

The framework is designed such that the processing plant acts as a bottleneck with
mining rates exceeding the plant capacity. As such, campaign cycles are configured in a
regular schedule of 29 days of production followed by a one-day shutdown; decisions on
whether to change the operational modes are made during the shutdown phase. If the
level of Ore 2 is low enough to present a potential stockout risk during the next campaign,
a mode change is triggered from Mode A to Mode B. On the other hand, if Ore 2 levels
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are above a defined threshold following a campaign in Mode B, the operational mode
reverts to Mode A. In either case, should a stock shortage occur during an operating
campaign, contingency modes are applied with a one-day timeframe. A contingency mode
implies that the plant only utilizes the available ore type (refer to Table 3). Figure 9 depicts
the day-by-day evolution of a simulation scenario and the fluctuation of the stockpiles
of Ore 1 and Ore 2 under the respective operational mode. Note that around day 1340
and day 1360 the stock of Ore 2 entered a stockout period that triggered a contingency
segment until the shutdown where the replenishing Mode B was scheduled for the next
production campaign.
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A simplified (deterministic) analysis of the optimal throughput of the simulated
processing plant considers two operational policy parameters to characterize decision-
making following the approach of Navarra et al. [28]:

TOSL = Target Ore Stockpile Level (1)

COSL = Critical Ore 2 Stockpile Level (2)

The target ore stockpile level is computed as the sum of the available ore types and
the critical Ore 2 stockpile level corresponds to availability of the low sulphide ore.

To determine the potential impact of the new operational policies in response to
the mineral transition, 28 scenarios have been tested with different values in both policy
parameters, which are described in Tables 5 and 6. All of the TOSL and COSL values
are expressed in kilotons denoted “kt”; in practice at Alhué, this is a useful unit since
errors in daily estimates are in the range of 1 or 2 kt (these are verified through so-called
metallurgical accounting that is based on statistical data reconciliation [58]). In the case of
COSL, a range between 1 kt and 12 kt is considered while TSOL consider four different
values for the stockpile of 10 kt to 40 kt. Each tested scenario corresponds to a simulation
of approximately 1500 days of operation using the 100 replicas that were generated in the
previous step. Table 5 summarizes the average daily throughput in tons of every scenario.
Table 6 summarizes the average proportion of time in Mode A (highly productive) vs Mode
B (replenishing mode).
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Table 5. Summary of the average simulation throughputs in tons/day.

Target Stockpile Level (kt)
Critical Ore Stockpile Level (kt)

1 2 4 6 8 10 12

10 3812.7 3789.9 3780.87 3765.58 3754.49 3053.58 0
20 3948.52 3954.1 3956.39 3952.83 3942.59 3928.34 3907.7
30 3957.59 3965.38 3969.15 3972.26 3975.37 3976.71 3977.11
40 3957.33 3964.79 3969.23 3972.87 3976.1 3978.46 3980.6

Table 6. Summary proportion of the time spent in Mode A vs. Mode B for each scenario.

Target Stockpile Level (kt)
Critical Ore Stockpile Level (kt)

1 2 4 6 8 10 12

10 1.407 1.138 1.058 0.998 0.955 0 -
20 1.728 1.479 1.365 1.24 1.14 1.055 0.961
30 1.755 1.508 1.394 1.3 1.226 1.156 1.11
40 1.747 1.517 1.386 1.309 1.235 1.172 1.117

The simulation results exhibit throughputs nearing, but still below, the deterministic
optimum. This is despite some scenarios spending proportions of time in Mode A vs.
Mode B that were greater than the defined optimum. This behavior can be qualitatively
explained by stockout periods during campaigns that force contingency modes which are
unavoidably inefficient. To the extent of the sample computations, an optimal combination
of TOSL and COSL should be found around 20 kt and 4–6 kt, respectively, and can be
quantitatively pinpointed using simulation-based optimization tools such as OptQuest
(see [28]). Nevertheless, economical, technical, and environmental variables could also be
included to extend the scope of the framework as a risk assessment and decision-making
tool based on a different set of key performance indicators (KPIs). It is important to
note that lower control variable thresholds put a greater strain on the model and cause
inefficiencies, particularly for systems that are dealing with significant geological variability
and related uncertainty. On the other hand, excessively high threshold values (especially
TOSL) may produce increased throughputs but will ultimately result in system instabilities
due to spatial, economic, and environmental considerations. Future quantitative efforts can
demonstrate the balancing of these potentially competing KPIs.

