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Abstract

The inherent complexity of the decision-making process in early-stage mining projects
demands high-risk investments, often based on limited and low-confidence data. The
geometallurgical approach offers an opportunity to mitigate uncertainties through the
development of mathematical models to predict key process variables, such as recovery and
specific energy. This research quantifies the economic and technical impact of incrementally
increasing the number of variables in a geometallurgical model of a copper-gold-silver
polymetallic deposit during the Pre-Feasibility Study (PFS) phase. Regression models
were developed to correlate grades (copper, gold, and silver) and metallurgical variables
(recovery and specific energy). The models were applied to eight geometallurgical block
models, and technical and economic results were generated using Direct Block Sequencing
(DBS). Across all scenarios, increased model complexity had a modest effect on production
metrics but caused notable variation in Net Present Value (NPV), reaching a 6.92% difference
between scenarios. Thus, adding more geometallurgical variables is justified not by higher
production tonnage but by the potential to enhance and stabilize NPV through improved
sequencing based on key value drivers (costs, recoveries and processing time). These
findings highlight the value of early geometallurgical modeling, even with limited data, for
producing a more integrated and improved economic assessment.

Keywords: geometallurgy; polymetallic; pre-feasibility study; mine scheduling; gold

1. Introduction
Mining and mineral production are vital for the development of civilization, driven

by population growth, industrial progress, technological development, and demands
for renewable energy [1]. The increasing demand challenges industry, as lower-quality
deposits require more resources for extraction [2]. One approach to improve efficiency is to
incorporate geometallurgical modeling.
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Geometallurgy is an integrated approach applied across the entire project life cycle,
from studies in the early stages (Pre-Feasibility and Feasibility) to existing operations. It
promotes sustainable mining by shifting the focus from simple mineral grade to a com-
prehensive understanding of the variable metallurgical response of the orebody, allowing
improvements in mine planning, resource utilization, and ultimately project value [3,4].
However, the successful execution of this approach heavily relies on continuous data acqui-
sition and methodological standardization across all project phases, an aspect that remains
inconsistent in the industry.

This type of modeling combines fundamental rock characteristics (mineralogy, grades)
with process variables (recovery, comminution) that respond block-by-block to guide and
enhance every element of a mining project, including mine planning and sequencing,
economic evaluations (NPV), and operational choices [5]. Efficiency is proven not only
by allowing the plant to avoid productive bottlenecks from its conception but also by the
possibility of improvements in equipment selection, reducing overall project costs.

Since 2000, the development of geometallurgical programs has significantly ex-
panded [6,7], utilizing various spatial and statistical techniques, including kriging [8],
principal component analysis (PCA) [9], and regression modeling [10]. Successful examples
in operating mines consistently demonstrate the value of populating resource block models
with key process metrics, such as comminution indices, for accurate prediction of plant
throughput capacity [11–14]. Furthermore, studies have shown that incorporating geomet-
allurgical variables into the sequencing of mining blocks can improve financial outcomes
and increase ore productivity [15–18], while predictive modeling of recoveries has been
successfully validated across various commodities [19,20]. Despite this, even with over
20 years of popularity, geometallurgy programs are still under development, as markets for
different commodities are still discovering their potential for technical results and economic
enhancements when considering this approach.

A significant limitation in the current geometallurgy literature is related to the fact
that most publications are linked to operational projects. The search for published studies
correlating geometallurgy with deposits in the early project phase is difficult, mainly due
to the scarcity of initial data, which often lacks sufficient test results, robust technological
characterization, and accurate spatial positioning of sample information, which are fun-
damental for the development of a robust model from the beginning of a project. Even
in situations with a good level of available information, the current preference in project
development is still for the adoption of assumptions based on statistical metrics of the
project’s test results (e.g., 75th percentile). It is known that investment conditions in projects
are the key factor for the decision of which type of approach should be considered, but
even in projects with a good level of investment, the conservative/traditional choice is still
the most applied.

Considering these inherent uncertainties, this research aims to address this challenge
by providing an alternative perspective for integrating geometallurgical principles within
this early-stage and data-limited context. This research presents a case study of a copper-
gold-silver deposit in Brazil, which had its Pre-Feasibility Study (PFS) phase developed with
a minimal quantity of tests but with adequate quality of available information. The original
study developed the deposit’s mine plan and economics relying solely on recovery curves
and fixed process variables—while employing a distinct mine sequencing methodology.
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Regression models to establish relationships between deposit data (grades) and met-
allurgical variables, specifically recoveries (copper, gold, and silver), abrasion index, and
specific energy, were developed and applied to the block models. Calculations for revenues
and fixed and variable costs are mapped in the geometallurgical block models for subse-
quent use in the sequencing of mining blocks through the Direct Block Schedule (DBS)
technique. The main technical results analyzed are run-of-mine (ROM) production, total
material movement (ROM + waste), block processing time, and equivalent gold production.
The main economic result analyzed is the Net Present Value (NPV) of the deposit, obtained
from mine sequencing by Direct Block Sequencing (DBS).

