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Mine planning and scheduling is based on using a geological model for the deposit. Blocks are
used to discretize the deposit into mineable volumes where grade values are assigned. Traditional
estimation techniques such as kriging or inverse distance weighting are frequently used for this
task where an interpolated value is calculated within a discrete volume. This group of block
grades is the input for sequence optimizers, which base their decision on the economical value of
a given block: Ultimately; the economical value of-a block-depends-on its grade, making mine
sequencing sensitive to all estimated values. If one looks to a block not as a single grade but as a
set of equally possible grades, its economical value will change as different grades can be
assigned to it. Stochastic simulation is known to provide the tools to assess grade variability,
which makes it possible to generate equally probable values in a block. Different grade block
models can thus be built and multiple sequencing alternatives are observed by running the
optimizer for these distinct inputs. The results demonstrate that the methodology is adequate for
risk assessment and proves to be useful for mining project sensitivity analyses. Differences in the
project net present value showed that there is little difference between the two simulation
methodologies (sequential Gaussian simulation and sequential indicator simulation) applied. The
process is demonstrated using a Brazilian kaolin deposit.

Keywords: geostatistical simulation, mine planning, sequencing, risk assessment, open pit

optimization.

Introduction

Mining ventures and financial institutions commonly face
the task of determining the value of a mining project.
Commodities price oscillation, money costs and ultimate pit
contour are parameters usually tested in order to analyse the
risk of an investment, however the uncertainty related to the
geological parameter is rarely considered15.

Experience has shown that the use of deterministic
models to represent geological phenomena does not account
for the nature of those phenomena, as there are a series of
uncertainties when considering geological variables, mainly
due to the few samples used to infer geological attributes
within the deposit. Traditionally, models are built using
classical estimation methods such as polygons, inverse
distance or kriging. These methods do not provide ways to
access the variability of the deposit. Normally, each block
in the model receives an estimated mean value without a
measure of the error associated with it.

Geostatistical simulation and estimation methods have
different goals. These methods differ in a determinant
aspect, which is the way the estimation error is measured.
Conditional simulation is appropriate to access the
probability distribution of a given block, and not simply its
expected value”9. The standard procedure in mine planning
uses a block model estimated by traditional estimation
techniques, among them kriging!2. Models built by those
techniques do not account for the uncertainty associated to
the parameter studied, providing a map that masks the real
atiribute variability68. Even tough estimation techniques
reproduce the data, for risk assessment more than simply
data reproducing is required.

The generation of multiple equally probable models
provides the means to solve the problem of geological

uncertainty. In solving the issue of assigning a grade value
to a block and its associated uncertainty, an economical
value of each block is calculated. A revenue function is
used for this transformation adding costs and benefits
obtained by mining and processing each block. The reader
should refer to Pilger er al.14, Costa et al.4, Bonato et al.2
for applications of geological uncertainty in mining
decision making processes.

As the geological uncertainty is significant in the success
of a mining project, its assessment is of paramount
importance. This study evaluates different simulation
methods to construct geological scenarios. A comparison of
the economical response function produced by a pit
optimizer fed with various geological models is carried out.
The results (net present value) using distinct block models
which lead to different pit shells and different mining
sequence are analysed.

Methodology

Two simulation algorithms were selected for this study.
These methods have distinct characteristics to model the
distribution function of a random variable. Sequential
Gaussian simulation (sGs) requires multivariate normal data
sets”. A variogram on the normal scores is required to
proceed with the algorithm. For each node being simulated,
sGs constructs a local conditional probability function
(Icpf), i.e. a histogram from which a value is randomly
drawn for each simulation.

Sequential indicator simulation! (siSim) is based on the
indicator formalism proposed by Journell®. In this
simulation method the lcpf is built using indicator kriging
(IK), which is the basic difference from sGs. After
constructing the local histogram following the IK approach,
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sequential indicator repeats the steps used for sGs to build a
simulated model. The reader should refer to Goovaertss,
Chilés and Delfiner3 for a comprehensive review on
simulation methods.