Nonetheless, the current results of the RF model, work sufficiently well to represent the
uncertainty that is associated with mineralogical changes in a deposit with a more realistic
distribution than a simplified Monte Carlo approach. Furthermore, the selected input data
could be easily replaced by cheaper and quicker alternatives, such as shaker-table test data,
that would allow for the predictive modelling of ore feed variability earlier in the mineral
value chain. It is noteworthy, however, that such analytical replacements must only be
undertaken once sufficient geometallurgical characterization data are available to build
a truly robust predictive model. In this, the feature importance tests the association of
Cu with a high sulphide ore, which also corresponds to poorer plant performance; this is
consistent with previous findings that were reported by Órdenes et al. [31].

The overall results of this integrated digital twin framework demonstrate its potential
to evaluate system-wide plant performance and the related risk factors under different
operational modes and policies. By utilizing routinely collected data types, this presents a
low-cost solution to support decision-making processes in response to geological variation
within the mine–mill profile.

4. Discussion

Geological uncertainties are inherent to all ore deposits and, as such, all downstream
mineral processing tasks are subject to variability and unexpected changes in ore feed
attributes. This puts an important burden on integrated mine–mill profile management
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as a deposit is developed, particularly for mature operations which may face significant
geometallurgical changes. The presented digital twin framework is capable of enhancing
the coordination of mineral processing efforts at all stages in the mine life cycle. Moreover,
it has been shown as an important risk assessment tool in the management of decision-
making processes.

The three components that were outlined in Section 2 represent three converging areas
of knowledge that constitute our methodology

• Machine-Learning
• Discrete Event Simulation
• Digital Twin Development

The sample computations that were presented in Section 3 are indeed a result of this
methodology (Figure 1), exploring the functionality of a particular random forest model.
Moreover, the same approach can be used for developing and evaluating other potential
strategies toward machine-learning-enabled process control. These potential alternatives
may explore different types of machine-learning models, but even keeping with the same
model, the methodology can explore different approaches to data acquisition.

Vein-hosted gold deposits in particular, may be subject to decreasing grades, min-
eralogical changes, and other orebody complexities. The present case study highlights
the importance of integrated management decision tools to assess the effects of geological
uncertainty on system performance. In this example, the importance of the target total ore
stockpile as a control variable, to act as a buffer and stabilize plant feed, is aligned with
previous results by Órdenes et al. [31]. Furthermore, this study provides an alternative
solution to a problem that may arise in many brownfield mining projects that are seeking
to expand reserves and ultimately mine life.

The continued deposit characterization and exploration for new resources are im-
portant activities for any mining project, and result in the continuous addition of new
information that can impact potential resource evaluation and downstream processing op-
tions. It is, therefore, critical that the digital twin be routinely updated as new sample data
are acquired through both infill and exploratory drill programs. The current version of the
framework was presented for offline applications in the design stages of a mining project,
which would require the manual transfer of data between physical and virtual systems.
However, the intent would be to eventually integrate the digital twin into a mine control
system with automatic bidirectional data exchange as development progresses and opera-
tional data accumulates. This gradual transition is key to ensuring the digital framework is
both accurate and valid for its specific application prior to full implementation.

Future work will include a comprehensive representation of positional information
(i.e., sample coordinate data) for better simulation of the orebody; this will enable the
coordination of drill core sampling, leading to further advances in control and digital
twin development. There is particular interest in developing the techniques for low grade
deposits since these could be clear example of value generation, if it results in an expan-
sion of the definable economic reserves. Moreover, part of the research will be to adapt
developments that are occurring outside of the mining industry. As an example, the
IoTwins Project has developed a multi-layered computing architecture that empowers
small and medium enterprises [45] and its conceptualization of the Internet of Things (IoT)
considers a distributed and mobile infrastructure that may support automated hauling
for underground mining [43]. Our advances in simulation methodologies will gain more
relevance through collaborations that include communications service providers and other
technology developers [59,60].
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