The goal of this study is to map the impacts that an increase in the number of variables
in the geometallurgical block model has on the technical and economic results of the mine
sequencing of the polymetallic deposit under study, which is in the initial project phase.
The hypothesis to be tested is that integrating complex geometallurgical variables into a
block model would return not only more realistic and potentially higher Net Present Value
(NPV) by enabling value-driven block selection via Direct Block Sequencing, but also a
small impact on technical production metrics, such as run-of-mine production.

2. Materials and Methods
2.1. Disclaimer

The data for this study were obtained from publicly available reference NI 43-101
reports [21,22]. This work focuses specifically on the application of geometallurgical
principles to the deposit to address the stated research objectives. There is no intention
to compare the results obtained in this paper with those from the reference study, since
the methodologies applied for geometallurgical modeling, sample selection, and mine
sequencing are entirely different. It was assumed that the underlying data and test results
adhere to industry’s best practices consistent with the Pre-Feasibility Study (PFS) level.

2.2. Overall Study Methodology

The sequence of activities to develop this study is presented in Figure 1. More details
on study methodology are presented in the following sections.

2.3. Testwork Results Database

A total of 29 drill core samples were submitted for testwork. The samples were selected
to ensure representativeness across the orebody in terms of both geological variability and
spatial coverage. Figure 2 presents the distribution of the drillholes from which these
samples were sourced [22]. For the development of this study, blended samples such as
master composites were excluded from dataset due a lack of spatial positioning for these
samples and the difficulty in defining a representative average sample at this stage of
project evaluation [23].

The comminution tests included parameters such as Breakage Index (A*b), Bond Ball
Mill Work Index (BWI), and Bond Abrasion Index (Ai) [24]. Concentration tests included
flotation, dense media separation (DMS), gravity separation, and full-route tests. Data from
the full-route tests were specifically used to develop recovery regression models. Table 1
presents all testwork results that composed this study dataset.
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Figure 1. Study Methodology.
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Figure 2. Testwork samples spatial positioning in the reference project.

Table 1. Testwork results.

Sample
Name

Feed Grades Comminution Indices Recoveries

DetailCu Au Ag A*b BWI Ai Cu Au Ag

% ppm ppm - kWh/t g % % %

CCZ-1 1.15 1.57 2.63 39.2 11.2 0.29 94.9 92.4 84.1
CCZ-2 0.22 0.09 0.61 41.7 8.1 0.22 90 76.8 65.1
CCZ-3 0.54 0.65 1.07 47.6 9.8 0.29 94.4 82 77.3
ECZ-1 0.73 0.24 1.9 35.8 15.2 0.29 90.8 74.5 75
ECZ-2 0.46 0.15 2.82 42.9 9.7 0.36 95.2 81.6 92.4
SCZ-1 0.23 0.27 0.37 45 8 0.16 85.1 81.9 48.9
SCZ-2 0.54 0.73 2.14 33 9.7 0.27 92.8 78.9 78.4

CNWE-1 0.31 0.4 0.91 42.4 12.5 0.31 94.6 86.4 73.1
CNWE-2 0.82 1.46 2.14 68.7 11.4 0.31 95 88.2 76.2
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Table 1. Cont.

Sample
Name

Feed Grades Comminution Indices Recoveries

DetailCu Au Ag A*b BWI Ai Cu Au Ag

% ppm ppm - kWh/t g % % %

Zn Comp 0.84 0.26 1.49 45.5 13.7 0.27 92.3 81.2 84
CAB-S1 0.52 0.85 1.57 112.7 3.6 - 93.6 80.4 62.9
CAB-S2 0.53 0.2 1.06 84.2 6.3 - 94.2 65.5 76.7
CAB-S3 0.13 0.7 0.33 37.9 7.9 - 86.2 60.1 65.2
CAB-S4 0.16 0.69 0.52 39.1 10.7 - 90.9 85.2 79.1
CAB-S5 0.23 0.38 0.48 32.9 10.6 - 93.8 80.2 77.1 Low S
CAB-S6 0.48 3.66 2.23 40.7 11 - 95.3 65.2 71.7 Low S
CAB-S7 0.06 0.37 0.6 33.3 11.9 - 79.8 66.8 17 Low S
CAB-S8 0.42 0.21 2.73 39.5 12.9 - 95.7 80.7 84.4
CAB-S9 0.73 0.32 2.36 35.8 13.4 - 97.1 86.7 87.2
CAB-S11 0.04 0.77 0.53 105.8 6 - 2.8 69.3 6.1 Low S
CAB-S12 0.56 0.48 1.18 102.5 6.1 - 46.9 54.5 39.4 Low S
CAB-S13 0.08 1.69 0.72 117.1 4.1 - 2.7 83.4 29.8 Low S
CAB-S16 0.26 0.35 0.76 123.6 6.8 - 21.1 72 32 Low S
CAB-S17 1.7 0.78 10.02 32.7 21.5 - 75.3 56.9 55 Biotite Rich
CAB-S18 3.23 0.85 16.28 28.3 24.1 - 71.9 55.2 66.3 Biotite Rich
CAB-S19 0.09 0.23 0.16 48.9 94 82.8 50.3 65.1
CAB-S20 2.04 0.71 3.26 41.8 10.3 - 96.5 90 82.2
CAB-S21 0.03 3.38 0.62 60.7 5.5 - 48.5 74.8 18.5 Low S
CAB-S22 0.3 0.12 1.94 34.3 9.9 - 92.9 53.5 75.7