Each simulation method was used to construct 50
individual simulated block models, which afterwards were
validated (ten out of the 50 were used for this purpose). The
statistics for these 10 simulations show the expected
ergodic fluctuation simulation models exhibit. Table I
refers to sGs results and Table V for sequential indicator
simulations.

The 50 realizations were ranked according to the average
reflectance calculated on each simulated model. Models
with the highest and lowest average reflectance were used
for pit optimization and scheduling. Lerchs-Grossmann
(LG) algorithm was chosen to define the ultimate pit
limits11. This algorithm was adapted by Tolwinski and
Underwood16 and Underwood and Tolwinskil?. The later
authors proposed a modification on the original LG
algorithm to find the optimal pit and mine sequencing using
LG and dynamic programming respectively. The response
obtained by this method provides the tonnages, grades and
the optimal mining sequence for a given production
sales/cost scenario. The response function measures the net
present value for a simulated deposit and provides an
optimum mining route for this deposit. As the input
simulated models change, the optimal mining sequence
varies. Figure 1 explains this sequence of steps.

Case study

Kaolin quality is quantified using the so-called brightness
(R). As brightness is a non-additive variable, a
transformation using the Kubelka-Munk function [F(R)] is
required!3. After the transformation, the process follows the
traditional geostatistical framework using the indirect
(transformed) variable. At the end of the simulation process
F(R) is back transformed to the original scale. Note that
F(R) values are inverse proportional to the reflectance.

The data set consists of 820 samples regularly spaced
collected along vertical drill holes. Figure 2 shows the
histogram and statistics summary for the sample data set.
Figure 3 shows the variograms for the original variable.

After applying a normal transform sGs was carried out
and 50 realizations were generated and validated. The
models were sorted by the average reflectance and two
were selected to be passed through the transfer function
(LG optimizer). Tonnages and grades for the best scenario
(realization # 50) are presented in Table II. Similarly, the
worst scenario (realization # 29) in terms of average
reflectance was analysed after it was optimized using LG
algorithm. Results are depicted in Table III.

Table I
Selected realizations to validate the sGs models

Realization Mean [F(R)] Variance
50 8.69 12.12
12 8.98 14.24
37 8.72 11.73
26 9.02 16.31
24 8.96 14.67
5 9.02 16.35
45 9.14 15.78
8 8.97 14.97
31 8.85 13.43
29 9.14 15.78

16

The whole simulation procedure was repeated, however,
using the indicator formalism. Five thresholds were used in
order to define to local probability distribution functions.
Table IV presents the thresholds used in the sequential
indicator simulation and what each selected quantile
represents. The remaining steps were identical to what was
determined to sGs. Ten selected models were used to
validate the simulations according Table V. Their statistics
are presented in Table V where the ergodic fluctuations can
be observed. Two selected models were analysed through
the LG optimizer. Volumes, tonnages and average grades
obtained for these two geological scenarios are presented in
Table VI and Table VII, respectively
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Figure 1. Sequence showing the steps followed in the process
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Figure 2. Descriptive statistics and histogram
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Figure 3. Directional variograms (N67E; N157E and vertical)

Table II
Highest average reflectance. Tonnages and quality for realization
50 generated by sGs

Category Tonnage Mean brightness
Overburden (OVB) 16,282,000 -

Waste (WST) 5,102,898 83.59

Low quality kaolin (LQK) 11,036,000 87.39

High quality kaolin (HQK) 28,928,000 88.84
Total ore (I.LQK + HQK) 39,964,000 88.44
Total waste (OVB + WST) 21,384,898 -

Total (OVB+ WST+ HQK + LQK) | 61,349,000 87.89

' Table III
Lowest average reflectance. Tonnages and quality for realization
29 generated by sGs
Category Tonnage Mean
brightness

Overburden (OVB) 16,282,000 -
Waste (WST) 6,863,639 83.59
Low quality kaolin (LQK) 12,288,000 87.37
High quality kaolin (HQK) 25,915,000 88.78
Total ore (LQK + HQK) 38,203,000 88.33
Total waste (OVB + WST) 23,145,639 -
Total (OVB + WST + HQK + LQK) 61,349,000 87.59 J

Table IV
Selected thresholds for sequential indicator simulation

Cutoff Cutoff Criteria

[F(R)] (Brightness)

