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Abstract
We demonstrate how geostatistical tools can be applied
to a petrophysical database for constructing a 3D exploration model that honours the statistics of the physical
properties observed from borehole logs and cores. The
framework for using geostatistics in this study is primarily supported by the presence of a relatively dense
spatial sampling within the study area of various borehole information which is otherwise absent or sparsely
available in most exploration projects. Sequential
Gaussian simulation (SGS) based on cokriging can be
useful to constrain the 3D exploration model by incorporating the correlation between existing information of
various categories based on a preestablished hierarchy.
We show an application of SGS where the derived
stochastic density models are used for base metal exploration in the Nash Creek area, New Brunswick, Canada.
The proposed strategy for building 3D heterogeneous
exploration models honours the information at all available borehole locations. Such heterogeneous models are
useful in assessing the impact of heterogeneity on a
variety of geophysical imaging methods, such as those
applicable to near surface exploration problems in
groundwater, environmental and geotechnical investigations. In this work, the statistical analysis of the rock
densities and geochemical data suggests that the disseminated nature of the sulfide rich zones may undermine
the effectiveness of geophysical imaging techniques such
as seismic and gravity.
Keywords: geostatistics, cokriging, rock physics, massive
sulphides, heterogeneity

Introduction
Physical rock properties are key parameters for characterizing
the earth’s heterogeneity. There is a wide range of rock properties
such as density, conductivity, permeability, porosity, and velocity
that are all subject to the in situ conditions of the rocks (pressure,
temperature) and their mineral compositions. Considering that
most petrophysical as well as geophysical data are usually under
sampled, we are constantly faced with the problem of how to
adequately estimate rock properties of interest at the unsampled
locations. In order to infer any physical property of interest at

these unsampled locations, kriging or sequential Gaussian simulation methods can be used (Matheron, 1963; Journel, 1974;
Deutsch and Journel, 1998). Though the estimation of a given
rock property via kriging is often based solely on the availability
of corresponding information, other sources of information such
as geology can be helpful in optimizing the kriging results.
Incorporating secondary information in the estimation process
(e.g. collocated cokriging) is largely dependent on the degree of
spatial correlation between the primary and secondary information. A vast literature has been published on the cokriging and
the stochastic simulation methods with applications in hydrocarbon exploration and environmental studies (Xu et al., 1992;
Almeida and Journel, 1994; Doyen, 2007; Goovaerts, 1997).
Another technique that also uses secondary (exhaustive) data to
improve the estimation of the primary parameter is kriging with
external drift (Galli and Munier, 1987; Hudson and Wackernagel,
1994). The stochastic models of physical rock properties derived
from these geostatistical methods are important for geophysical,
geotechnical, environmental and hydrology applications.
This paper is organized as follows. We provide a brief description of a methodology that uses geostatistical modeling tools to
build multivariate 3D heterogeneous models. This approach
incorporates simple kriging, cokriging and sequential Gaussian
simulation methods. The described methodology is then implemented to build 3D heterogeneous exploration models in a
region of dimensions 300x200x100m as part of an integrated
exploration study to characterize the zinc-lead-silver (Zn-PbAg) sulfide mineralization in Nash Creek, New Brunswick,
Canada. This volume of study shall hence be referred as Model
Volume A (MVA). First, Sequential Gaussian simulation (SGS) is
used to build a 3D density model from borehole-derived
density data. The density data constitutes part of a petrophysical database that also includes P-wave velocity, porosity, and
resistivity measurements from core samples (Bongajum et al.,
2009). The simulated density model is then used as secondary
information to conditionally simulate ore grade. The distribution of the sulfides at Nash Creek renders such studies very
important since this can be incorporated as part of the decisionmaking process for various exploration projects.

Method
Probabilistic earth models are often tailored to solve specific
problems which could include aspects of exploration or decision-making. The results of such analysis primarily depend on
the data quality which is subject to the sampling process
adopted. Given that some geophysical data measurements (e.g.
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resistivity, gravity, seismic) are subject to combined effects of
more than one petrophysical property, it is compelling to
consider multivariate geostatistical methods such as cokriging
to build probabilistic earth models for integrated studies.
Moreover, the use of multivariate geostatistical methods is also
motivated by the fact that various petrophysical properties are
sampled at different depths.
In the event that there is a dense network of drillholes in a study
area for either geophysical, geotechnical, or hydrology applications, the following two steps are important for building realistic
stochastic rock physics models:
a)

Rock properties relevant to the problem at hand must be
sampled in all available boreholes. Most applications sample
data at defined depth intervals within the borehole.