2.4. Process Plant Flowsheet

Based on the testwork results, the plant design includes primary jaw crushing, a
grinding circuit with Semi-Autogenous Grinding (SAG) mill, and gravity-based gold re-
covery. The flotation circuit utilizes rougher/scavenger tank cells and Jameson cleaner cells,
with dewatering handled by thickening and filtering. Figure 3 presents the corre-sponding
process block flow diagram.

2.5. Comminution Indices and Specific Energy

The Steve Morrell Comminution (SMC) methodology was applied to calculate the
specific energy for each sample through the comminution indices obtained as results from
the Drop Weight Test (DWT) and the Bond Ball Mill Work Index (BWI) test. Its use is related
not only to the availability of databases to estimate comminution factors for the specific
comminution energy but also to its widespread adoption in the industry [25–28].

2.5.1. SMC Parameters

The SMC Test® uses crushed rock fragments or particles originated from the cutting
of drill core samples (“Cut-Core” method). The selected particles are fragmented using a
rigorously controlled range of impact energies. The equipment used for the tests is the JK
Drop Weight Tester, and the raw breakage data in these energy ranges are processed and
generate the ore competency (toughness) parameters, in this case the breakage index (A*b).
Other proprietary parameters are calculated based on the results of the SMC and Bond
Ball Mill Work Index (BWI) tests, such as the Drop Weight Index (DWI), Mia (a parameter
that describes the grinding of coarse material in tumbling mills), Mib (a parameter that
describes the grinding of fine material in tumbling mills), Mic (a parameter that describes
size reduction in crushing circuits), and Mih (a parameter that describes size reduction in
high pressure grinding rolls circuits) [29]. Such values have good correlation indices with
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the A*b and BWI parameters and can also be estimated via correlation curves presented
in Table 2.

 

Figure 3. Process Plant Block Flow Diagram.

Table 2. Equations correlating Mia and Mib with comminution indices.

Item Variable Equation Details

1 Mia Mia = 379.40 A ∗ b−0.80 R2 = 1.00
2

Mib

Mib = 0.71 BWI1.24 P100 = 105 µm
3 Mib = 0.69 BWI1.22 P100 = 150 µm
4 Mib = 0.63 BWI1.21 P100 = 212 µm
5 Mib = 0.60 BWI1.20 P100 = 300 µm

2.5.2. Bond Ball Mill Work Index

The BWI test is performed under well-established standard conditions as: dry sample,
with 700 mL volume and material below 3.35 mm particle size (or sieve size); use of a
standardized mill, with dimensions 305 × 305 mm, standard speed of 70 rpm (91.4%); ball
load with 285 steel spheres, following a standard size distribution; obtaining a stabilized
circulating load of 250% [30].

The BWI for ball mills is calculated by Equation (1):

BWI =
44.5

Pi0.23Gb0.82
(

10√
P80

− 10√
F80

) 1.102 (1)

where BWI is the Bond Ball Mill work index for grinding in a ball mill (kWh/t); Pi is the
aperture (µm) of the test’s classifying screen; P80 is the aperture (µm) of the sieve through
which 80% of the product mass passes; F80 is the aperture (µm) of the sieve through which
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80% of the feed mass passes, Gb is the average of the last three values of the grindability
index at equilibrium state (g/rev) and 1.102 is short ton to metric ton conversion factor [30].

2.5.3. Mia and Mib

Table 2 presents the expressions used to calculate Mia and Mib, which are derived
from established literature databases. The Mia calculation is based on item 1 where the cor-
relation with A*b is presented. The Mib calculation is based on the expressions presented
in items 2 to 5, based on their correlations with BWI. A key factor in selecting appropri-
ate Mib curve selection is the reference product top size reference (ranging from 105 to
300 µm) [25,26]. In this study, a 300 µm top size was used, consistent with the target
grinding circuit P80 of 212 µm.

