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ABSTRACT
Within the mining industry, all phases of the operation are dependent on the resource model. The focus of the
mining operation is a model, which is often based on incomplete or flawed data. An orebody is commonly a
poorly understood geological entity, and the resource model is generated from samples taken from this
orebody. The inherent variation caused by geological complexity within the orebody can cause errors in the
resource model. In order to reduce errors, the grade distribution of the deposit needs to be quantified, the
sampling and resource evaluation protocols need to be optimised, and the level of inherent risk within the
model needs to be identified and managed. Two gold deposits (Golden Pig and Marvel Loch) in the Southern
Cross Greenstone Belt of the Yilgarn Craton were studied to determine the effect that these factors have on the
resource model.
Fractal analysis was applied to the Taurus orebody of the Golden Pig deposit. The grade distribution
within the Taurus shear zone could be split into two different domains using the concentration-area method of
fractal analysis. As the majority of fractal methods are two-dimensional, the technique was modified to
determine the fractal dimensions of the deposit in three dimensions. This is the first study known to have
applied fractal techniques to a mining based dataset in three dimensions. The grade distribution of the Taurus
shear zone features two fractal dimensions, separated by a “threshold” value of 7 g/t. Geological interpretation
of the Taurus shear zone indicates that two mineralising events are present, one overprinting the other. The
geological evolution of the shear zone is thought to have produced the two differing fractal dimensions, with the
“low” grade distribution due to low grade, more pervasive mineralisation, and the “high” grade distribution
relating to cross cutting high grade tension veins.
Sampling protocols were optimised for four different mineralisation styles: Haddons and Taurus
orebodies from Golden Pig, and Boulder and East orebodies from Marvel Loch. The application of Gy sampling
theory was shown to reduce errors within the processing of samples of broken rock. Heterogeneity tests were
used to determine the sampling constant (K) of Gy theory value for each of the orebodies, and thereby to
propose an optimised sampling regime. Gy nomograms were used to determine whether each of the protocols
would breach “Gy’s Safety Line”. A constant sample size of 1 t for each of the mineralisation styles was found
to minimise the fundamental sampling error to acceptable levels, with the total error never exceeding ±10%.
Comparing the orebodies showed that the K value of the deposit correlated with the percentage coarse gold
within the deposit.
Resource evaluation techniques were also optimised for four different mineralisation styles: the
Haddons and Taurus orebodies from Golden Pig, and the Undaunted and Sherwood orebodies from Marvel
Loch. Resource evaluation techniques used both estimation and simulation, and all case studies included an
optimised estimation method. In three of the case studies, conditional simulation models are also presented.
Quantitative Kriging Neighbourhood Analysis (QKNA) was used to determine a suitable search area for the
individual orebodies. Each of the orebodies was modelled using a variety of techniques and search areas, and
comparisons were made between the global mean grade of the model with the declustered mean grade of the
input data, individual blocks from the model, and trend plots and grade tonnage curves of the individual models.

The Haddons case study was also reconciled with a known bulk sample grade to illustrate the suitability of the
modelling technique. The optimised evaluation technique is different for every orebody, illustrating how a
blanket approach to resource evaluation is unsuitable.
The financial risk from incorrectly modelling variograms for the Haddons orebody was quantified.
Variograms were modelled using an experimental variogram and there is an inherent risk that variograms
maybe modelled incorrectly. The case study presented here aims to quantify the financial risk involved in
modelling the variogram parameters (the nugget effect and range) incorrectly. The Haddons case study
illustrates how modelling the nugget effect incorrectly by 20% can result in a Moderate financial loss, but is Very
Likely to occur, which is deemed to be a high risk situation. Modelling the range at slightly longer lengths than
the “true” range also results in a financial loss, but the loss is smaller, being classified as Minor. This scenario
is also Very Likely to occur. The level of risk involved in a single decision made at the beginning of the
resource evaluation procedure can be seen to have significant impacts throughout the project. Financial
modelling using the incorrect block models illustrates how a discrepancy in the variogram modelling could affect
whether the deposit is developed into a mine or not.
As all of the deposits studied in this thesis are classified as Archaean Orogenic Gold Deposits, the
specific conclusions may only be pertinent to this style of mineralisation. Even within this single style of
mineralisation, different resource evaluation approaches are needed for each orebody. Gaining a more
thorough understanding of the grade distribution, optimising sampling and resource evaluation protocols, and
identifying inherent risks are important in each case and for all mineralisation styles. Good management of all
factors involved in the production of a resource model is vital if unnecessary errors, which can have major
financial consequences, are to be avoided.
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Part A:
Aims and Geological Context
1. Preamble
The exploitation of mineral deposits is a high risk business, with uncertainty within the
project from the very beginning. It is the task of the geologist, as well as the other mine
personnel, to mitigate the risks within the mining project, and therefore to keep
individual projects commercially viable throughout the life of the mine. A critical aspect
of the risk reduction process is to adequately optimise the resource evaluation
procedure. Resource evaluation is a heavily researched subject area, with numerous
case studies presented at conferences and symposia every year. However, there is
often still a lack of understanding within mine personnel and within the geological
sciences. The outcomes of poorly optimised procedures, or poorly understood grade
distributions are encapsulated by the high risk nature of the industry.