However, a robust data framework warrants sampling at
least one of the key rock attributes throughout each borehole
from top to bottom.
a)

For joint estimation or simulation of more than one attribute
in the model space, collocated cokriging based on an established hierarchy between the rock property variables can be
implemented (Almeida and Journel, 1994). This classification
can be based on the relative strength of the correlation coefficient between various combinations of variable pairs,
starting with the most important or better correlated variables. Examples of such hierarchies for groundwater or
mining application could be:
Case 1: Geology ➔ Resistivity ➔ Porosity; Case 2: Geology
➔ Density ➔ Zn% ➔ Ag%
The outline above underscores the idea
that for any given combination of two
variables, for example the zinc metal
content (Zn%) and the silver metal
content (Ag%), Zn% is used as
secondary information to estimate or
simulate Ag%. Ideally, the secondary
information needs to be exhaustive i.e.
fully or densely sampled at grid locations within the volume of interest.

Figure 1. Location map of New Brunswick and Gaspé Belt showing: green – Connecticut Valley-Gaspé
Synclinorium; Ocean blue – Aroostook-Percé Anticlinorium; Light gray – Chaleur Bay Synclinorium; Red
star: Nash Creek Exploration area. H – Humber Zone; D – Dunnage Zone; G – Gander Zone; C –
Carboniferous rocks; RGPF – Restigouche-Grand Pabos Fault; MGF – McKenzie Gulch Fault; SF –
Sellarsville Fault; RBMF – Rocky Brook-Millstream Fault; CBF – Catamaran Brook Fault. Pre- Late
Ordovician inliers in the Gaspé Belt are shown in dark grey: MM – Macquereau-Mictaw Inlier (HumberDunnage); E – Elmtree Inlier (Dunnage); modified after Wilson et al., 2005.

The following section demonstrates
how the strategy described above was
used in a mining application to characterize a base metal mineralization at
Nash Creek, New Brunswick, Canada
(Figure 1). At Nash Creek, the usefulness of geostatistical tools is particularly
enhanced by the dense network of borehole information (Figure 2) used for
conditional simulation.