2.5.4. Calculation of Specific Energy

For circuits with SAG mill and Ball mill (SABC Circuit), Morrell’s equations define the
specific grinding energy (E) by the sum of the specific grinding energy for coarse fraction of
the ore (Wa, P80 > 750 µm) and fine fraction (Wb, P80 < 750 µm). The specific comminution
energy is estimated according to Equations (2)–(4).

E = Wa + Wb (2)

Wa = 4Mia
(

750−(0.295+ 750
106 ) − F80

−(0.295+ F80
106 )

)
K1 (3)

Wb = 4Mib
(

P80
−(0.295+ P80

106 ) − 750−(0.295+ 750
106 )

)
(4)

where Mia is work index of the coarse ore fraction; F80 is 80% passing size of the fresh feed
to the grinding circuit, in µm; K1 is Pebble grinding efficiency factor, being 0.95 when there
is pebble recirculation and 1 when there is no pebble recirculation; Mib is work index of the
fine ore fraction, calculated from the BWI, and P80 is 80% passing size of the fresh feed to
the grinding circuit, in µm [31].

2.5.5. Block Throughput and Processing Time

The grinding throughput (t/h) is mapped for each block to be mined. This index is
important because the existing capacity restrictions in the plant must be respected. This
throughput is calculated as presented in Equation (5) [32].

TBlock =
P
E

(5)

where TBlock is the block’s throughput rate in the plant (t/h); P is the power available on
the mills (kW); E is the specific energy of the ore (kWh/t).

The block processing time is calculated according to Equation (6). This time is im-
portant for the mining sequence, given that the sum of the processing time of the blocks
planned to feed the processing plant must be limited to the total plant operational time for
each period [32].

TPBlock =
MBlock
TBlock

(6)

where TPBlock is the block processing time in grinding (h); MBlock is the total mass of the
block to be processed (t); PBlock is the block’s throughput in the plant (t/h).

2.6. Geometallurgy Modeling

Geometallurgical modeling relies on regression to predict metallurgical responses
(dependent variables) using readily available ore characteristics (independent variables).
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Regression models were developed for the recoveries of copper, gold, and silver, specific
comminution energy, and abrasion index (Ai). Such regressions are necessary due to the
limited number of tests for the target variables in the project’s dataset, which does not
allow the estimation of these variables by geostatistics methods, and the variability of these
results in study dataset.

2.6.1. Specific Comminution Energy (E) Modeling

Direct modeling of Specific Comminution Energy was preferred over intermediate
indices (A*b and BWI) because this approach reduces the mathematical biases introduced
to final energy estimates. Such biases are related not only to the non-additivity of these
variables with grades in the block model, but also to the staged calculation of this specific
energy, which causes cumulative error in the specific energy estimate [33].

2.6.2. Abrasion Index (Ai) Modeling

With few results available (10 in total), the abrasion index regression modeling was
made considering grades as proxies. No filter was applied to the dataset for this modelling.

2.6.3. Recovery (RCu, RAu, RAg) Modellings

Preliminary filtering was done on the dataset, considering the removal of samples
qualified as “Low sulfur content” or “Biotite Rich”.

For context, low sulfur ores are related to materials ranging from average to high
levels of weathering and sulfur grades less than 0.1%. Biotite-rich materials contain high
grades in general but low recoveries. Both materials were tested for exploratory reasons.
Proper testwork for them is planned to occur in the next phases of the reference project.

This filtering allowed the use of 19 samples in total to develop the grade-recovery
models for each metal. Since these types of material represent a low percentage of the total
ore (considered probable reserves, part of 11% of the total reserve), the grade-recovery
modeling obtained for fresh feed (%S > 0.1) was considered valid at this level of study for
this type of material.

2.7. Gold Equivalent Grade

To simplify complexity during mine sequencing for this polymetallic deposit, all metal
grades were converted into a single measure: the gold equivalent grade (Au Eq). The gold
equivalent grade calculation, presented in Equation (7), uses gold as the anchor element
and incorporates the price and recovery of each contained element [22].

AuEq = tAu RecAu +
n

∑
i=1

ci Fi ti Reci (7)

where AuEq is the equivalent gold grade (ppm); tAu is the block gold grade; RecAu is the
block gold recovery; i is the element or mineral of interest; n is the number of different
elements or minerals considered in the calculation; ci is a multiplicative factor related to the
units of grade relative to the reference grade (e.g., 10,000 is assumed if the grade is given in
percentage and 1 if in ppm (g/t)); Fi is the quotient factor between the price of commodity i
and the price of Gold; ti is the grade of element or mineral i; Reci is the recovery of element
or mineral i.

2.8. Deposit’s Block Model

The block model of the deposit supplied for this study was built from 145 boreholes
and 338 chemical samples. The spatial distributions of the boreholes and samples are
presented in Figure 4. The block model is composed of 263,595 blocks, each measuring
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15 × 15 × 15 m, and contains information for three grades: copper (Cu), gold (Au), and
silver (Ag). The overall view of the block model is presented in Figure 5, where blocks with
copper grades above 0.1% were used as a reference to show possible ore blocks within the
deposit. The grade distribution within the block model is detailed in Figures 6–8.

