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Abstract
Geometallurgy seeks to provide a holistic framework across the mine value chain. Although it is possible to find real world applications in the literature, in most cases the
integration is just between geological modeling and metallurgy, ignoring the temporal
and economic benefits given by the mining perspective. Moreover, the relevant attributes
are widely estimated by kriging methods, leading to an inaccurate prediction of their
associated uncertainties. This work presents the benefits of (1) integrating the mine
planning into the classic geometallurgical paradigm, (2) moving from the determinism
of estimations to the stochasticity of simulations, and (3) the benefits of seeing each
unit operation and process as a transfer function, so the propagated uncertainties are
more accurately represented. To do that, a two dimensional synthetic case study is
built accounting for one economical element of interest (Copper), one impurity (Clay)
and one metallurgical property (Hardness). At the end, several ideas for improving this
geo-mine-metallurgical framework are listed and discussed.

1.

Introduction

Geometallurgy has been widely referred as applying mineralogical characterizations to mineral processing
for predicting metallurgical process performances. Although connecting metallurgy with geological modeling has proved to be worthy from an operational perspective, including mining decisions (design, planning
and management) into the geometallurgical paradigm is required (Ortiz et al., 2015). Incorporating the
mining perspective leads to a better understanding of the interactions between geological attributes and
metallurgical properties through different interconnected processes, resulting into more robust mine plans,
control of the uncertainty associated to the expected profits and better decision-making.
The usual geological attributes measured are grades, impurities, textural characteristics, mineralogies,
alterations and lithologies. From the metallurgical processes, important variables are kinetics parameters
for leaching/flotation processes (recoveries) and ore hardness. The present work is built synthetically in
two dimensions and is simplified to account for one element of interest (Copper grade), one impurity (Clay
proportion) and one metallurgical property (Hardness).
Here, the mine system is split into (i) Geological modeling, (ii) Mine planning and design, and (iii)
Metallurgical processing. By geological modeling, the benefit of using simulations instead of estimations
is presented. Through mine planning and design (from now on shortened as mine planning), the benefits
of incorporating estimated/simulated Clays into the block value function instead of an assumed constant
value is shown. The metallurgical processing incorporates the temporal dimension through the residence
time over a SAG mill feeding sequence, showing how different can the temporal revenues be by considering
the different scenarios between the previous estimations and simulations.
1 Cite as: Avalos S, Ortiz JM (2019) A simple, synthetic and two dimensional geometallurgical modeling application, Predictive Geometallurgy and Geostatistics Lab, Queen’s University, Annual Report 2019, paper 2019-11, 146-158.
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2.

Geometallurgical integration

2.1. Geological modeling
The geological modeling is responsible for the estimation/simulation of the relevant attributes, such as
mineral occurrences and downstream process properties. Let D be the spatial extension in which a set of
conditional data are located. Let conditional data be a set of N samples {xi }N
i=1 with several attributes
measured, together with their associated spatial locations. Each sample x represents one realization of the
random variable Z(x). The collection of {Z(x) ∈ D} is named random function (RF). One realization of
the RF may described the domain D completely.
2.1.1. Estimation - Kriging
Although there are many spatial estimators, such as inverse distances, nearest neighbour and others,
that incorporate space distances by weighting the contribution of conditional information, they do not take
into account the relative redundancies, closeness and spatial continuity of the RF. In that sense, kriging
(Matheron, 1973) does that by creating an estimator that is linear, unbiased and optimum in the sense that
it minimizes the error variance.
Let u ∈ D be an unknown location, under the Simple Kriging approach which assumes both a known
∗
and constant mean m, across the domain D, and second-order stationarity, the estimator ZSK
(u) and the
2
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Under the Ordinary Kriging approach, which assumes both an unknown mean across the domain D
2
∗
(u) are defined
(u) and the respective kriging variance σOK
and second-order stationarity, the estimator ZOK
as:
∗
ZOK
(u) =