Application to Nash Creek
Base Metal Study
Geological Setting

Figure 2. Superposition of borehole distribution and gravity data (colored points) on the Nash creek
property. Model volumes A (Region A, MVA) and B (Region B, MVB) used for the geostatistical studies
are shown. A zoom in to MVA (top view) clearly shows the distribution of the available boreholes with
available rock physics data. The labels A and B within MVA correspond to borehole locations shown
in Figure 8.
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The Nash Creek Zn-Pb-Ag sulfide
deposit is located along the western
margin of the Jacquet River Graben in
northeastern New Brunswick (Dostal et
al., 1989), Canada. The Nash Creek exploration area is mainly underlain by the
Lower Devonian sequence of the
Dalhousie Group rocks (Brown, 2007)
which is comprised of volcanic breccias,
siltstones, limestones, mafic flows, rhyolites, tuffs and pillow lavas. Nash Creek
(Figure 1) is located about 50km northwest of Bathurst which is home to the
Bathurst Mining Camp (BMC). As part of
the exploration program on the Nash
Creek property, petrophysical studies
were conducted. The purpose of the rock
physics measurements performed on
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selected 17 which formed two intersecting borehole profiles, and it is based
on this data subset that the geostatistical
study was performed. Figure 2 shows
the distribution of some of these boreholes within model volume A (MVA).
Although the sampled density measurements alone do not constitute an
exhaustive data set, the large data
sample size and the fact that density
sampling was done from surface to
bottom of most boreholes (Figure 3a)
provide sufficient information to distinguish between non-ore-bearing rock
and ore-bearing rock. Figure 3a
suggests that there is a correlation
between high density values and Zn-Pb
mineralization despite the latter being
sampled only in a section of the borehole. The approach used to sample the
rock densities is key in generating a
robust probabilistic exploration model
from geostatistical analysis. The positive correlation between density and
Zn-Pb mineralization provides a strong
basis for using density information to
estimate Zn% at unsampled locations
and vice versa. However, observations
based on a single borehole may introduce some bias in our stochastic
models. A rigid approach warrants
using all available data from all boreholes in order to obtain a spatial
dependence or correlation between
Figure 3. Some logs show a strong correlation between high density values and assay data (%Zn+Pb) in
these properties. Figure 3b and 3c show
mineralized zones (a). Histogram plot showing the distribution for density and Zn concentrations measured from Nash Creek cores (b & c). The Zn% distribution has a mean of 1.085% and a standard deviation
histogram plots and summary statistics
of 1.93%.
of the density data and Zn% assays
collected from drilled core samples in
core samples from multiple boreholes in this area was to help
Nash Creek. Notice that the distributions of both data sets
characterize the 3D nature of the Nash Creek Zn-Pb-Ag deposit.
portray varied degrees of asymmetry, which is characteristic of
Understanding the spatial variation and correlation between
most data sets in earth science.
these physical properties is vital for every exploration project in
A measure of the spatial variability of a given rock property is a
the study area.
key step towards any geostatistical study. Spatial variability
was assessed through variogram analysis (Deutsch and Journel,
Rock physics measurements, geochemical data
1998). The variogram (g (h)) is an average measure of the
and variogram analysis
dissimilarity between pairs of data values separated by a
Given that the diameters of drillholes in Nash Creek are small
distance vector h=(h x ,h y ,h z ) from which spatial lengths of
and the boreholes were not suitable for gamma-gamma logging
correlation can be obtained. This is written mathematically as:
tools, formation densities were measured on cores via the buoy2
N ( h)
ancy method (Franklin et al., 1979). Density data were recorded
1
(1)
γ h =
∑  z uα − z uα + h  ,
from cores taken from 32 boreholes. In order to minimize the
2 N h α =1 
errors from the data in our study, the instruments used were
calibrated by using an aluminum sample with known density.
where z(u a ) is the value of the rock property at location
uα (α ∈ + ) and N(h) the number of data pairs separated by lag h.
Given that most of the rocks in the Nash Creek property are of
3
mafic or felsic type, 2.3 gcm- was used as the cutoff value
The expression in equation (1) is used to compute the experibelow which the density measurements were considered to be
mental variogram. The computation of the variogram may or
erroneous for the geostatistical study. Sampling intervals
may not be restricted to a defined direction. When computing
ranged from 0.5 m-1 m, resulting in approximately 6000 density
variograms in a given orientation, it is important to also define
data points. Details of the geochemical data (e.g. Zn%) are
an angle of tolerance (D ).
documented by Brown (2007). From the 32 drillholes, we

( )

γ ()h =

( )

uα α ∈+
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In Nash Creek, a regional vertical scale length for density
(range-az) was computed by pooling all the data in the sample
data set. Figure 4 shows a plot of the vertical experimental variogram values against the lag distance h=(0,0,h z ) where the
vertical tolerance angle is D=±10°. Superimposed on the experimental variogram values is a fit of a basic exponential model
(az=3.8 m, sill=0.047, nugget=0.034). The exponential model fit
shows that the variogram increases and reaches a limiting value
(sill) beyond the range h r =(0,0,a z ). This means that any data
pair separated by a distance h=(0,0,h z >a z ) is uncorrelated. The

Figure 4. Vertical experimental variogram/semivariogram (crosses) and
fitted exponential model.

nugget effect in this case reflects some effects of measurement
errors and equally suggests sampling is too coarse to capture
information on short scale variations in density.
To further understand the variability in density values we
assessed the effect of lithology as well as characterizing the
distribution of the density values around certain threshold
values. Both analyses begin by coding each variable/property
value (zk) as an indicator datum i(xm; zk) where
i(xm; zk) =

{

1 if criterion “A” is valid
0 otherwise

xm represents the spatial coordinate of the data location; criterion “A” can take various forms such as zk < threshold value
(e.g. density) or zk is felsic (lithology). Indicator variograms can
then be computed from the indicator data. Indicator variograms
generally assess how frequently two values of a property separated by a distance h are located on opposite sides of the
threshold value. This implies that indicator statistics are insensitive to the values of the property under consideration (e.g.
extreme values), since only the position of the data with respect
to the threshold value is considered. In the case of lithology, the
various lithologic units at Nash Creek can be subdivided into
three major rock types: mafic, felsic, and sedimentary. Such a
classification was used in order to keep the variogram analysis
of lithology simple. As displayed in Figure 5a (h=(0,0,hz)), the
respective indicator variograms for
lithology have no nugget effect. Given
that the density variogram (Figure 4) and
the indicator variogram based on density
threshold values (Figure 5b, h=(0,0,hz))
have nugget effects, the plots in Figure 5a
(no nugget effects) suggest that the short
scale variations observed in the density
logs (along depth direction) are not
controlled by lithology.