If the

geostatistical techniques implemented by resource geologists were better understood,
the entire industry would benefit.
The aims of this thesis are to model the grade distribution using fractal methodologies,
optimise sampling and resource evaluation protocols and attempt to quantify the
financial risk inherent in any resource model. This thesis is based on two different
Archaean orogenic gold deposits, with four separate mineralisation styles.
2. Aims of thesis
The specific aim of part B is to investigate whether gold grades can be modelled using
fractals. If gold grades within Archaean orogenic gold deposits can be adequately
represented through fractal techniques, this could aid in the understanding of the grade
distribution of individual deposits.

Any fractal relationships observed need to be

explained through the geological evolution of the deposit.
The second specific aim (part C) is to investigate whether applying the Gy Sampling
theory is a viable approach to sampling optimisation within Archaean orogenic gold
deposits, and whether primary sample sizes and sampling protocol are greatly affected

A-2

Aims and Geological Context

by the mineralisation style.

All mineralisation styles studied in this thesis can be

classified as Archaean orogenic gold deposits.
The third aim (part D) is to optimise resource evaluation techniques for a variety of
mineralisation styles, within the category of Archaean orogenic gold deposits. This
section also aims to illustrate the complexity of resource evaluation within this
mineralisation style and to illustrate how poor evaluation techniques can affect the final
resource model.
The fourth aim is to illustrate the risk involved in all resource evaluations, through the
use of a case study. The financial risk involved in all mining projects is often an
ethereal and nebulous concept, and this case study aims to illustrate how some of the
financial risk can be quantified. This aim is addressed in part E of this thesis.
The thesis also aims to have a direct practical application for the deposits studied. The
study will provide insight into the application of geostatistical techniques to this class of
deposits, as well as producing practical and workable methodologies that can be
utilised in other mineralisation styles.
3. Conventions and abbreviations
All scientific measurements presented are in SI units (Système International d’Unites)
except for units that are usually used within a mining context. These include gold
grade being expressed in grams per tonne (g/t) which is equivalent to parts per million
(ppm). One tonne (t) is equivalent to 1000 kg. All costs and metal prices are given in
Australian dollars ($ or AU$), which is roughly equivalent to 0.75 United States dollars
in 2005.

Real costs (derived from the mine site) are utilised in Part E, and the

assumptions in using these figures are also presented in Part E.
Grid references and three dimensional coordinates are derived from the local
applicable mine grids throughout. This approach was taken as the level of detail in
expressing the mine coordinates in latitude and longitude would have exerted
unnecessary precision requirements on the mining software systems used throughout
this Thesis. Coordinates are also expressed in mine grids for confidentiality reasons.
Abbreviations that are common in both geological and geostatistical convention are
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defined first as the expanded form. All abbreviations in Figures are explained either in
the text or in the figure caption.
Throughout this Thesis, Australian spelling is used e.g. optimisation as opposed to
optimization, except within the reference list. Other strictly mining terms (e.g. open pit
etc) are used without definition as their usage is widespread within the industry. The
majority of terms used should be familiar to mining practitioners and are used without
definition.

When the terms mineral resource or ore reserve are capitalised (e.g.

Mineral Resource, Ore Reserve), these terms refer to the JORC Code definitions
(JORC 2004). The term resource evaluation covers both estimation and simulation
methodologies.
4. Thesis format
This thesis comprises six parts, (A to F) and appendices. Appendix A contains papers
based on this thesis that have been published, and the subsequent appendices provide
detailed data and results relevant to each Thesis Part. A brief synopsis of each parts is
included below:
Part B, The Application of Fractal Analysis to Grade Distribution in 2D and 3D to the
Taurus Shear Zone, Golden Pig, consists of a literature review of fractal, continuous
multifractal and discrete multifractal analyses, and presents a case study of the
application of these techniques. The majority of applications of fractal techniques to
mineral deposits have been limited to two dimensions. However, mineral deposits are
three dimensional and therefore the fractal techniques presented within the literature
review were modified and applied to three dimensional data for the first time. Another
problem with some fractal studies is that the fractal distribution is not attributed to a
geological process.

If fractal distributions exist within a geological entity, the

distributions should be reconciled with the known geological evolution of the ore
deposit.

Some studies do not explain fractal distributions within ore deposits by

geological understanding or models; the aim of Part B is to illustrate how this can be
undertaken.
Part C, Sampling Optimisation in Archaean Orogenic Gold Deposits, consists of a
literature review of sampling methods and the methodology behind the optimisation of
sampling protocols, followed by four case studies of sampling methodology
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optimisation within Archaean orogenic gold deposits including two from Golden Pig
(Haddons and Taurus) and two from Marvel Loch (Boulder and East Lodes). Sampling
is one of the most important aspects of any mining operation, with the key to any
accurate resource evaluation being good data. The application of sampling protocols
to individual lodes within different mine sites aims to illustrate the issues faced during
the sampling process, and how the errors incurred in any sampling operation can be
minimised. This study also aims to investigate whether a single approach can be made
to different types of mineralisation which fall under the Archaean orogenic gold deposit
type.
Part D, Resource Evaluation Optimisation in Archaean Orogenic Gold Deposits,
consists of a literature review of geostatistical techniques utilised throughout this part,
including both estimation and simulation, followed by four case studies based in
Archaean orogenic gold deposits. The four case studies included in Part D consist of
two from Golden Pig (Haddons and Taurus lodes) and two from Marvel Loch
(Sherwood and Undaunted lodes). The four mineralisation styles are quite different,
ranging through an epigenetic BIF hosted deposit (Haddons) to an entire shear zone
(Taurus), quartz hosted gold within a regional scale shear zone (Undaunted) and gold
mineralisation associated with alteration at the intersection of S and C fabrics within a
regional scale shear zone (Sherwood). This study aims to illustrate the errors that can
occur during ore modelling, and illustrate how these errors can be reduced through
applying effective protocols.
Part E, Modelling an Incorrect Variogram: Financial Risk Quantification for the Haddons
Lode, Golden Pig, consists of a literature review of risk analysis within mineral
appraisal studies and financial modelling techniques, followed by a case study based in
the Haddons orebody of Golden Pig illustrating a new technique for the quantification of
financial risk within a resource estimation framework.