 

Figure 4. Spatial Distribution of Boreholes and Grades.

Figure 5. Block model.
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2.9. Block Value Calculations
2.9.1. Revenues

Revenues are calculated per block, based on the projected production and sales values
of the commodities (cost of sale), as presented in Equation (8) [34].

Ri = Mi Punit (8)

where Ri is the projected revenue in block i for a specific product ($); Mi is the mass of
product generated in the block i (t), and Punit is the unit price of the product ($/t).

For block revenue calculations, commodity prices are based on market values adopted
at the Pre-Feasibility Study (PFS), while indices of refinery recoveries were based on the
ratio between total costs for metals refining and the metals reference price. The values used
are detailed in Table 3.

Table 3. Assumptions for block revenue calculations.

Item Value Unit

* Gold Price 68,129.83 USD/kg
* Copper Price 9.17 USD/kg
* Silver Price 864.85 USD/kg

** Recovery—Cu Refinery 96.30 %
** Recovery—Au Refinery 96.60 %
** Recovery—Ag Refinery 90.00 %

* Reference—November 2024, considering consensus from various financial institutions. ** Indices based on
refining costs.

2.9.2. Operating Costs

Operating costs are related to mine activities, energy, material processing, and other
cost components. Generally, specific costs per ton of moved ore are available, related to
each item that makes up the operating cost of a mining venture. Each cost item is calculated
according to Equation (9) [34].

Cj = Mblock Cspc (9)

where Cj is the block cost in relation to a specific item, such as mine, energy, plant, transport,
penalties, and others ($); MBlock is the mass of the block (t), and Cspc is the specific cost
related to a specific operating cost item ($/t).

Each specific cost considered for this study was based on the original PFS operating
cost (OPEX) estimate. Portions of fixed and variable costs considered for this study are
presented in Table 4.

2.9.3. Block Value

The actual block value consists of the difference between block revenues and expenses,
as presented in Equation (10).

Vb =
n

∑
i=1

Ri −
m

∑
j=1

Cj (10)

where Vb is the value of block b; n is the number of revenue-generating products predicted
in the project (commodities/co-products); m is the number of different cost items existing
in the analysis; Ri is the projected revenue in the block for a specific product i ($) and; Cj is
the cost of the block in relation to a specific item j ($).
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Table 4. Specific Operating Costs (OPEX).

Item Fixed Cost Variable Cost Details

Mining (Ore and waste
costs)

Drilling, Blasting, Load,
Scattering (if applicable) Transport

Transport cost for ore and
waste varies according to

Block’s height in relation to
process plant.

Power Cost Overall Plant (excluding
comminution) Comminution

Variable cost based on
Specific Comminution
Energy for each block.

Reagents Cost All reagents Not applicable Not applicable in this
study

Consumable Cost Filtering clothes Liners for Crushers and
Mills, Grinding Media.

Consumable cost varies
according to Abrasion
Index for each block.

Other items

Labour, Maintenance,
Water/Sewage, Access

Maintenance, Laboratory,
Dry Stacking, General and

Administrative (G&A),
Concentrate Logistics

Not applicable As per the original
estimate in deposit’s PFS.

2.10. Direct Block Sequencing

Direct Block Sequencing (DBS) is a mining optimization technique that belongs to the
category of integer programming algorithms. Different from classical methods that divide
the problem into two stages, determining the ultimate pit limit and scheduling, DBS seeks
to integrate these decisions into a single stage (global optimization).

The technique formulates the mine planning problem as a non-linear (or linearized)
integer problem, where binary decision variables indicate whether a given block will be
mined in a specific period or not. The main objective is to maximize the Net Present
Value (NPV) of the mine, respecting all geometric, metallurgical, and productive capacity
constraints over time [35].

DBS is notable for its ability to generate economically optimal mining sequences
without depending on a predefined pit limit, producing results that often surpass those
obtained by two-stage approaches [35]. In the literature, DBS is known as the Precedence
Constrained Production Scheduling Problem (PCPSP) [36], or the Production Scheduling
Problem with Precedence Constraints. In the PCPSP, the economic value of a block can
be calculated according to its destination, for example, a processing plant or a waste pile,
using Equations (11) and (12).

Process = MB g r(SP − Sc)− MB(CP + CM) (11)

Waste = −MBCM (12)

where MB is the block mass (t); g is the grade; r is the recovery; Sp is the sale price ($); Sc is
selling cost; CP is the block processing cost ($); CM is the block mining cost ($).

The optimization algorithm selects the best destination for each block based on its
value. In this approach, it is not necessary to define cut-off grades or predetermine whether
a block is classified as ore or waste before optimization. MiningMath (MM) software
was used in this study. Figure 9 shows the simplified flowchart of the MiningMath algo-
rithm [37].
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Figure 9. MiningMath Algorithm.