Figure 5. Experimental indicator semivariograms conditional to: a) rock type (lithology- 21 boreholes) and
b) density threshold values (32 boreholes, density>=2.3g/cm3). Indicator semivariogram for high
threshold values shows erratic behaviour.
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Indicator statistics based on density
threshold values (Figure 5b) provide
supplementary information on the
connectivity in the density values. The
main observations are that median
density values are better connected in
space (lower nugget effect) than the
large extreme values. This property
demonstrated by the indicator variograms is the well-known destructuration effect (Matheron, 1982). Based on
the erratic behavior of the indicator
variogram for large extreme values, it
can be argued that high density zones
(i.e. highly mineralized zones) are scattered in space (that is, they have low
connectivity). However, the analysis is
biased by the fact that there are a limited
number of measurements with extreme
values. A rigorous assessment of
existing lithological data would be
important in either supporting or
refuting the speculative interpretation
deduced from the indicator statistics.
Proper characterization of the indicator
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statistics for extreme values is critical to the choice of methodology adopted to characterize the distribution of mineralized
zones and hence resource estimates. Also, notice that the range
of the intermediate densities compares with those derived from
the mafic and felsic indicator variograms. To some extent, these
results corroborate the observation that the major lithologic
units may influence the large scale spatial variability of the
intermediate densities.
In addition to the vertical scale length, there is also need to
define the horizontal scale lengths for 3D modeling. In the
geostatistics literature, horizontal scale lengths (ax and ay) can
be obtained by analysing unidirectional or omnidirectional
variograms. When the computation of horizontal variograms is
direction dependent, the unidirectional variograms are
computed for several directions in the horizontal plane using
small tolerance angles that allow for sufficient data pairs to
ensure the computation of stable experimental variograms.
Alternatively, horizontal spatial variability can also be measured by considering a secondary property that is closely related
to the property of interest. Deriving the variogram parameters
from a secondary dataset has been applied successfully in some
oil and gas applications (Cole et al., 2003). In the case of density
data, for example, a suitable candidate for secondary data is
gravity data. Due to the paucity of data on the horizontal plane
(few vertical boreholes/ no horizontal boreholes) in this study,
analysis for horizontal spatial variability was more challenging.
Although the horizontal scale lengths are typically expected to
be larger than the vertical scale length, the subsequent
modeling results used isotropic scale lengths (ax = ay = az) that
were based on the reliable estimate of the vertical scale length
(az). This choice of the horizontal scale lengths is also motivated
by field observations where it was difficult to observe significant lateral correlation of the high grade zones between the
boreholes intervals (25-50m).
Density model
Having characterized the sample population of density and
assay data, the next step is to quantitatively model the spatial
statistics of the various populations from the available sample
data over the study area. The approach used to obtain values of
density at unsampled locations within MVA is based on kriging
(Matheron, 1963). Kriging entails building models that honour
the statistics and other characteristics of the observed data such
as the spatial continuity, for example, of large values (high
densities) throughout MVA. In cases where the estimation (or
interpolation) process within a target volume is applied to
several variables simultaneously, this is called cokriging
(Deutsch and Journel, 1998). Both the kriging and cokriging
techniques are based on the minimization of the estimation
error (i.e. the error between the true and the estimated value of
the target variable(s) and therefore produces smoothed interpolated maps. The degree of smoothness will depend on both the
nugget and range values computed in the variogram(s).
As in most geostatistical methods, the spatial distribution of the
rock property (variable) is considered to be characterized by a
second order stationary random function. Before implementing
the kriging algorithm, the well data was up-scaled to the grid
cells by assigning the property value to the grid cell that is
closest to it. In order to preserve the variogram properties of the