In all resource evaluation

studies, one of the most important aspects is variography, where the parameters
chosen can impact on the final resource model. Part E aims to illustrate the effect of
incorrectly modelling the variogram parameters on the resource model, as well as
illustrating the financial consequences of using these incorrect variogram parameters.
The level of risk associated with incorrectly modelling the variogram is also considered
and quantified.
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The final part (part F) is the Synthesis and Discussion. This part aims to condense the
findings of the thesis, and to illustrate the key findings and contributions to knowledge.
Further research questions are presented, as well as a list of the publications planned
from this body of work. The implications of this thesis for current thinking in mineral
appraisal are included, as well as how the concepts discussed throughout the thesis
can be applied to other mineral deposit styles.
5. Geological context
The accurate evaluation and exploitation of Archaean orogenic gold deposits is
important as this deposit class forms a major component of the current global gold
resource. Archaean orogenic gold deposits are found through the world, e.g. Western
Australia, Canada, southern Africa, and South America, where exploitation often forms
a major basis of the region’s economy. During any mineral appraisal study, it is vitally
important that the resource geologist has a through understanding of the regional and
local geology of the deposit being studied. Archaean orogenic gold deposits form
within orogenic belts (Goldfarb et al. 2001) and the defining characteristics of orogenic
gold deposits are discussed in the literature (e.g. Groves et al. 2000; Groves et al.
2003; Vearncombe 1998). This deposit type covers a wide range of mineralisation
styles and settings, and spans the entire geological record. However, this thesis is only
concerned with deposits that formed during the Archaean. Orogenic gold classification
is often problematic, as this class of deposits covers a wide range of mineralisation
styles. The term “orogenic gold” was suggested by Groves et al. (1998) to include
deposits that were previously termed “mesothermal” (e.g. Nesbitt et al. 1986), but also
included deposits previously classified by host sequence (greenstone-hosted, slatehosted), form (lode, quartz-carbonate vein), or specific location (Mother-lode style).
However, a major concern about the orogenic gold classification is that the gold
mineralisation may not be contemporaneous with orogenesis. There is increasing
evidence for early gold mineralisation during the formation of Orogenic gold deposits
(e.g. Gray and Hutchinson 2001) outside of the Yilgarn Craton.
Gold mineralization within the Yilgarn Craton covers a wide range of metamorphic
grade, and across a wide range of structural settings. Due to the complexity of the
geological setting of these deposits, the formation of these deposits is often
controversial. For example, although the crustal continuum model (Groves 1993) is
well accepted by numerous authors (e.g. Goldfarb et al 2001; Jaques et al. 2002),
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predicts that gold deposits would be present across a wide range of metamorphic
grade. Orogenic gold deposits do occur in rocks of both high and low metamorphic
grade, for example, gold deposits hosted by rocks of amphibolite facies metamorphism
include Golden Pig and Marvel Loch (Keats 1991), and prehenite-pumpellyite facies,
the Wiluna deposits (Groves 1993). However, the vast majority of deposits are hosted
by greenschist facies rocks, for example the majority of the Eastern Goldfields Province
is metamorphosed to greenschist (Ahmat 1986). The concept that shear zones form
pathways for mineralising fluids is also questioned by authors such as Vernacombe
(1998) who discusses how gold mineralisation within the Yandal greenstone belt is
unrelated to the greenstone hosted shear zones due to the lack of mineralisation and
gold-related alteration associated with the shear zones.
The plate tectonic setting of the Yilgarn deposits is detailed by Groves et al. (2001;
2003) as forming within continental margins of predominantly allochthonous terranes
around 2.7 Ga (Jaques et al. 2002). This period of concentrated gold deposit formation
coincided with a major episode of crustal growth (Goldfarb et al. 2001), which has been
attributed to accretion of volcanic arc material in a convergent plate setting (Kusky and
Polat 1999).

However, the plate tectonic history of these deposits is still poorly

understood, with many of the features associated with convergent plate margins (e.g.
ophiolites, high pressure metamorphism) not being observed within Archaean rocks
(Hamilton 1998). These observations have led to the view that modern-style plate
tectonics may not have influenced the evolution of the Archaean crust, with Hamilton
(1998) suggesting that crustal delamination was the dominant force behind crust
formation.

Other authors believe that crust formation evolved throughout the

Archaean, with crustal processes analogous to the modern equivalent becoming more
prevalent towards the end of the Archaean (e.g. De Witt 1998).