6.89 88.93 25% quartile

7.60 88.41 Median

8.18 88.00 Cut-off value that defines the limit
between high and low quality kaolin

8.53 87.76 75% quartile

10.87 86.30 Cut-off value that defines the limit

between waste and low quality kaolin

All created geological models have identical overburden
volumes. This is due to the fact that overburden was
modelled separately using surfaces obtained by interpreting
multiple parallel vertical sections. Afterwards, the
overburden model was combined with the ore block model.
A different procedure based on simulation could be used to
construct the overburden model. However for the sake of

Table V
Selected realizations to validate models created by siSim
R&alizaﬁon Meati [F(R)] l Variance
14 8.7383 13.7086
2 9.0278 17.3342
14 8.7383 13.7086
30 8.8474 14.7634
10 8.8830 15.4021
40 8.8484 15.0923
27 8.7567 14.0459
3 8.7915 14.6461
17 8.9445 16.2060
26 9.0386 16.8830
Table VI
Tonnes and quality for realization 14 generated by siSim
Category Tonnage Mean
brightness
Overburden (OVB) 16.282.000 -
Waste (WST) 4.813.374 83.173
Low quality kaolin (LQK) 11.762.000 87.254
High quality kaolin (HQK) 29.068.000 88.797
Total ore (LQK + HQK) 40.830.000 88.352
Total waste (OVB + WST) 21.095.374 -
Total (OVB + WST + HQK + LQK) 61.922.000 87.806

Table VIL
Tonnages and quality for realization 26 generated by sisim
Category Tonnage Mean
brightness

Overburden (OVB) 16.282.000 -
Waste (WST) 6.304.872 83.182
Low quality kaolin (LQK) 11.496.000 87.230
Hi quality kaolin (HQK) 27.843.000 88.807
Total ore (LQK + HQK) 39.339.000 88.346
Total waste (OVB + WST) 22.586.872

Total (OVB + WST + HQK + LQK) 61.922.000 87.633

simplification a traditional geological modelling method
was adopted.

Results analysis

As all simulated models were accepted as valid, we now
focus our analysis on their impact on mine planning. Table
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Table VIII
Results obtained by different simulation algorithms using the extreme scenarios

Realization Scenario Algorithm No. of pushbacks Pushbacks NPV NO. of periods (180 days) Sequencing NPV
(US$) (US$)

50 Best sGs 13 482.494.296 51 472.837.129

24 Worst sGs 15 471.534.235 42 438.336.071

14 Best siSim 14 484.355.338 52 475.636.836

26 Worst siSim 15 476.855.184 41 446.266.929

VIII presents the NPV for the ultimate pit and mine
sequencing defined for each extreme geological model. The
two algorithms provided similar results, however sGs lead
to more conservative ones. The range of differences (max-
min) obtained by sGs is smaller than siSim.

Differences between the worst scenarios obtained for sGs
and siSim is only 0.6%, while the difference for the best
scenarios reaches 1.8%. Even though, the differences in
terms of NPV are considered small, the route for mining the
deposit defined for each model leads to very distinct
sequences. The number of periods on each model and block
extraction sequence is reasonably different.

The spread of NPV values obtained by the extreme
scenarios generated by sGs reaches U$ 34 millions (7.9%),
shortening the mine’s life by five years. When using siSim
the difference between its extreme scenarios was 6.6%
equivalent to US$ 29 millions and also impacting on the
mine’s life by five years.

Conclusions

Geostatistical simulation provided the means to access
geological uncertainty by generating multiple equally
probable scenarios. The choice of simulation algorithm
proved not to be significant as the differences in the
expected maximum and minimum NPV using sGs and
siSim is small in this particular case study. Basically, both
algorithms lead to similar results, but further studies should
be done on other kinds of deposits to assure the generality
of this affirmative. Differences in the NPV from the
extreme scenarios represent the expected range of
variability for the project. In some mining projects the 7%
difference can be very significant.

Risk could be assessed based on the differences in
tonnages, volumes and revenue forecasted for each
geological model generated. The information generated is
of paramount importance to the overall evaluation of a
mining project.
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