original input data, the grid dimensions used were 2m x 2m x
1m. The three variants of geostatistical techniques considered in
this study include: simple kriging (SK), cokriging, and conditional sequential Gaussian simulation (SGS, Deutsch and
Journel, 1998). While the kriging and cokriging methods reduce
to the expected (mean) value at estimation locations that are far
from any borehole location (beyond the range of the variogram
model), the SGS method allows for the fluctuations in the
modeled property at similar estimation locations. This means
that simple kriging results underestimate the fluctuations in the
property (continuous random variable) within the volume of
study. Typically, interpolation algorithms result in underestimation of large values and overestimation of small values
(Goovaerts, 1997, p370). This is a disadvantage especially when
the detection of patterns in extreme values (e.g. zones of high
ore grade) is of interest.
On the other hand, conditional simulations are useful in this
respect because they help reproduce the geological texture
(spatial variability) conditional to the existing information of the
target variable. Simulations produce several realizations of the
target variable and each realization is an equally probable
outcome. The simulation technique may incorporate either the
kriging or cokriging (for multiple variables) techniques in order
to constrain the simulation to the available data. In this study, for
example, the conditional simulations of density incorporate the
simple kriging technique (SKSGS, Deutsch and Journel, 1998).
Often, the simulated property has implications for decisionmaking processes such as risk assessment for contamination
areas (Goovaerts, 1997, p259), forward modeling to optimize
geophysical imaging parameters (Huang et al., 2009), or in the
assessment of available and recoverable ore at a mine site
(Emery et al., 2006). In such applications, it is thus useful to
model the spatial uncertainty of the property at unknown locations. This makes a simulation algorithm a very powerful tool as
it attempts to reproduce the spatial variability through alternative, equally probable, high-resolution models. Consequently,
the simple kriging results are not shown in this study.
Conceptually, the SKSGS algorithm implemented for a given
attribute such as density on a 2D/3D grid involves sequentially
visiting each grid node following a random path and deriving a
simulated value for density. At each step, the density value is
simulated by sampling from a Gaussian conditional probability
density function (PDF) with parameters (i.e. mean and variance) given respectively by a kriging estimate and kriging variance (Doyen 2007, p80). The workflow used in our study is as
follows:
a)

Pick a non-simulated grid node j at random.

b)

Compute the kriging estimate and variance (based on simple
kriging)
n( x )

( )

( )

Ysk* x j = ∑ wisk x j [Y ( x i ) − m] + m

()

nx

() ()

Ys*k x j = ∑ wisk x j [Y (xi )− m]+ m

i=1

(2)

i=1

where Y(xj ): gaussian transformed version of the target
variable Z(xj ),
m : constant mean,
Wisk (xj ): kriging weight, and the error variance given in
terms of the covariances as:

CJEG 44 June 2013

E. Bongajum, B. Milkereit, and J. Huang
n( x )

( )

( )

σ sk2 x j = C ( 0 ) − ∑ wisk x j C ( x i − x j ) .
i =1

nx( )

() ()

σs2k x j = C()0 − ∑ wisk x j C(xi − x j)
i=1

Note that the covariances C(h) are related to the bounded variogram (g (h)) of the variable Y(xj ). In the strict stationary case,
g (h)=C(0)–C(h).
Draw a simulated value of density Y(xj ) at random from the
probability distribution:

c)

( ( ){

( )

( )})

p Y x j | Y x1 ,...., Y x j −1
( ) { ( ) ( )} ()2σ ()x ( )

pY x j | Y x1 ,. .,Y x j−1 α exp

Y x −Y * x 
j sk j



2
sk j

( )

( )
( )

Y x − Y * x 

j
sk
j 
α exp 
 . (3)
2
2
σ
x


sk
j



d)

Treat the simulated Y(xj ) value as an additional control
point.

e)

Go back to step a) and repeat until all nodes in the 3D grid are
simulated.

Notice that the looping process (step (e)) in the SKSGS is critical to
ensuring that the realizations are spatially correlated (Doyen,
2007, p81). Moreover, the influence of limitations in search neighbourhood of conditioning data was
addressed by implementing the multigrid concept: first simulate on a coarse
grid using larger search neighbourhoods,
then simulate the remaining nodes using
a smaller search neighbourhood.