The tectonic

framework for gold mineralisation could originate from processes which are similar to
modern tectonics, but with slight variations (e.g. Smithies et al. 2003).
Gold deposits within the Yilgarn craton are mainly classified as Archaean orogenic gold
deposits, and the Yilgarn is considered an important area for studying this deposit type
by numerous authors (e.g. Groves et al. 2003, Vearncombe 1998). The complexity of
this deposit type, as well as the uncertainty within the understanding of the geological
context of these deposits can lead to uncertainty within the resource evaluation
process. The regional and mine scale studies of the geological context of the two

A-7

Aims and Geological Context

deposits studied in this thesis have been the focus of recent research, and are
discussed below.
5.1. Geology of the Yilgarn Craton
5.1.1. Introduction
The Western Australian Shield comprises two Archaean Cratons, the Pilbara, and the
Yilgarn, with the Yilgarn being the most highly mineralised with respect to orogenic gold
deposits. The Yilgarn Craton forms a plateau, with elevations between 200 and 400 m
(Myers 1997). The Craton mainly consists of Archaean age granite and greenstone
rocks, with a thin covering of Tertiary and Quaternary sediments.

Geographical

subdivision of the Yilgarn Craton has taken many forms in the past, with Barley et al.
(1990) dividing the Craton into four separate geographic sub-provinces.

However,

Myers (1997) presented a subdivision of the Yilgarn Craton based on four
superterranes, which were further subdivided into 11 distinct terrains, with 40 individual
greenstone belts. Within the Myers (1997) subdivision, the terranes are bounded by
faults, which can be traced across the Yilgarn Craton, as opposed to the geographic
subdivision presented by Barley et al. (1990). Following on from the Myers (1997)
subdivision, Groves et al. (2000) used these boundaries to subdivide the Craton into
Provinces, based on the Myers (1997) fault model, but also incorporating the more
arbitrary divisions presented by Barley et al. (1990), and other authors. It is the Groves
et al. (2000) subdivision that is discussed here, which consists of three main Provinces,
and the smaller North Western Gneiss and South Western Gneiss terranes (Figure
A:1). The three main Provinces of the region are the Eastern Goldfields Province, the
Southern Cross Province and the Murchison Province. These three Provinces are
discussed in more detail below.
5.1.2. Eastern Goldfields Province
The Eastern Goldfields Province includes the most highly mineralised area of the
Yilgarn Craton, around Kalgoorlie, reaching north to the Laverton-Leonora district. The
geology of the Eastern Goldfields is summarised by Myers (1997), who discusses the
work presented by several authors (e.g. Swager, 1997).

The stratigraphy of the

Eastern Goldfields (Swager 1997) is predominantly granite and greenstones, and in
this area, the greenstone belts have suffered very little deformation related to granitoid
intrusion. The deep crustal structure of the Eastern Goldfields is also presented by
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Figure A:1 – The provinces and some of the major orogenic gold deposits of the
Yilgarn Craton.

The deposits studied throughout this thesis are also included.

(Modified from Groves et al 2000)
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Swager (1997), which indicates complex tectono-stratigraphy, truncated by a flat
detachment at a depth of between 4 and 7 km. This detachment truncates the heavily
folded and deformed greenstones, and no greenstone fragments have been identified
below the detachment, leading to the conclusion that the greenstones were formed
elsewhere, and emplaced on top of the underlying rock by terrane accretion. The
absence of greenstone fragments below the detachment suggests that tectonic
movement across the detachment was quite significant (Myers 1997).
The structural evolution of the Province is relatively complex, with the genesis of the
Yilgarn Craton still not fully understood. Groves et al. (2000) discuss how crustal scale
structural features control the deposit distribution and mineralisation, with the major
fluid fluxes in the area being along first-order faults and shear zones, with lower-order
faults, shear zones and folds forming secondary pathways. The mineralisation of gold
deposits is recorded as forming late within the evolution of the Craton, typically D3 or
D4 in a D1 to D4 sequence (e.g. Groves et al. 2000). Along with the complex structural
history of the area, the Province also experienced large scale regional metamorphism,
predominantly to low grade levels (e.g. prehenite-pumpellyite) (Mikucki and Roberts
2004).
5.1.3. Southern Cross Province
The Southern Cross Province lies in the centre of the Yilgarn Craton, bounded to the
east by the Eastern Goldfields, and to the northwest by the Murchison Province (Figure
A:1).

The Southern Cross Province has produced less gold than the Eastern

Goldfields Province, resulting in less focus within the literature.
The Southern Cross Province consists of the typical “granite and greenstone”
lithological association, containing several arcuate greenstone sequences, which are
poly-deformed, metamorphosed and have been intruded by numerous granitic bodies
(Griffin 1990). The stratigraphic column of the Southern Cross Province is split into two
sequences, separated by a major unconformity (Griffin 1990).

The lower unit is

predominantly quartzite overlain by mafic and ultramafic rocks. Towards the top of the
lower sequence the stratigraphy becomes increasingly rich in felsic volcanic rocks, with
intercalated meta-sediments.

BIF occurs in the lower part of the sequence,

intercalated with the mafic and ultramafic rocks (Keats 1991). The upper sequence
occurs above the unconformity, and is only found in the central part of the Province,
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comprising clastic derived meta-sediments of the Diemals Formation overlain by the
felsic volcanic rocks of the Marda Complex. The Province is also extensively intruded
by mafic to ultramafic rocks. There are two major layered gabbro intrusions, with basal
pyroxenite, gabbro and quartz gabbro layers and thin granophyre zones towards the
top (Keats 1991). The greenstones in the Southern Cross Province range in age from
3050 – 2500 Ma. Zircon grains in the basal quartzite give age ranges of 3600 – 2900
Ma, which indicates an older sediment source than the younger gneisses (2800 – 2700
Ma) and granitoids (2740 – 2690 Ma) in the Province (Trendall 1990).
Metamorphism within the Southern Cross Province is variable, with the metamorphic
grade varying between greenschist and amphibolite facies (Keats 1991).