N
X

λOK
· Z(xi ) ,
i

2
σOK
(u) = σ 2 −

i=1

N
X

λOK
C(xi , u) − µ
i

(3)

i=1

and the kriging parameters {λOK
, µ} are found by solving the following system of equations.
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Both ordinary kriging and simple kriging require to invert a covariance matrix whose size depends on
the number of conditioning samples N (u) used to predict Z ∗ (u). In practice, a search neighbourhood along
with constrains of minimum and maximum samples are used to control N (u)  N .
2.1.2. Simulation - Sequential Gaussian Simulation
As mentioned before, kriging is a deterministic technique that provides a kriging estimate and its associated kriging variance. The kriging variance relies only on the covariance between samples without accounting
for their real values. This leads to not considering the proportional effect, meaning that zones with high
(low) values are expected to have high (low) variance. In response, simulations achieves that by trading off
the local precision of kriging, but new assumptions are required.
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The sequential Gaussian simulation algorithm (SGSim) (Journel, 1974) simulates the value at unsampled
locations by inferring the local Gaussian probability distribution characterized by the kriging estimate
(expected mean) and kriging variance (expected variance). It explicitly requires Gaussianity over the RF.
As the original RF (Z) may not be naturally Gaussian, a transformed RF (Y = ψ(Z)) is obtained by
anamorphosis. In details, SGSim works as:
1. Build the cumulative distribution of Z using the N samples {xi }N
i=1 considering declustering weights.
2. Transform the original sample values Z into normal score values Y via a quantile transformation ψ(·)
as Y = ψ(Z).
3. Define a random path P ∈ D over the unsampled locations {uj }M
j=1 to be simulated.
4. Nodes in P are visited sequentially {u1 , u2 , ..., uM }. At each node:
(a) Simple kriging is performed over the normal score values Y obtaining the kriging estimate YSK (uj )
2
and kriging variance σSK
(uj ). They are computed as in Equation 1 by solving Equation 2 except
that now the conditioning data are not just the transformed sample values Y but also all previously
simulated values {Y (uj−1 ), Y (uj−2 ), ..., Y (u1 )} within the search neighborhood.
2
(b) A Gaussian distribution is built as N (YSK (uj ), σSK
(uj )).
(c) Via Monte Carlo simulation, a single value is drawn from the previously built distribution and
set as the final simulated value Y (uj ).
5. Once all nodes in P have been visited and simulated, these are back-transformed to the original space
via Z = ψ −1 (Y ) using ψ −1 as the inverse transformation used initially.
To capture the uncertainty at every location in D, associated to the modelled phenomenon, several
scenarios must be built to ensure a wide range of possible outcomes.
2.2.

Mine planning

The mine planning process is responsible for reporting the resources obtained from the geological model
considering economic, geo-mechanical and processing constrains. In open pit mines, first the ultimate pit limit
(UPL) is defined. Several algorithms have been proposed for this, being the Lerchs & Grossmann algorithm
(Lerchs, 1965), a dynamic programming approach, the most widely used. The resources that remain inside
the UPL become reserves. Then, the production scheduling step defines the sequence of extraction of ore
inside the UPL. Optimizing this sequences under equipment availability, metallurgical process constrains,
geological uncertainty and other restrictions is an open field of research with several algorithms standing
out by their efficiency and handling complex ore deposits.
2.2.1. The 2D Lerchs and Grossmann algorithm
There is a remarkable difference between the Lerchs & Grossmann algorithm in two-dimensions and in
three-dimensions. The former is a straightforward dynamic programming approach while in 3D the algorithm becomes much more elaborate and relies on graph theory.
Let Vij be the economic value of the block located in the ith row and j th column. The steps carried out
by the algorithm are:
1. Calculate the cumulative profit across each column as
CPij =

i
X

Vkj

(5)

k=1

being CPij the profit of extracting the j th column from top until the ith row.
2. Add a auxiliary row of zeros at the top (i = 0) along with a zero at the corner (i = 0, j = 0).
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3. Compute the derived profit DPij of each block starting from the top left block (i = 1, j = 1), going
down through the column and continuing until the bottom right block is reached. At each block the
derived profit is obtained by adding the maximum value from the three closest block at the left as

