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The paper serves to show the importance of both a geological model and geostatistical model that
support one another in mineral resource evaluation. It highlights the advantage of reference
models for the geometry, the geological, statistical and geostatistical models of various orebody
types and introduces a method for quantifying the combined uncertainty in these models.

The example presented reveals how the above levels of information can be applied to add value
to a resource evaluation process. It is a generic example in that it is the technique of combining
uncertainty in the geological model (boundaries) as well as the grade model to assess the overall
risk in the estimation of the resource. Data from the coal industry is used to illustrate the
techniques.

The geological uncertainty is considered via categorical simulations and these are combined
with simulations of the variables (grades, thickness,) being estimated in the resource. The
simulation techniques used are based on the application of GSLIB software! and a general
discussion of the two simulation processes is included.

In conclusion the paper demonstrates how the results of two types of conditional sequential
simulation can be combined to produce confidence limits that take both uncertainties into
consideration. This technique does not replace the resource estimation; it serves as an additional
tool to quantify confidence in the resource evaluation model. The topics considered in this

contribution are in terms of continuous improvement of mineral resource evaluation.

Introduction

The mere fact that an estimate is being considered indicates
that there is an amount of uncertainty present. With the
development of computing technology geostatistical
estimation processes have become the order of the day—
and in my experience of project reviews, a ‘black box’
approach is regrettably often evident. Resources are
classified according to kriging variances and/or drilling
grids and little attention is being paid to the uncertainty in
the geological model.

Estimation process

In a broad overview of a typical estimation process one can
state that it is dependent on both a geological model based
on a thorough understanding of the mineralization and an
appropriate estimation technique such as a type of kriging.
The following paragraphs provide some aspects to consider
during the creation of both the geological and block models
and broadly outline the processes followed in mineral
resource evaluation using drilthole intersections.

Geological model

From discovery to exploitation geology continuously
provides the essential information required towards
obtaining quality resource and reserve estimates. In this
context geological information can be considered under
detailed deposit geology, regional geology and the grade
distributions of similar ore deposit models.

The geological modelling procedure produces wireframes

that are based on the drill hole intersections with the
orebody and the geologist’s best interpretation and
understanding of the geological features that control the
mineralization within the project area.

The identification of geological homogeneous zones is
important in that it goes a long way towards ensuring
stationarity.

Block model

The block model is either 2D or 3D and has been created by
taking all available information, e.g. drilling grid, size of
the selective mining unit, equipment constraints, geological
characteristics, etc. into account. The wireframes
representing the geological model is overlain on the
drillhole database and the intersections are assigned unique
geo-codes according to the geological domains associated
with their positions in space.

The drillholes are then composited within the geological
zones and variogram analyses are carried out on the
composites. An estimation technique that is based on the
variogram model and an appropriate kriging technique and
parameters is then applied to populate the block model with
estimated grades and an associated kriging variance.

The simulation process in general

The set of drillhole intersections on which the estimation
has been based represents only one possible picture of the
geology and grade values of the orebody; a further drilling
campaign will reveal a similar but different picture. When
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additional data becomes available the geological model will
change as the geological understanding of the orebody
develops. There will also be an improvement in the grade
estimation as more information is added to the database.

However, at the time of resource evaluation the luxury of
a second possible view of the deposit is not available.
Conditional sequential simulation can be applied to provide
different possible realizations of what the deposit might
look like in terms of geology and grade. The simulations’
results can then be analysed to quantify the uncertainty
associated with the overall resource. Rules can be set for the
classification of the resources into measured indicated and
inferred categories depending on the variability of an area
equivalent to a mining block. Reserve classification can
also be carried out as the scheduled mine plan based on the
estimation process can be overlain on each simulation and a
measure of the variability in the production plan can thus be
obtained. A different production plan can also be produced
for each simulation to determine how different the footprint
of the pit might be.

The simulation techniques applied are conditional and
sequential meaning that the simulations are conditioned by
the observed drillhole information and once a node has
been simulated it is added to the database. The strength of
the conditioning depends on the correlation between
samples (semi-variogram model) and the distance a
simulated point is from a sample. As with estimation, the
lower the nugget effect and the longer the range of the
semi-variogram, the better the continuity between simulated
points. One can expect the least conditioning and thus the
biggest difference between simulations, in areas of the
deposit where the conditioning samples are relatively far
apart. Differences between simulations will reflect the
uncertainty that can be expected in the estimation of the
resources and highlight specific areas that might require
additional drilling.