The

metamorphic grade is dependent on the geographical position of the greenstone belt,
with metamorphic grade increasing towards the south and the lowest grades in the
north (e.g. Marda and Sandstone greenstone belts) and highest grade in the Southern
Cross greenstone belt (Ahmat 1986). The metamorphism within individual greenstone
belts is also variable, with regional metamorphism being broadly concentric, with the
lowest metamorphic grades being found in the centre of the greenstone belts, close to
granitoid intrusions (Dalstra et al. 1999).
The deformation history of the Southern Cross Province is highly complex, with up to 4
deformation stages identified (Dalstra et al. 1999). D1 within the Province is expressed
as two different structures.

Within the Marda greenstone belt, east-west trending

upright folds are identified as forming during the north-south compression of D1. In
general, there is no axial planar cleavage associated with these D1 folds.

East-

northeast trending folds found in the Evanstone area are also attributed to D1 (Dalstra
et al. 1999). The D1 structures identified within the Yilgarn Craton are thought to have
originated from north-south thrusting and recumbent folding (Bucci et al. 2004) Within
the Southern Cross Province, the most extensive structural event is D2, which is
identified through tight to isoclinal, upright or inclined folding, with wavelengths of up to
several kilometres. A penetrative, north-northwest trending axial planar cleavage is
associated with the folds, which can be traced across greenstone belts (Dalstra et al.
1999). Deformation during D3 was expressed by northwest to north-northeast trending
shear zones, which are often mineralised (Dalstra et al. 1999). The most important
shear zones in the Province are the Frasers-Corinthia shear zone on the eastern edge
of the Southern Cross greenstone belt, the Koolyanobbing shear zone on the eastern
margin of the Ghooli Dome complex, and the Mt Dimer and Evanstone shear zones on
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the eastern edge of the Marda greenstone belt (Dalstra et al. 1999). The S3 foliation
associated with the D3 shear zones is sub-parallel to the axial planar cleavage of D2
(S2), but is often more penetrative (Dalstra et al. 1999). D4 involved the formation of
conjugate brittle faults, trending north-northeast and east-west, with offsets of
approximately 100 m (Dalstra et al. 1999). D5 is the last recorded deformation event,
and involves the reactivation of all D1 to D4 structures, usually resulting in gently
dipping thrust sheets (Dalstra et al. 1999). All deformation stages between D2 and D4
represent east-west compression, and are therefore interpreted as progressive
deformation. D1 and D5 formed in different stress regimes, related to north-south
compression (Dalstra et al. 1999).
5.1.4. Murchison Province
The Murchison Province is well mineralised, containing world class deposits such as
Big Bell and Mount Gibson. The Province is located in the north eastern corner of the
Yilgarn Craton, bounded by the Southern Cross Province to the south, and the North
Western Gneiss Terrane to the northwest (Figure A:1).

The majority of gold

mineralisation within the Murchison Province is hosted by the Luke Creek Group within
the Yalgoo-Singleton greenstone belt, which has been dated to approximately 3000 Ma
(Yeats and Groves 1998). However, the vast majority of production is sourced from the
linear Meekatharra-Mt Magnet greenstone belt in the northeast of the Province (Yeats
and Groves 1998). As with the Eastern goldfields and Southern Cross Provinces, gold
mineralisation is often associated with large scale deformation zones, and
mineralisation

within

the

Murchison

Province

is

thought

to

have

occurred

contemporaneously (Yeats and Groves 1998) at approximately 2640 Ma (Pigeon and
Wilde 1990).
As with the Eastern Goldfields and Southern Cross Provinces, the Murchison Province
has undergone both poly-deformation and regional metamorphism, producing highly
complex settings for gold mineralisation.

The Big Bell deposit is hosted by the

Meekatharra-Mt Magnet greenstone belt, which is dominated by ultramafic/mafic
affinity rocks with minor meta-sediments, metamorphosed to amphibolite facies (Jiang
et al. 2002). The litho-stratigraphy of the Yalgoo-Singleton greenstone belt which hosts
the Mount Gibson deposit is similar to that of the Southern Cross and Eastern
Goldfields greenstone belts, being predominantly felsic volcanic and intrusive rocks,
which have been metamorphosed to amphibolite facies.

There are rare meta-
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sediments within the greenstone belt, which form thin, discontinuous units of iron rich
chert (Yeats and Groves 1999).
5.2. Archaean Orogenic Gold Deposits of the Southern Cross Greenstone
Belt
5.2.1. The Southern Cross greenstone belt
The regional geological setting of the Southern Cross greenstone belt has been
discussed in detail in the literature (e.g. Gee 1995; Bloem et al. 1994), and a brief
review is given here. The Southern Cross greenstone belt is a narrow belt (2.5 – 5km)
wide of highly deformed, steeply dipping greenstones, dominated by synformal folding
(Bloem et al. 1994), located within the Southern Cross Province (Figure A:2). The
centre of the belt is marked by the town of Southern Cross, where the belt is 2 – 3 km
wide.

The margins of the belt are dominated by granitoid intrusions, which are

illustrated in Figure A:2.

The Southern Cross greenstone belt is characterised by

steeply dipping (65° to 90°) north-northwest trending bedding, bounded to the east by
the Ghooli Dome, and to the west by the Rankin Dome.