0
i=0,
DPij =
(6)
CP
+
max
DP
i
6= 0.
 ij
i+k,j−1
k=−1,0,1

4. At each block, store as arrows the direction from (i, j) to (i + k, j − 1).
5. Once all DPij have been calculated, search for the maximum derived profit in the first row (i = 0).
If the maximum value is positive, then following the arrows back from that block would delimit the
contour of the Ultimate Pit Limit. If there is no positive derived profit in the first row, then no feasible
UPL was found.
Usually this algorithm is used to compute nested UPL for further pushback definitions. In this work, it
is only employed to find the UPL under predefined conditions.
2.2.2. Sequence of extraction
Once the reserves have been obtained, the next step is to provide an optimum sequence of extraction.
Ore and waste are extracted and managed in terms of destinations. Particularly, the ore must pass through
several stages from grinding mills to metallurgical processes to actually recover the valuable elements. While
stochastic mine planning is at the frontier to tackle the sequence problem, a non-optimum and straightforward algorithm is used in this example. Blocks are extracted from left to right and from top to bottom
inside the UPL. The time is discretized in days and only one decision, SAG mill processing, is assumed for
the blocks. Ore blocks are sent to the mill, while waste blocks are sent to the dump.
2.3.

Metallurgical processing

Every mine project has an entire flowsheet for ore upon their geometallurgical characterization. Here,
only the first stage is considered, meaning that only comminution is considered as metallurgical processing
for this example, assuming that the economic value of each block is obtained after comminution. The rest
of the flowsheet is left for future improvement.
For comminution, only a SAG grinding mill is considered. Several interesting parameters can be estimated, such as energy consumption, throughput, residence time, and so on. Here, only the residence
time (RT ) is evaluated impacting the time that takes to process one specific block, hence impacting the
throughput. In fact, it is assumed that the residence time is a function only of the block hardness, so
RT = RT (hardness).
3.

Experiment

From a synthetic porphyry copper deposit, an East-West cross-cut is considered to illustrate the previous
concepts (Figure 2). It has an extension of 1000 meters in length and 500 meters in depth with a discretization
of 1 × 1 so 1000 × 500 nodes represent the center of each block. The measured attributes are copper grade Cu (%) that is highly related with the economic benefit, the fraction of clays below 2µ (%) related with the
metallurgical ore recovery, and the associated hardness measured through the SPI index (kW h/ton) related
with the SAG grinding mill throughput.
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Figure 1: Ground Truth. Copper grade (left), Clays (center) and Hardness (right).

From now on, these models represent the ground truth (GT). Their basic statistics are shown in Table 1.
Table 1: Main statistics by attributes over the ground truth.

Min
Mean
Max
St Dev

3.1.

Copper, Cu [%]
0.00
0.04
1.2
0.07

Clays fraction, < 2µ [%]
0.01
0.90
1.47
0.24

Hardness, SPI [kW h/ton]
21
64.9
122
13.72

Geological modeling

Samples are randomly selected from the ground truth, inside a delimited zone. There are 120 samples
in total (Figure 2), representing 0.024 % of the entire GT.
Copper samples

0

Clays samples

0.5

0

Hardness samples

1.5

40

100

Figure 2: Data samples. Copper grade (left), Clays (center) and Hardness (right).

Each sample carries information of copper grade (%), hardness (kW h/ton) and clays (%). Their basic
statistics are shown in Table 2.
Table 2: Values of samples

Min
Mean
Max
St Dev

Copper, Cu [%]
0.01
0.10
0.6
0.11

Clays fraction, < 2µ [%]
0.13
0.91
1.36
0.22

Hardness, SPI [kW h/ton]
31
65.8
109
14.7

When attributes are not estimated/simulated but rather assumed as constants (see subsection 3.4), a
0.5 [%] of clays and 50 [kW h/ton] of hardness are used to represent the entire domain (Table 3). Note that
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the constant values are slightly lower than the respective sample averages. This is usually the case, where
non measured variables are assumed as constant and higher values would badly impact the final profit.
Table 3: Constant values for attributes Clays and hardness when required.

Scenarios
Constant

Clays [%]
0.5

Hardness [kW h/ton]
50

For ordinary and simple kriging estimation, the structures of the variogram models are shown in Table 4.
The associated kriging plans by attributes are presented in Table 5.
Table 4: Kriging. Structures of variogram models by attribute over original samples.