Step 2: The appropriateness of the multigaussian (multi-point
Gaussian) assumption for the density normal scores is then verified. However, because this is generally a difficult assumption to
verify, the present work considered the normal score data to be
multi-point Gaussian.
Step 3: SKSGS was then performed in the normal score space
using the variogram model of the density normal scores. Figure 7
shows how different data subsets produce different vertical variogram model fits. Figures 7a and 7b use density values greater
than 2.3 gcm-3 sampled from 32 and 29 boreholes respectively,
whereas Figures 7c and 7d use density values in the interval 2.33.2 gcm-3 from a sample of 32 boreholes. Also notice that the exponential models in Figure 7 have a sill value that is less than 1.
Based on the results in Figure 7, the vertical variogram model
used was an exponential function with a nugget value of 0.6, a sill
of 1 and a range (az) of 10m. For a conservative assessment of the
density distribution, isotropic scale lengths ax=ay=az were used.
Step 4: The final step consists in performing a back-transform of
the simulated normal scores into their corresponding density
values.

When computer hardware requirements (processor speeds and memory)
are met, SGS is computationally
convenient and reasonably efficient
despite inherent shortcomings, which
are as follows: (i) SGS results in a highly
disordered model (Journel and Deutsch,
1993) whereby extreme values are
highly disconnected; (ii) SGS relies on a
multi-variate gaussianity assumption;
(iii) the reproduction of the original
variogram (derived from the original
data) model as well as indicator variograms are not guaranteed. Given that
the connectivity between extreme
values is not evidenced by available
data (e.g. density) from the Nash creek
property, the first shortcoming (i) of the
SGS method was overlooked in this
study. For simulation of the density
attribute conditional to well logs using
the SKSGS approach, the following
steps were followed:
Step 1: The sample density data from 29
borehole logs were first transformed into
the normal score domain. This is the
input for the SKSGS algorithm which
assumes the variables are Gaussian. The
cumulative distribution function (cdf)
approach was used. Figure 6 shows the
graphical forward transform of the
density data to the normal score domain.

Figure 6. Graphical illustration of the normal score transformation of the density data (>= 2.3 g/cm3). CDF:
Cumulative distribution function. Raw data (green CDF) is mapped to the normal score domain (CDF
represented as red dots). Superimposed in the background is the CDF for a normal distribution.
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The SGS results in this study were generated using a PC laptop (single processor,
1GB of RAM). The three conditional realizations shown in Figure 8 honour the
density values at the well locations.
These realizations approximately reproduce the sample histogram and the input
variogram (Figure 9). Unlike the SK
output, the conditional SGS output
depicts variability that goes beyond the
vicinity of the borehole locations. Such
density models with spatial uncertainty
can be used to assess the uncertainty in
tonnage and metal concentration.

Figure 7. Experimental variograms (black crosses) and model fits (blue line) for various normal scores
generated from different samples of the density database: a) 32 boreholes, >= 2.3 g/cm3; b) 29 boreholes,
>= 2.3 g/cm3; c) and d) – 32 boreholes, [2.3-3.2] g/cm3. Notice that the sill in all cases is < 1 (sill = variance).

Realizations 21 and 39 each have the
smallest and largest gross cell volume
with values exceeding 3.2gcm-3. Thus
tonnage estimates from 100 realizations
range from 16,789,500 tonnes to
17,128,260 tonnes. The above heterogeneous density models provide a starting
point for other applied studies, such as to
assess implications for geophysical exploration methods, and for resource evaluation. The following section covers the
implications of the 3D density model(s) in
the resource evaluation for zinc.

Resource evaluation using joint simulation
In mineral exploration projects, drilled cores are usually
assayed for information on various metal concentrates in a
bid to delineate the geometry of the orebody. Assay information is usually inexhaustive, hence interpolation
schemes are applied to obtain a 3D volume of the orebody.
The interpolation output is in turn used to estimate the
overall metal content by taking rock density information
in to account. Usually, the average density values from the
specific gravity measurements of a random collection of
core samples are used. Although the average density characterizes the bulk property of the target rocks, it understates the uncertainty in the resource estimates. This is
further complicated by the fact that one density value
alone does not characterize ore-bearing rocks (Figure 3a).
Given the presence of a dense network of drillholes in the
Nash Creek study region, the derived density model can
be used to jointly simulate other geochemical information
(e.g. Zn, Pb, and Ag).

Figure 8. a) Sample SGS realizations for density; b) Comparison of the raw density log
(RD) and the scaled log at the well region (WR) within MVA at borehole B (see Figure
2). The scaled log is also the input data for the SGS process. The differences between
realizations provide a model for the uncertainty about the distribution in space of
density values. SS’: 2D section along the EW transect of the boreholes in MVA.