Both of these granitoid

intrusions have deformed margins. The base of the sequence comprises quartz rich
sandstones, which lie unconformably on the adjacent granitoids. The greenstone
sequence comprises tholeiitic to high-magnesium basalts and komatiites, with
intercalated BIF and sedimentary rocks. The entire sequence is overlain by younger
terrigenous sediments (Bloem et al. 1994).
The Southern Cross greenstone belt contains a penetrative, steeply dipping regional
foliation, which crosscuts, and is crosscut by other structural features, which is
indicative of a poly-phase deformation history. The deformation history of the southern
Cross greenstone belt has been divided into 5 separate phases by Bloem et al. (1994)
and Dalstra et al. (1999) which are presented in Table A:1.
D2 is represented by large scale tight, upright folds with northwest trending axial
planes, and in the Southern cross area, the hinge lines of these folds exhibit a slight
northwest plunge (Bloem et al. 1994), and this deformation stage is equivalent to D2 in
Nugus et al. (2002; 2003). The deformation stage D3 presented by Bloem et al. (1994)
is related to the formation of small and large scale shear zones, and is equivalent to D3
in Nugus et al. (2002; 2003). On a regional scale, the major deformation zones trend
140° to 160° (NNW) (Bloem et al. 1994). D4 in Bloem et al. (1994) is represented by

Aims and Geological Context

A-13

Figure A:2 – The Southern Cross Greenstone Belt, indicating the geographical
positions of Golden Pig and Marvel Loch (Modified from Nugus and Dominy, 2003)
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cross cutting non-continuous faults, which offset both D2 and D3 structures. This is
equivalent to the deformation stage D4 presented by Nugus et al. (2002; 2003). The
presence of a fifth deformation event is mentioned by Bloem et al. (1994), but no
reference is made to how this event impinges on the geology of the greenstone belt.
The Nugus et al. (2002; 2003) structural history of the Golden Pig deposit is discussed
in further detail below (see Section 4.2.2).
Table A:1 – Deformation history of the central Southern Cross greenstone belt.
Modified from Bloem et al. (1994) and Dalstra et al. (1999)

Deformation
event

D1

D2

D3

D4

D5

Structure

Orientation

F1 – upright folds in
east/west trending
core of neighbouring
upright folds and
Marda belt and
east-northeast
recumbent folds near
trending recumbent
northeastern Marda
folds
belt
F2 - large scale,
F2 – strike of axialupright, tight to
planes is NW, fold
isoclinal folds
axes plunge NW in
Southern Cross
S2 – axial planar
foliation
region
Mega scale sinistral
and dextral shear
zones associated
with gold
Sinistral – 110° to
mineralisation (e.g.
120°
Frasers-Corinthia)
Dextral – 0° to 030°
S3 – penetrative
cleavage slightly
oblique to regional
foliation (S2)
Conjugate faulting
offsetting both D1
Sinistral – 090° to
and D2 structures.
110°
Associated subDextral – 030° to
horizontal slickenlines
050°
suggest strike slip
movement
Late brittle faulting,
localised reactivation
various
and thrusting

Tectonic Regime

N-S compression

E-W compression

E-W compression

E-W compression

N-S compression

The majority of greenstone belts within the Southern Cross Province are
metamorphosed to greenschist facies, with some central areas only experiencing low
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grade metamorphism (prehenite-pumpellyite). However, in contrast to the rest of the
Province, metamorphism in the Southern Cross greenstone belt is exclusively of
amphibolite facies (Ahmat 1986; Bloem et al. 1994). Bloem et al. (1994) have also
indicated that the peak-metamorphic conditions were broadly synchronous with the
continuous deformation stage (D3 in Nugus et al. 2002; 2003, D2 in Bloem et al. 1994).
The Southern Cross greenstone belt contains numerous gold deposits (as illustrated by
Figure A:2) or various mineralisation styles which fall into the classification of Archaean
orogenic gold deposits.

Two of these deposits, Golden Pig and Marvel Loch are

discussed in more detail, and form the basis of all case studies presented in this
Thesis.
5.2.2. Golden Pig
Golden Pig is located in the central part of the Southern Cross Greenstone Belt,
approximately 1km from the town of Southern Cross. To 2003, approximately 14.5t of
gold have been extracted from the deposit, at an average grade of 5.7 g/t (Nugus et al.
2003).

Golden Pig is predominantly a Banded Iron Formation (BIF) hosted gold

deposit, with a small proportion (approximately 2%) being hosted in shear zones. The
Golden Pig deposit sequence comprises intensely deformed rocks, of mafic and
ultramafic affinity, with intercalated BIF and meta-sediments (Gee 1995). The typical
Golden Pig sequence consists of BIF, with an ultramafic dominated hangingwall, and
rocks of mafic affinity forming the footwall (Whitworth 2001), repeating across the
deposit. This pattern has been attributed to structural repetition of the mine sequence
(Jankowski et al. 2003). Geothermometry and geobarometry (Ahmat 1986; Dalstra et
al. 1999) indicate that the area of the Golden Pig mine has been metamorphosed to
mid-amphibolite facies, of 530 - 560°C, at 3 – 4 Kbar.
The mine sequence has also been intensively deformed into tight to isoclinal folds, with
foliation parallel flattening and shearing, and later cross-cutting faults. Nugus et al.
(2002) and Nugus et al. (2003) both describe the complex deformation history, and its
association with gold mineralisation.