Copper
Clays
Hardness

Nugget effect
0.1
0.1
0.1

Sill
0.5
0.5
0.9

First structure
Type
Range
Exponential
50
Exponential
50
Exponential
40

Sill
0.4
0.4
-

Second structure
Type
Range
Exponential
300
Exponential
200
-

Table 5: Kriging plans by attribute.

Variable
Copper grade
Clays fraction
Hardness

Kriging
Ordinary
Simple
Simple

Mean
0.91
66

Radius
500 /
500 /
500 /

[x/y]
500
500
500

Samples [min/max]
4 / 12
2 / 14
2 / 14

For SGSim simulations, the structures of the variogram models over the transformed normal score values
are shown in Table 6.
Table 6: SGSim. Structures of variogram models by attribute over normal score transformed samples.

Copper
Clays
Hardness

Nugget effect
0.1
0.1
0.1

Sill
0.9
0.9
0.9

Type
Exponential
Exponential
Exponential

Range
160
80
60

3.2. Mine planning
The Lerchs and Grossmann algorithm is applied to obtain the reserves found inside the Ultimate Pit
Limit (UPL). It requires to value each block. The valorization function, without considering the temporal
discount, is:


Zi,j Ri,j
Vi,j = P − CFi,j ·
·
· Ti,j · 2204 − Ti,j · CMi,j
(7)
100 100
where:
P : Copper price. Assumed constant at 2.9 USD/lb.
CFi,j : Smelting and refining cost2 at location i, j. Assumed constant at 0.25 USD/lb.
Zi,j : Copper grade at location i, j.
2 Although non smelting and refining processes are considered in the metallurgical section, their associated costs are used in
this example.
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Ri,j : Process recovery3 at location i, j. It is function of several attributes but here is assumed to be mainly
driven by the Clays fraction as:

Ri,j = 65 + 30 · exp − Clays2i,j
Ti,j : Tonnage in-situ at location i, j. Assumed constant at 2.7 ton, since each node represents 1 m3 .
CMi,j : Mine cost at location i, j. It is function of several attributes but here is assumed to be mainly
driven by the depth of the block as:
CMi,j = 4 + 9 · 10−3 · j
3.3. Metallurgical processing
As the main restriction is the SAG mil feed tonnage demand, the residence time (RT ) of each block must
be pre-calculated as:


Hardnessi,j + 30
[min]
(8)
RTi,j = 1 + exp
100
so for instance, in the constant hardness scenario where each block has an associate hardness of 50 kW h/ton,
the respective residence time is 3.2 minutes. To simplify the calculations and block interactions, the SAG
mill processes only one block at a time and works 24 hours, 7 days per week. Therefore, in the constant
hardness scenario, 450 blocks are processed per day.
3.4. Scenarios
To measure (1) the benefits of including metallurgical attributes into the geological modeling phase and
(2) the impact of defining the UPL using stochastic simulations, the following scenarios are defined (Table 7).
Regarding the scenarios, the UPL definition is based upon the constant/estimated/simulated attributes, but
the real profit results by extracting and processing the true values provided by the ground truth of each
attribute. In addition, the GT itself is processed to establish, as an reference, the maximum potential profit.
Table 7: Geological modeling scenarios.

Scenarios
Case 1 (C1)
Case 2 (C2)
Case 3 (C3)
Case 4 (C4)

Copper
OK
OK
SGSim
SGSim

Clays
Constant
SK
Constant
SGSim

Hardness
Constant
SK
Constant
SGSim

Case 1 In most conceptual stages mines are evaluated accounting only for the principal economic element
estimation while the rest of the parameters are considered as constant. This case estimates by Ordinary
Kriging the Copper grade. OK is selected over the SK to avoid imposing the mean. Clays and the
hardness are considered constant assuming that they were not measured in this scenario. Their values
are shown in Table 3. One output by attribute is expected from this scenario since only deterministic
techniques are used.
Case 2 Similar to the previous case but assuming that Clays and Hardness were measured along with
Copper to increase the reliability on downstream processes. Both are estimated by Simple Kriging
assuming that the sample means correspond to the global mean. Again, only one output by attribute is
expected but now Clays and Hardness are not considered constant but rather deterministic estimations,
having an impact on the ultimate pit definition.
3 Again,