The first step of the optimization algorithm is to remove regions that do not add any
value to the project. The second stage of the optimization algorithm consists of converting
the non-linear integer problem into a linear problem based on surfaces (geometric mine
constraints). These constraints are BW (represents the bottom width), MW (related to
mining width), and ADV (vertical rate of advance).

The third step of the optimization algorithm consists of converting the linear solution
into an integer solution using the branch-and-cut algorithm [38]. This algorithm is more
efficient than the branch-and-bound algorithm [39], contained in standard Mixed Integer
Linear Programming (MILP) solvers [40,41], and was even specifically tuned for this
optimization problem.

2.10.1. Mine Scheduling Scenarios

In this research, a total of 8 geometallurgical block models were developed. These
models were differentiated by the number of geometallurgical variables considered in the
calculation of the blocks’ economic value. Fixed and variable conditions for each scenario
consider the possible application of regression models and proportion calculations related to
each block characteristic. In terms of complexity, scenario 1 was the least complex scenario,
with a zero level of geometallurgical modeling (in other words, all key geometallurgical
variables had values fixed within blocks), while scenario 8 was the most complex scenario,
with all variables modeled within blocks. The differences and criteria for these 8 scenarios
are presented in Tables 5 and 6. Key mine scheduling inputs were kept consistent across all
scenarios as presented in Table 7.
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Table 5. Scenarios description.

Scenario Maximum Block
Process Time Mine Cost Recoveries Consumables

Cost Energy Cost

1 Variable Fixed All Fixed Fixed Fixed

2 Fixed Fixed All Fixed Fixed Fixed

3 Fixed Variable All Fixed Fixed Fixed

4 Fixed Variable
Cu—Variable

Au—Fixed
Ag—Fixed

Fixed Fixed

5 Fixed Variable
Cu—Variable
Au—Variable

Ag—Fixed
Fixed Fixed

6 Fixed Variable All Variable Fixed Fixed

7 Fixed Variable All Variable Variable Fixed

8 Fixed Variable All Variable Variable Variable

Table 6. Scenarios criteria.

Geometallurgy
Variable Fixed Condition Variable Condition

* Block Process Time 8059 h per year max Not limited

Mine Cost
Ore = 3.63 USD/t Ore = 2.26 + 0.005464 ∗ (357.5 − Z) USD/t

Waste = 3.61 USD/t Waste = 2.29 + 0.004972 ∗ (357.5 − Z) USD/t

Recoveries

75th percentile from testwork results
Cu Recovery = 94.75%
Au Recovery = 81.95%
Ag Recovery = 78.75%

As per regression models for each metal

Consumables Cost 1.93 USD/t ore (0.73 + 1.20 ∗ Block Ai/0.281) USD/t ore

Energy Cost 2.31 USD/t (1.29 + specific energy ∗ 0.072) USD/t ore
* Restriction related to mill operating availability of 92% as defined in plant design.

Table 7. Direct block sequencing inputs—All scenarios.

Item Unit Value

Maximum average Au Eq. grade in ROM (plant feed) ppm 1.58
Slope angles (ore and waste blocks) ◦ 48

Max. annual vertical advance rate m 60
Discount rate % 8

Process Plant throughput Mtpa 2.5

Fixed and variable costs, explained previously in Table 4 and detailed in Table 6 for
mining, consumables, and energy costs, are based on the original PFS OPEX estimate. In the
variable condition column, the cost is divided into a fixed portion (usually a flat number)
and a variable portion (linked to a specific block property).

The key sequencing inputs presented in Table 7 are based on the original PFS results.
Maximum gold equivalent grade and process plant throughput are directly correlated to
the original plant design for phase 1 of the concentrator. Slope angles and the maximum
annual vertical advance rate are based on the mining concept adopted in the PFS mining
development. A discount rate of 8% was based on the real interest rate in Brazil at the time
of the study (developed in April 2025) [42].
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2.10.2. Software Used

For the development of the scenarios, the MiningMath software, version v3.0.33, was
used to perform the mine sequencing via the DBS algorithm.

3. Results and Discussion
3.1. Specific Comminution Energy

Additionally, to the results presented in Table 1, the specific comminution energy (E)
was calculated according to SMC (Equations (2)–(4)) for each sample before the develop-
ment of regression modeling. The results of this calculation are presented in Figure 10. The
total variation captured in specific comminution energy between samples was 16.07 kWh/t,
that is 14.0% higher than the reference specific energy adopted for the project (14.1 kWh/t).
This level of variation demonstrated the importance of modeling the specific comminution
energy for this deposit.
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Figure 10. Results—Specific Comminution Energy.

3.2. Regression Models

The regression models for each geometallurgy variable are presented in Figure 11.
Equations with coefficient of determination (R2) are presented in Table 8.