A brief discussion of the five recorded

deformation stages is included in Table A:3. Nugus et al. (2002) illustrate how the
structural features observed within the Golden Pig deposit are similar to those
described by regional structural models (e.g. Dalstra et al. 1999 and Table A:2).
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The earliest deformation phase (D1) recorded in the literature is observed within the
BIF units, where axial planes are observed parallel to the individual BIF bands, and
clearly pre-date gold mineralisation (Nugus et al. 2002; 2003). The most recognisable
deformation stage in the area is D2, which is predominantly from northeast – southwest
shortening. The F2 folds are tight to isoclinal, with a crenulation cleavage which dips
steeply towards the west. The crenulation cleavage is sub-parallel to the F2 axial
planes and regional foliation. The F2 folds are crosscut by D3 shear zones (e.g. the
Taurus and Messina shear zones). The two D3 shear zones observed in the mine
sequence have different orientations. The Messina shear zone, located to the west, is
parallel to the F2 axial planes, whereas Taurus, to the east, is oblique to the F2 axial
planes. D4 kinked and crenulated the mine sequence, through east-southeast to westnorthwest shortening, producing east-northeast trending open folds, with hinge lines
that plunge southwest, at 30 to 60°. The final deformation stage is late discontinuous
faulting, which truncated the mine stratigraphy and gold mineralisation.
The entire sequence around the Golden Pig deposit has undergone syn-metamorphic
hydrothermal alteration, with in-mine alteration assemblages dominated by potassic
alteration, and widespread silification (Kneeshaw 1994). Three individual alteration
events have been identified within the Golden pig sequence: early, prograde, and
retrograde (Jankowski et al. 2003). The earliest phase is grunerite alteration of the
BIF, with cordierite-biotite alteration of the footwall mafic rocks. These assemblages
are indicative of pre-metamorphic, pre-mineralisation seafloor alteration (Jankowski et
al. 2003). The syn- to post-metamorphic alteration, termed prograde, is associated
with the gold mineralisation, and comprises calc-silicate alteration within the BIF, and
calc-silicate or carbonate calc-silicate alteration within the wall rocks. The alteration is
often found close to areas with the highest grade mineralisation. The entire mine
sequence is enveloped by a distal potassic alteration, which surrounds the calc-silicate
and carbonate calc-silicate alteration assemblages (Jankowski et al. 2003). The final
retrograde phase of alteration, overprints all other alteration assemblages and
comprises chlorite-carbonate-quartz-pyrite±pyrrhotite, and is considered to be
associated with the late stage discontinuous faults (Jankowski et al. 2003).
Gold mineralisation within the sequence is located within either the fold hinges or long
limbs of the F2 folds, within the BIF, or within the D3 shear structures.

Gold is

especially concentrated where these two structural settings coincide.

A brief

discussion of these two styles of mineralisation is included.
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Table A:2 – Deformation history of the Golden Pig deposit. Modified from Nugus et al.
(2002; 2003)

Deformation
event
D1

D2

Structure
F1 – early folding with
axial planes parallel to
magnetite/silica beds
within BIF
F2 - tight to isoclinal folds
S2 – crenulation
cleavage, sub-parallel to
F2 axial planes
Associated gold
mineralisation in fold
hinges and sheared limbs
Shearing (e.g. Taurus).

D3

D4

D5

5.2.2.1.

Associated gold
mineralisation
Conjugate faulting
offsetting both D1 and D2
structures. Associated
sub-horizontal slikenlines
suggest strike slip
movement
Cross cutting faults with
sinistral and dextral
offsets

Orientation

F1 – strike of axial-planes is
NW, fold axes plunge NW in
Southern Cross region

shear zones are orientated
NNE with foliation subparallel to F2 fabrics,
dipping WSW at 35 to 70°,
shallowing with depth
Sinistral – 090° to 110°
Dextral – 030° to 050°

sinistral – NNE
dextral – E-W to SSE

Banded Iron Formation (BIF) hosted gold

BIF hosted gold is the dominant ore type in the Golden Pig deposit, supplying
approximately 95% of the gold (Jankowski et al. 2003). As mentioned previously, the
mine sequence is consistently BIF between an ultramafic rock hangingwall, with a
mafic dominated footwall. The majority of gold has been extracted from a relatively
small area, 160 to 200m wide, and 200m along strike, with the majority of the BIF units
striking 140° to 150°, dipping towards the west at 50° to 80°. The folds within the BIF
units also have a plunge of less than 20° towards the north (McBeath and Whitworth
2002). An example of a “typical” Golden Pig BIF hosted lode is Haddons, which forms
the basis of several case studies within this thesis (e.g. Part C (Sampling), Section 3,
Part D (Resource Evaluation), Section 3 and Part E (Risk Quantification), Section 3)
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Haddons is located on the western limb of the folded Eastern BIF; it strikes 160°, and
dips 65° to 70° to the west and is extensively folded. Fold axial planes strike between
140° and 160°, and dip west at 70° to 80° (Nugus et al. 2003). It has the typical
Golden Pig stratigraphy, with an ultramafic hangingwall, and mafic footwall (Whitworth
2001).

Haddons, being a BIF hosted gold lode, is characterised by variable

deformation and alteration, which is logged using a mineralisation intensity (M) code
system. Alteration present within the BIF is logged based on the relative intensity of
calc-silicate alteration, and the quantity of pyrrhotite present, ranging from M1 (most
altered) to M5 (least altered) (Jankowski et al. 2003).

These M codes are used

routinely during core logging and face mapping of all BIF hosted lodes within the
Golden Pig deposit.