although non smelting and refining processes are considered, one general process recovery function is used.
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Case 3 Usually, estimations are preferred to simulations since the last ones have a few more internal steps
and take longer times to compute due to the amount of realizations (possible scenarios). The aim of
this case is to illustrate the benefits of incorporating the copper uncertainty resulting of processing one
hundred SGSim realizations of Cooper and still using constant values for Clays and Hardness. The
uncertainty is reflected in the variability associated to the UPL volume (shape).
Case 4 Similar to case 2 but now considering SGSim simulations over the three main attributes. One
hundred realizations of each attribute are considered. The variability in the UPL volume is expected
to decrease, reflecting a more robust UPL definition by accounting for metallurgical properties.
4.

Results and discussion

The resulting estimations for Copper, Clays and Hardness used in scenarios C1 and C2 are shown in
Figure 3.
Copper − OK

0

Clays − SK

0.5

0

Hardness − SK

1.5

40

100

Figure 3: Kriging estimations. Cooper grade (left), Clays (center) and Hardness (right).

One randomly selected realization over a hundred for Copper, Clays and Hardness attributes using
SGSim are shown in Figure 4. They are used in scenarios C3 and C4 are mentioned in the previous sections.
Copper − SGSim

0

Clays − SGSim

0.5

0

Hardness − SGSim

1.5

40

100

Figure 4: SGSim simulations. Cooper grade (left), Clays (center) and Hardness (right).

The spatial variability delivered by SGSim in contrast with the smooth local variability visualized on
OK and SK is already reflected in the previous illustrations. Now at each realization the deposit must
be economically evaluated to obtained the UPL. Indeed, with the constrains mentioned in subsection 3.2,
the value of each block is computed accounting for copper grade and percentage of clays but not on the
associated hardness. It is worth mentioning that all scenarios have different UPL.
At C1 and C2, only one UPL is defined. At C3 and C4, each realization provides an UPL volumen. If
the blocks inside this volume are flagged as 1 and outside as 0, adding all the flagged UPL, a probability
map is generated. Since values will range from 0 to 100, there is no need for normalization. Indeed, the
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Figure 5 illustrates the probability of being inside the UPL for C3 and C4, in addition to the contours of
(1) the C1 UPL, (2) the C2 UPL and (3) the optimum UPL based upon the real attributes considering the
entire GT.

UPL − C3

UPL − C4

GT
C1
C2

GT
C1
C2

0

100

0

100

Figure 5: Ultimate pit limits by Scenarios. UPL probability maps of Case 3 (left) and Case 4 (right), both with UPL contours
of C1 (blue), C2 (green) and GT (red).

As can be seen in Figure 5, C1 delivers a reasonable UPL when compared to the UPL by GT. That is
the reason why most mine project based only on Kriging estimation are profitable. Consider that as they
operate, information is updated, allowing for local corrections to this long-term outline.
The resulting UPL considering Clays estimations rather than a constant value, gets closer to UPL by GT.
Only a small area that belongs to the optimum UPL is left behind in C2 with respect to C1 (top right
sector). The rest of the volume is a better approximation to the optimum solution.

UPL − C3

UPL − C4

P20
P50
P80

P20
P50
P80

0

100

0

100

Figure 6: Ultimate pit limits by Scenarios. UPL probability maps of Case 3 (left) and Case 4 (right), along with the P20 -UPL
(red), P50 -UPL (blue) and P80 -UPL (green).

Let Pk be the contour in which all inside blocks have at least a k % probability of belonging to a simulated
UPL. By plotting the contour of the P20 (optimistic), P50 (moderate) and P80 (pessimistic) UPLs (Figure 6),
it is observed that the P20 volume at C3 is smaller than the one found with P20 at C4. A similar behaviour
is seen at P80 . However, the volume at P50 is almost equal on C3 and C4.
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Clay: const
Hardness: const

C2
Cu: OK
Clay: SK
Hardness: SK

C3 (#100)
Cu: SGSim
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Hardness: const

C4 (#100)
Cu: SGSim
Clay: SGSim
Hardness: SGSim

C3 (UPL)
P20
P50
P80

C4 (UPL)
P20
P50
P80

Figure 7: Profit by scenario.