The method used in this paper is based on the approach
described by Almeida and Journel (1994), whereby collocated cokriging is applied following a predefined hierarchy
of the variables as indicated above (Case 2). Notice that the
conditional simulation of the geochemical information
incorporates the cokriging technique. Collocated cokriging
is a multivariate extension of the kriging algorithm. In
cokriging, the variable to be predicted (e.g. assay data: Zn
%, Pb %) is called the primary variable and the other variable used to improve the estimation of the primary variable
is called the secondary variable (e.g. density).
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The approach by Almeida and Journel (1994) allows for the use
of the markov-type approximation used in collocated cokriging
(Xu et al., 1992; Doyen, 2007; Goovaerts, 1997). This approximation assumes that the dependence of the secondary variable on
the primary is limited to the collocated primary datum. Hence,
the cross-covariances between the primary (Z1) and secondary
(Z2 ) variables are linearly related to the autocovariances of the
primary variable by the following equation:

C12 ( h ) =
C12 (h) =

C12 (00)
C11 ( )

C12 ( 0 )
C11 ( 0 )

C11 ( h ) .

(4)

C11 (h).

The following markov-type independence relation between the
primary (Z1) and secondary (Z2 ) variables is a sufficient condition for the approximation in equation (4) to be valid:

{

} {

}

E Z1 ( x ) | Z 2 ( x ) = z , Z 2 ( x + h ) = z = E Z1 ( x ) | Z2 ( x ) = z , ∀h, ∀z . (5)
{ }{ }

E Z1(x)|Z2(x)=z,Z2()xh+=z =E Z1(x)|Z2(x)=z ,∀∀h,.z

The predefined classification between variables can be based on
the relative strength of the correlation coefficient between
various combinations of variable pairs, starting with the most

Figure 9. a) Experimental (realization 21) and model (solid line) variograms in the normal score domain. Histograms of density distribution
for input raw (original) data (top panel) at well locations within MVA (b)
and for SGS realization 21 (c).

important or better auto-correlated variable (Table 1). This
approach is used in the case discussed here where possible
hierarchies include:
Density ➔ Zn(Zinc) ➔ Ag(Silver) ➔ Pb(Lead)
The hierarchy above underscores the idea that density is used
as secondary information to estimate or simulate Zn%; silver
concentration (Ag%) is simulated in turn with Zn% and density
as secondary information and simulations for Pb% are done
with Ag%, Zn% and density as secondary information.
Results presented in this section are restricted to the joint simulation of density and Zn%. In region MVA, there exist at least 14
boreholes with collocated geochemical and density information
at most locations (Figure 2). In collocated cokriging, the
secondary information needs to be exhaustive (i.e. exist at every
location within the grid or at least densely sampled at well locations and can then be pre-simulated conditional to the well
logs). The derived conditional SGS density model can be used
as secondary information to jointly simulate Zn% distribution
within MVA. The major trade-off of using this approach is that
it does not guarantee the reproduction of the spatial correlation
between the variables at lags h≠0. The simulation steps are as
follows:

Figure 10. a) Normal score transformation of the Zn% data; b)
Experimental (obtained from the Normal score data) and model
(exponential) variograms: az~25m; Nugget=0.38: Sill~1.
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a)

Define a hierarchy of variables starting with the
most important or better correlated variables.

b)

Transform all variables into the normal score
domain:
Zi → Yi,i = 1,2,3. .

Z i → Yi , i = 1, 2,3....

where Zi and Yi identify the variables in the raw
data and normal score domain; i is the index
identifying the various variables. Also check that
the conditions for bigaussianity are met. In this
present study, this condition is assumed to be
valid.
c)

Pre-simulate independently the secondary variable(s) conditional to information at well locations.
The drawback in doing this is that dependency
between secondary variables is not accounted by
the pre-simulations. However, this approximation
is acceptable because of the characteristic dense
sampling of secondary variables (Almeida and
Journel, 1994). For the Nash Creek case, this is not
of major concern since only one primary variable
(zinc) and one secondary variable (density) are
considered.

d)

Define a random path visiting each node of the
grid only once.

3)

At each node x, determine the Gaussian conditional cumulative distribution function (ccdf) of
the primary variable at x given the n neighbouring primary data of the same type and the
only collocated secondary data. This requires
solving the simple cokriging system of dimension (n+1). Then draw a simulated value y1(1) (x)
from the ccdf and add it to the file of hard Y1conditioning data set.

f)

Repeat step e) until all N nodes are simulated.

g)

Back transform the simulated values to the
original values.