Important features to consider when establishing the
integrity of a simulation exercise are the number of
simulations to be considered and the reproducibility of the
variogram model and the histogram of the conditioning
data.

Simulation application an example

The details of the simulation exercise are given by way of
an example. The data is from a coal deposit. Four different
geological zones related to the geological characteristics of
the coal seam thickness were identified. Boundaries for
each of the zones were delineated based on the available
information. Due to the wide spaced drilling grid some
doubt exists regarding the exact proximity of the boundaries
between different zones. In the estimation process these
boundaries were treated as ‘soft’, meaning that data from
more than one zone is used to krige the seam thickness.
The uncertainty in the coal seam thickness is considered via
sequential simulations.

Geology: Categorical simulation methodology

To include the uncertainty of zone boundary positions in
the confidence of the overall resource model, a sequential
indicator or categorical simulation exercise was carried out
on the four different zones. The program used is SISIM
from GSLIB.

SISIM is based on indicators that identify the different
zones and follows a sequential approach in building the
simulation. In other words every node that is simulated is
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added to the database and is used as a conditioning point for
subsequent simulated points. A brief description of the
categorical simulation methodology is given below, for
more details the reader is referred to the GSLIB reference,
the main steps in the process are:

Each sample in the dataset is assigned a number from 1 to
4 depending on the category the sample belongs to. The
program creates an indicator matrix of the categories at
each location. An indicator variable is either one or zero. If
the condition is true (data point falling within a zone), then
the indicator value will be one, if not, it will be zero e.g.
(0,1,0,0) identifies the location belongs to zone 2 and zone
2 only. This new categorical variable is unique in that a data
point cannot be assigned more than one category.

The program indexes all possible locations within the
simulation field. In the example, points were simulated on a
5 m x 5 m grid, resulting in 1 806 525 nodes to be simulated
in each of the 40 simulations.

The location of the first point to be simulated is selected
at random from the indexed points and a seed value. Each
subsequent point to be simulated is selected by a random
path generator in such a manner that each point is selected
only once during a simulation run.

The direct kriging of the indicators provides a model for
the probability that a specific category k prevails at the
simulated node. The result of an indicator kriging is the
probability pi* that the location might be within the
particular zone k being kriged. Therefore, at the particular
location, the indicator kriging will provide the probability
of being within each one of the 4 zones.

At each location the probabilities are normalized and
accumulated to produce an ordering relationship, this
ordering of the categories provides a cumulative probability
function type scaling over the probability interval [0,1] with
4 intervals [0, p1”], (P1%, p1™+p2"], (P1"™+P2", p1*+p2"+ps*],
(1-{p1*+p2*+ps*}, 1], representing the four categories. Note
that the cumulated probabilities of the classes have been
normalized, and, therefore the total is one.

In the next step a random number p uniformly distributed
over [0,1] is drawn the interval into which p falls
determines the category at the simulated node.

The final step is to update the entire indicator database
with the new simulated information and to proceed to the
next location along the random path.

One of the parameters required for the categorical
simulation is the expected proportion for each zone. For this
exercise, the proportions were based on proportions of the
aerial extent of the geological zones defined by the
geological model.

The categorical simulation is based on indicator kriging
using an indicator semi-variogram. In the example two
options were considered, firstly a global indicator
variogram for the four zones, this turned out to be invalid.
The second more intuitive approach was to calculate an
indicator variogram for each zone, which proved to be
realistic.

Categorical simulations—verification

Verifications include the variogram reproducibility, the
proportion simulated in each category as well as visual
representation of the category simulation. As expected, the
locations that were well conditioned (drilling information is
available) showed little variation in the category between
simulations. Areas that were and poorly conditioned
highlighted the uncertainty of the categories through their
variability.
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Thickness: Simulation methodology

The thickness variable in each of the four geological zones
was considered. Statistics of the thickness sample data from
the four zones were compared and showed that there are
significant differences between the zones.