Adding the value of all blocks inside the previously defined contours, without accounting for time discount, the respective total profits are displayed in the boxplot of Figure 7. Several remarks are worth
mentioning:
• A gain of 56 kUSD in profit occurs in C2 with respect to the 111 kUSD of C1. This 50% increment
in revenue is due to the incorporation of the estimated Clays fraction instead of a constant. It is
interesting to notice that despite the sample average of Clays fraction (0.91) in C2 being higher than
the assumed fraction in C1 (0.5), incorporating the local value leads to an increased profit.
• Both C1 and C2 show large gaps with respect to the ideal profit (GT). The GT ideal profit is 343
kUSD while C1 and C2 have a profit of 111 kUSD and 167 kUSD, respectively.
• Applying SGSim (C3) instead of Kriging (C1), where only Copper has been measured, increases
considerably the potential total profit. Indeed, the moderate perspective (P50 ) gives 37 kUSD more
than the expected profit obtained with the Kriging model. A more optimistic perspective (P80 ) provides
246 kUSD, which means 47% more profit than C2 that accounts for metallurgical attributes even
though C3 only accounts for the main element, Copper.
• Incorporating metallurgical attributes (C4) in the SGSim decreases the total profit variance as compared to C3, increasing the expected profit for the pessimistic case (P20 ), from 45 kUSD to 122 kUSD
(171 %), while maintaining the moderate (P50 ) and optimistic (P80 ) ones.
• Although the maximum profit values (P100 ) at C3 and C4 are 278 kUSD and 280 kUSD respectively,
there is still a gap of ∼ 63 kUSD with respect to the ideal profit. This is due to the fact that by
sampling we do not have access to the exhaustive reality, so the model only approximates the ground
truth.
Lastly, to account for the benefits of having predicted the Hardness instead of having used a constant
value, a comparison between the expected temporal revenue after SAG mill processing and the real temporal
revenue should be done. This work leaves that comparison for future work, focusing only in the real temporal
differences obtained at each scenario C1, C2, C3 and C4, due to the different pit configurations. The real
temporal revenue achieved by each scenario is illustrated in Figure 8. Note that all materials are considered,
since in the example, the cutoff is not applied. Nonetheless, this illustrates the differences in feed value and
the impact of using estimation or simulation. The graph at the top illustrates in red the temporal benefits
from the ground truth, C1 in blue and C2 in red. It is noted that in the first 150 days most of the processed
material has lower revenue than the ideal case and several negative values (waste). During the period of
[150, 250] days the cases are close to the GT, but on the final period (> 250) none of them actually follow
the ideal profit. However, including Clay estimation (C2) reduces the period of extraction and brings early
a period of positive revenue compared with C1.
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C1 and C2 − Daily profit
without discount

At the center and bottom of Figure 8 the C3 and C4 scenarios are illustrated. The temporal revenues
of the 100 realizations (grey) are compared with the GT (red), the optimistic (green), moderate (blue)
and pessimistic (yellow) perspectives. It can be inferred that during the first 150 days C3 shows many
more positive revenues compared with C1 (simulation vs estimation). In terms of realizations, there are no
substantial differences between C3 and C4 during the first 250 days, but after > 250 days having simulated
the Clays instead of using a constant value provides a closer approximation to the ideal profit profile. Under
the optimistic perspective (P80 ), C4 increases considerably the similarity with respect to the ideal profit.
Although the total profit of C3 and C4, given by the P80 , are almost the same (Figure 7), their temporal
revenues shapes differentiate after 120 days. This shows again the need for including a temporal discount
rate. The moderate perspective is quite similar on both scenarios while the pessimistic perspective is by far
more profitable and for a longer time when accounting for the Clays simulations.
GT
C1
C2

6000

0
−2000
50

100
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200
Days
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300

C3 − Daily profit
without discount

400

GT
P20
P50
P80
Realizations
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300
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P20
P50
P80
Realizations

6000
C4 − Daily profit
without discount

350

0
−2000
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100
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200

250

300
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400
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Figure 8: Temporal revenue after SAG mill fed with ore and waste. Comparison of C1/C2 with ground truth (red), C1 (blue)
and C2 (green) at the top. For C3 (center) and C4 (bottom), realizations (grey) are contrasted with the ground truth (red)
and the optimistic (green), moderate (blue) and pessimistic (yellow) perspectives.