Figure 10 shows the normal score transform of the Zn% and its associated twopoint statistics. The linear correlation
coefficient between density and Zn%
used was ~ 0.3. Figure 11 shows a conditional SGS realization for Zn%. Just like
the raw data, MVA is dominated by
areas with extremely low Zn content
(~0%). A potential spin-off application
from such stochastic modeling includes
the use of both density and Zn%
model volumes to assess the uncertainty in resource evaluation (Figure
12). This can be addressed by using
several joint simulations of density and
the existing geochemical data. The
metal content (MeC) in grams per cubic
grid cell in MVA is given as:

Figure 11. Two views showing the distribution of the Zn% data locations within MVA: a)
towards east; b) towards North; c) A sample SGS realization for Zn% in MVA. A reference
location (well A) is also indicated. Well A has collocated density and Zn% information.
Normal score variogram model: ax = ay = 30m; az = 24m; Nugget = 0.38, Sill =1.

Figure 12. Flow chart of the joint simulation process and the application of the simulation outputs towards
resource evaluation.
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MeC=V×Gf×d

(6)

where V,Gf,d respectively denote the volume of the grid cell in
cm3, the metal grade factor in percentage, and the density in
g/cm3. Table 2 summarizes the steps used to statistically assess
the Zn metal content within MVA. The realization in Figure 11
has an average Zn% of 0.64. A total Zn metal content in MVA
computed from the product of a density volume (realization 21,
Figure 8) with different threshold values for Zn% information
in realization 26 (Figure 11) is summarized in Table 3. The
overall Zn metal content in MVA for this combination of density
and Zn% realizations is ~11,000 x 103 tonnes.
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Conclusions

Doyen, P. M., 2007, Seismic Reservoir Characterization- An earth
modelling perspective: EAGE Press.

This study demonstrates the application of geostatistical
methods to build a 3D stochastic exploration model that is based
on the integration of petrophysical, geochemical and borehole
geophysics information. The availability of multiple attributes
that characterize the state of rocks from a dense distribution of
boreholes provides a necessary framework for building
stochastic 3D exploration models. Collocated cokriging can be
used to further refine the 3D model by accommodating the
spatial correlation between various rock property variables
according to some predefined hierarchy. We used this geostatistical approach to locally characterize the 3D distribution of the
rock mass of a shallow base metal deposit in New Brunswick,
Canada. Variogram analysis of the density logs support that the
high grade zones are highly disconnected and that the fluctuations in density values exist well below sampling intervals of
0.5m. These stochastic density and geochemical models are
useful in assessing the uncertainty in resource evaluation as well
as implications for various geophysical imaging methods such
as seismic and gravity methods. This study suggests that the
sulfide distribution at Nash Creek is the primary factor that
controls the geophysical detectability of ore targets.

Emery X., J. M. Ortiz, and J. J. Rodríguez, 2006, Quantifying Uncertainty
in Mineral Resources by Use of Classification Schemes and
Conditional Simulations: Mathematical Geology, 38(4), 445-464.
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Table 1

Table 3
density

density

Ag

Pb%

Zn%

1

Ag

0.32

1

Pb%

0.24

0.49

1

Zn%

0.36

0.75

0.49

1

Zn% Threshold
Realization (Zn%)

Number of
grid cells

Mean Tonnage Median Tonnage Total Tonnage
per unit cell
per unit cell (103 tonnes)
-3
(x 10 tonnes) (10–3 tonnes)

26

0

1500000

7488.2

1979.2

11232.3

26

0.5

467287

20951.9

13794.9

9790.6

26

1

274878

29712.5

22583.6

8167.3

26

2

135475

43599.4

36543.6

5906.6

26

3

70538

57605.8

51517

4063.4

Table 2
Step A
A1. Perform a normal score transform of the
density data.
A2. Perform a normal score transform of the
metal grade (Zn %) data.
Step B
Compute several conditional SGS models (e.g.
100 realizations) of the density data within the
target volume (MVA).
Step C
For each SGS density realization, use SGS collocated cokriging to compute realizations of the Zn
metal grade according to some established hierarchy: Density ➞ Zn%
Step D
Use corresponding density and Zn% realizations
to compute statistics of the total Zn metal content
in MVA within the context of equation 6.
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