Table 8. Regression models metrics.

Variable Regression Model R2

Copper Recovery Logarithmic RCu = 3.8904 ln(%Cu) + 95.635 0.59
Gold Recovery Logarithmic RAu = 6.9989 ln(Au) + 84.461 0.23
Silver Recovery Linear RAg = 8.6718 ln(Ag) + 73.779 0.51
Abrasion Index Logarithmic Ai = 0.0648 ln(Ag) + 0.2559 0.64
Specific Energy Exponential E = 9.7096e0.2414∗%Cu 0.29
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Figure 11. Regression models (RCu, RAu, RAg, Ai, E).

Although the low R2 values (with all results below 0.65) indicate that the regression
models represented only a moderate portion of the total metallurgical variability, the
resulting curves were considered useful for the context of geometallurgical modeling in this
initial stage of the project (limited data). The utility was confirmed by visual evaluation,
where the estimated curve aligned with the general distribution of the data, particularly
in regions of higher sample density. Figure 12 presents a visual representation of how
variability is captured when comparing the results from regression against a fixed number
(red line in the middle of the graph) for specific comminution energy in this dataset.
Comparative analysis of the Chi-squared residuals x2) presented in Table 9 indicates that
the regression curves yield a more robust goodness of fit than the fixed or optimized fixed
indices [43]. Although the R2 values remain low, suggesting limited explanatory power,
the minimized x2 values for the regression results demonstrate a higher degree of statistical
alignment with the observed data compared to all fixed-value configurations.

For the specific energy and abrasion index, the use of grades (copper, gold, and silver)
as independent variables was necessary, since these were the only information available
in the provided block model. This data limitation forced reliance on grades as the only
available proxies to estimate and populate the specific energy and abrasion index in the ore
blocks. This approach was employed despite the understanding that rock properties, such
as grain size, interlocking, drill penetration rate, and oxidation state, are superior variables
for capturing the true trend of comminution indices [44].
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Figure 12. Comparison between fixed-value and model results for E in reference dataset.

Table 9. Chi-Squared Statistic Results.

Variable Exp vs.
Regressions

Exp vs. Fixed
Value

Exp vs. Opt. Fixed
Value

Copper Recovery 1.25 4.56 3.38
Gold Recovery 32.98 53.45 45.27
Silver Recovery 14.54 38.03 33.52
Abrasion Index 0.03 0.13 0.12
Specific Energy 34.84 80.35 44.31

The incorporation of the regression-predicted values in the geometallurgical block
models followed the restrictions in Table 10. These conditions are indispensable to ensure
the physical validity and mathematical coherence of the results (avoiding, for example,
recoveries greater than 100% or negative indices), in addition to maintaining the adherence
of the maximum and minimum block values to the distribution of maximum and minimum
values of the filtered dataset for all variables.

Table 10. Modeling restrictions.

Variable Minimum Value Maximum Value

Copper Recovery If RCu < 82.8% then 82.8% If RCu > 97.1%, then 97.1%
* Gold Recovery If RAu < 50.3% then 50.3% If RAu > 92.4%, then 92.4%
* Silver Recovery If RAg < 48.9% then 48.9% If RAg > 92.4%, then 92.4%
Abrasion Index If Ai < 0.16 then 0.16 If Ai > 0.36 then 0.36
Specific Energy If E < 5.26 then 5.26 kWh/t If E > 21.07 then 21.07 kWh/t

* The maximum gold and silver recovery results after dataset filtering were equal.

3.3. Mine Scheduling Results

Each of the 8 scenarios studied (detailed in Tables 5 and 6), generated a block model,
that was used to run mine scheduling by DBS (detailed in Table 7) to calculate deposit’s NPV
and mining sequence technical aspects (such as plant feed, waste, global mass movement
and others). Figures 13 and 14 present summaries of technical and economic results for
all scenarios.
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Figure 13. Mine scheduling technical results.
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Figure 14. Mine scheduling economic results.

In terms of plant feed, the simulations demonstrated long-term stability in the total
plant processing capacity. The total Run-of-Mine (ROM) mass processed varied minimally,
with a point difference of 65.3 to 69.5 Mt between the minimum and maximum scenario,
but with a variation around the average between scenarios slightly above 2.0%. These
differences were mainly attributable to small variations in the Life of Mine (LOM) duration
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(27 to 29 years). All scenarios consistently achieved the annual design capacity of 2.50 Mt/a
in over 60% of the total production period, with average annual production rates showing
a minimal difference of 0.12 Mt (2.30 Mt to 2.42 Mt). Therefore, the increase in the number
of variables in geometallurgical modeling did not significantly affect the total quantities of
ROM production.