Although displaying the temporal sequence is helpful to differentiate between waste/ore, a more adequate
representation would be to display only the ore periods along with the respective discounted profits. It is
worth mentioning that none of the Pk perspectives actually corresponds to a specific realization but rather
to a set of UPL sectors under a specific quantile over the UPL distributions.
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5.

Conclusions

This simplified case study shows that complementing the kriging approach, even at an early stage, using
simulations to actually account for the uncertainty of geometallurgical attributes into the ultimate pit definition provides advantages that have significant economic impact. Particularly, an increase of up to 34%
over the expected total profit was found only by simulating Copper instead of using its estimation.
Even when only estimations were performed, accounting for Clays estimations instead of a constant value
provides a gain of 50% (C2 respect to C1) over the total profit. When simulations are performed, the gain
of including Clays is not reflected as an increment in revenue but rather in a decrease in the final profit
uncertainty, increasing considerably the expected profit on the pessimistic perspective by ∼ 110%.
Lastly, the temporal revenue illustrates the benefits of understanding each basic unit of the mine value
chain as a transfer function. Particularly, the Lerchs and Grossmann algorithm was used during the UPL
definition, resulting in 100 UPL output definitions, one for every grade/clay/hardness scenario. By doing
so, three new UPL were defined, each one for certain confidence value. In the synthetic case presented, the
higher the confidence (optimistic), the closer its revenue profile gets to the ideal temporal profit.
6.

Key future improvements
At least, some of the following ideas should be included to account for a better mining representation.

Optimum extraction sequence Improving the left-to-right and top-to-bottom block sequencing by using
optimum algorithms. In that sense, (1) fix or dynamic cut-off grades must be included to differentiate
between waste and ore, and (2) discounting must be included to accurately reflect the final profits
considering the extraction date.
3D ore deposit A real mine case must be reviewed to prove the benefits of incorporating metallurgical
parameters into the geological modeling stage.
Metallurgical flowsheet The metallurgical stage was over-simplified here. A more detailed and realistic
scheme must be included. It requires (1) to model the crushing and milling phase considering the
distribution of time of residence (DTR) as a function of mineralogical characterization, (2) leaching or
flotation phase in regards to the copper nature with their corresponding DTR, and (3) resulting metal
recovery due to mixing processes by handling the final concentrate.
Deviation between expected and real temporal revenue To account for the benefits of estimating/simulating
the Hardness instead of having used a constant value, a comparison between the expected and real
temporal revenues must be carried out.
Short-term planning feedback Planning the block extraction upon the UPL defines the long-term plan.
Usually, the short-term planning unit contrasts the predicted attributes with drill-holes measurements,
capturing biases and relative uncertainties. Feeding those results as a feedback process into the geological modeling phase would redefine the UPL and the future recovery expectations. A systemic
short-term plan measurements feedback scheme should be studied to increase the robustness and reliability of the long-term plan.
Explicit integration of geometallurgical attributes uncertainties Although performing Lerchs and
Grossmann on every realization is a implicit way to account for attributes variabilities, neither kriging
local variance nor simulation variance were included during the valorization step. Including the uncertainty of estimated/simulated attributes during the mine planning or metallurgical modeling would
lead to a considerable reduction in computing time due to a reduction from several realization to just
one.
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Sampling variation Considering sampling from the ground truth as another transfer function, at least
several samplings scenarios should be carried out. It would increase the understanding of how the
sampling spatial distribution impacts on the modelled variogram, final statistics and the propagated
uncertainty.
7.
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