The thickness simulations were carried out for each of the
four zones using the sequential Gaussian simulation
program SGSIM from GSLIB. A brief description of the
simulation process is given below, which is the same for
each zone.

Sample data is transformed to a Gaussian distribution
with a mean of zero and a variance of one. There are several
ways in which the transformation could be carried out such
as through a Gaussian anamorphosis using Hermite
polynomials. In the case of the example the transformation
was done using normal scores and a lookup table.
Experimental semi-variograms were calculated for each
Gaussian variable. When modelled this semi-variogram
must have a total sill of one.

As with the categorical simulation, all nodes in the
simulation area are indexed and the location of the first
point to be simulated is drawn at random from the indexed
points. At the selected point, kriging of the conditioning
data and/or previously simulated points is carried out. The
kriging returns a kriged Gaussian value and a kriging
standard deviation (minimum estimation error).

A value is then drawn at random between zero and one
and converted to a Z-score on a normal probability curve.
The Z-score is then multiplied by the kriging standard
deviation and added to the kriged estimate to provide the
Gaussian simulated value at that location. This is equivalent
to using the kriged valued and the kriging variance as input
for a normal distribution from which a value is drawn at
random. This Gaussian-simulated value is then added to the
dataset as input for subsequent simulated points.

Once all the points have been simulated the Gaussian
values are back transformed to real space using the look-up
table.

Grade zone simulations—validation
Checks have been carried out on all of the simulations to

test whether the thickness simulations have returned the
thickness distribution and semi-variogram of the
conditioning data. Similar results were obtained, as in the
case of the categorical simulations except related to
thickness and not to category.

Categorical and grade zone simulations
combined

The next step was to merge the categorical and thickness
simulations to provide final simulation results based on
both variables. Five different simulation runs were carried
out each consisting of 40 simulations. Each of the simulated
nodes are considered in turn, the category simulated at the
node determines the thickness. For example if at any
specific node (%, y) the simulated category was 3, then the
simulated thickness of zone 3 at the exact same location is
assigned to node (x, y) in the combined simulation. The end
result is 40 simulations of the distribution of thickness in
the deposit, which take into account the uncertainty
associated with the geological boundaries used in thickness
estimation process.

Quantifying the uncertainty in the thickness of
the coal seam

The combined simulations were then summarized into
100 m x 100 m blocks, these are the same blocks that were
used for the estimation of the resources. The four hundred 5
m x 5 m point values contained within each block were
averaged to produce a thickness value for the block. This
resulted in 40 realizations for each 100 m x 100 m block.
The statistics (variability) of the 40 realizations provide an
indication of the uncertainty.

It is now possible to calculate for each 100 m x 100 m
block in the deposit a histogram of possible outcomes as
well as statistics such as the average, variance and standard
deviation.

Figures 1 and 2 respectively present the histograms of
two blocks with low and high confidence.

It is now possible to calculate the coefficient of variation
(CoV) = standard deviation of each block divided by the

Figure 1. Example of a block illustrating high uncertainty in the thickness estimate
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Figure 2. Example of a block illustrating high confidence in the thickness estimate

average for each block to obtain a measure of relative
variability for all blocks.

The distributions of thickness in these blocks are fairly
close to being normally distributed, thus for example the
standard deviation of each block times £1.645 times gives a
reasonable indication of the 90% confidence limits for the
block or the 5th and 95th percentiles can be calculated for
each block to provide estimates for these confidence limits.

The 90% confidence limit expressed as a percentage of
the mean can be obtained by multiplying the coefficient of
variation by 1.645 and multiplying by 100. These limits
would represent the limits of the particular 100 m x 100 m
block that can represent between 62 000 and 124 000 tons,
depending on the dip, thickness and density of the coal.

Conclusions

In conclusion the paper demonstrates by way of an example
how the uncertainty in geological boundaries as well as in
the thickness estimation model can be assessed through the
combination of the two types of conditional sequential
simulations. It illustrates how confidence limits can be
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established that take both the uncertainties into
consideration. This technique does not replace the resource
estimation; but serves as an additional tool to quantify
confidence in the resource evaluation model and in the
deposit highlight areas of variable confidence. The value of
the application of appropriate simulation techniques as
shown in this example are in terms of continuous
improvement of mineral resource evaluation and
classification.
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