The total production of waste exhibited high consistency (approx. 1.35% variation
relative to the average around 99 Mt). Therefore, similar to plant feed results, the increase
in variables in geometallurgical modeling did not significantly affect the total generation of
waste and global material movement. The final shape of the open pit, after the production
years of each scenario, was similar. Figure 15 presents the open pit shape for Scenario 8 in
years 0, 1, 8, 16, 24, and 28.

 

Figure 15. Open Pit Shapes for Scenario 8—Years 0, 1, 8, 16, 24, 28.

Regarding processing time, the average values (5567 h to 5881 h) and the maximum
time reached (6687 h to 6987 h) varied slightly and remained significantly below the
projected limit of 8059 h. This observation suggested that the greater complexity of the
modeling allowed for the understanding that the SAG mill is potentially oversized. A
possible reduction of 13.3% in the necessary comminution energy (based on the difference
between the design and the maximum processing time reached) must be investigated
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in the next steps of the study, with a reinforced dataset, to avoid potential extra capital
expenditure in project implementation.

The total equivalent gold production showed significant sensitivity to the model com-
plexity, with an overall maximum difference of 1.36 t between Scenario 1 (31.55 t) and
Scenarios 5 and 8 (32.92 t), representing a notable increase of 4.31%. The results indicated
that the gold recovery and mine cost variables were the ones that most affected the total
equivalent gold result. Since the main geometallurgical factors (mine cost, variable gold
recovery, and variable copper recovery) were adequately represented, there were practically
no gains in equivalent gold production, as can be observed when comparing the results
between scenarios 5 and 8. The other variables added to the geometallurgical model (e.g.,
variable consumption/energy costs) did not necessarily result in production improve-
ments but were optimal for indicating a tendency towards stability in the equivalent gold
production value.

Figures 14 and 16 show that NPV varied 6.92% between the lowest result (Scenario 1) and
the highest (scenarios 5 and 8), highlighting its importance as a decision metric. A distinct
pattern emerged between scenarios 1 and 5, where there was a significant difference in
NPV, confirming that the application of high impact variables (in this study, variations
caused by mine cost at +4.24%, gold recovery at +3.61% and copper recovery at −1.21%)
was extremely beneficial to the project’s economics. Between scenarios 5 and 8, a tendency
towards NPV stability was noted, with the positive and negative oscillations between these
scenarios consistently below 0.6%, indicating that the increase in the number of variables
brought stability to the economic results, presenting a trend NPV value between 1680 and
1690 M USD.

Figure 16. Deposit NPV variation vs. Scenarios.

4. Conclusions and Recommendations
This study presented and discussed the geometallurgical approach applied in an early-

stage project context with limited data. For the deposit under study, by demonstrating the
potential positive 6.92% variation in NPV between scenarios, the research confirmed not
only the hypothesis of geometallurgy’s positive impact on NPV, but also the importance of
geometallurgical modeling even when data are initially scarce.

Although the results of the regression models were considered weak (low R2 values),
the results of this exercise remain important, as the geometallurgical approach for this
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polymetallic deposit supported the mitigation of potential technical risks, such as potential
equipment oversize, ore bottlenecks, and excess consumable costs. Also, economic risks
such as optimistic/unreal capital expenditure (CAPEX) and operating cost (OPEX) esti-
mates can be mitigated at a low cost of opportunity (less than 1% of total OPEX per year,
considering a conservative estimate for a more robust dataset).

From the results, it was concluded that more variables in geometallurgical modeling
can affect the overall economic results of the deposit, depending on the impact these
variables have on the NPV estimation:

• High-impact variables, when well-modeled, show real NPV potential. For the deposit
studied, the variables gold recovery, mine costs, and copper recovery were considered
high-impact and responsible for the largest NPV variations obtained.

• Low-impact variables, such as specific comminution energy and abrasion index (re-
lated to energy and consumable costs), showed small variations (positive and negative,
less than 0.6%) in deposit NPV. Although they did not contribute significantly to the
deposit NPV, they were important for (1) identifying NPV stability and trend, and
(2) understanding key technical points of the project, such as the potential for equip-
ment selection improvements (e.g., specific energy vs. SAG power) and the under-
standing that processing time and overall processing plant capacity theoretically will
not be exceeded.

The hypothesis that the adoption of more variables in geometallurgical modeling
would not necessarily affect the technical aspects of deposit mine sequencing was confirmed.
In our case, the quantities of material moved and the deposit’s production years were
minimally affected by this increase.

The recommended approach is to develop geometallurgical models with the maximum
number of variables possible, as this will allow mapping both the economic and technical
aspects of the project that are well-consolidated or demand attention. In the next phases
of the project, to achieve an adequate level of modeling and accurate answers, the use
of a robust deposit dataset is recommended. It will assist in obtaining greater statistical
robustness of the underlying geometallurgy models (R2 indices are currently below 0.65),
through a greater number of tests and more detailed technical information on the deposit,
such as mineralogical composition and sample positioning, among others.
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