The tenor of mineralisation can be estimated by the level of

pyrrhotite alteration, which is often associated with quartz veins and carbonate
alteration, and indicated through the use of M codes. However, the very highest grade
ore is found where the D3 shears cross cut the BIF or is concentrated along the long
limbs of the F2 folds.
5.2.2.2.

Shear hosted gold

The second type of mineralisation encountered within the Golden Pig deposit is gold
hosted within shear zones. There are two individual shear zones within the deposit,
the Messina shear zone, to the west, and the Taurus shear zone to the east. The
Taurus shear zone was formed during the third deformation period (D3), as detailed by
Nugus et al. (2003).

Within the Golden Pig deposit, D3 comprises east-west

compression, resulting in broad shearing in the footwall mafic units, to the east of the
BIF. The shear zone is orientated north-south, with a moderate (50°) dip towards the
west and is characterised by pervasive shear banding and foliation. The shear zone
truncates the BIF, and at the intersections between the shear zone and pre-existing
mineralisation there are zones of increased veining, alteration and gold mineralisation.
These areas plunge at 10 to 20° to the south, and can be modelled as high grade
shoots within the shear zone (e.g. Nugus et al. 2003). The deformation phase that
generated high grade shoots is termed D3a by Nugus et al. (2002).
Towards the culmination of D3, quartz-sulphide veins developed across the Taurus
shear zone. These veins locally cross cut the shear fabric, and show that they were
deformed during a reverse sense of movement. The veins are spatially restricted,
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being less than 10 m2 in section, but contain high grades, of up to 15 g/t within the vein,
and up to 600 g/t in sulphide rich vein selvages. The folded high grade tension gash
veins also plunge towards the south at a shallow angle, and so are also modelled
within the high grade shoots model presented by Nugus et al. (2003). This deformation
phase is described as D3b by Nugus et al. (2002). However, both of these deformation
stages occurred during the same consistent east-west compression during D3.
The Taurus shear zone kinematics were described by Nugus et al. (2003) and it is the
strain characteristics of the shear zone that control the geometry and orientation of the
oreshoots within the shear zone. Indicators used by Nugus et al. (2003) to determine
the kinematic history of the Taurus shear zone include asymmetric shear band
boudins, S-C fabrics, dilatational quartz filled jogs, sigma and delta clasts, extensional
vein arrays and syn-deformational veins oblique to the shear zone.

In a plane

perpendicular to the foliation and L3, the indicators showed reverse, simple shear with
the west side of the shear zone moving upwards.

However, in plan view (i.e.

perpendicular to the foliation but parallel to the L3 lineation) both sinistral and dextral
indicators are observed within the shear zone. These characteristics are typical of a
shear zone where the vorticity axis is parallel to the lineation, and where the simple
shear component is dominantly reverse. This geometry occurs when flattening occurs
across the shear zone, causing the vorticity axis to be parallel to the dominant direction
of stretching and the lineation. Therefore, Nugus et al. (2003) conclude that the Taurus
shear zone was dominated by pure shear, with a minor reverse simple shear
component.
5.2.3. Marvel Loch
Marvel Loch is also located within the central part of the Southern Cross greenstone
belt, approximately 30 km south of Southern Cross (Figure A:2). Marvel Loch is the
largest known deposit in the region, and was exploited through three open pits, North,
Central and South Pits (Nugus 2001). The Marvel Loch deposit is comprised of several
individual lodes, hosted by the north-northwest trending lithology parallel Marvel Loch
shear zone (Ridley and Hagemann 1999). The shear zone separates two sequences,
the steeply eastern (65 to 90°) dipping Western Sequence, and the westward steeply
dipping Eastern Sequence (Nugus and Dominy 2003). The host rocks at Marvel Loch
are predominantly mafic volcanic rocks and ultramafics sills, metamorphosed to
amphibolite facies (Mueller 1991). Peak temperature and pressure conditions at the
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time of mineralisation have been estimated at 550 to 600°C at 3 Kbar by Mueller
(1991).
Table A:3 – Deformation history of the Marvel Loch deposit. Modified from Nugus and
Dominy (2003)

Deformation
event

Structure

Orientation

D ML 1

Stretching lineations, boudins and
intersection lineations

D ML 2a
D ML 2b
D ML 2c

Progressive regional synformal
folding and development of axial
planar cleavage, followed by
development of shear zone through
the hinge of the synform. Final
stages of shearing are coincident
with intrusion of pegmatites and
development of flat-lying folds

lineation is
orientated
southwest and
plunges 25°
Fold hinge and
shear zone
orientated NNW,
dipping at 80°

D ML 3

Reactivation of D2 shear zone and
generation of faults

Faults trend N-S,
steeply dipping

D ML 4

Brittle faulting in F ML 2 folds and
margins of pegmatites

Faults trend NE,
moderately
dipping

D ML 5

Brittle faults offsetting everything
including D ML 4 faults

sub-vertical

The deformation history of the Marvel Loch deposit is presented by Nugus and Dominy
(2003), which details 5 separate deformation events. These deformation events are
discussed in Table A:3 and below. The first stage, termed D ML 1 by Nugus and Dominy
(2003) comprises pre-mineralisation extension, resulting in southwest plunging
lineations and boudinage within the hangingwall ultramafic rocks. The second stage of
deformation (D ML 2a) involves east-northeast shortening, regional scale synformal
folding, and associated axial planar cleavage. D ML 2b is marked by the development of
the Marvel Loch Shear Zone through the axis of the regional synform, as well as the
tightening of D ML 2a folds. D ML 2b is also the deformation stage contemporaneous with
the dominant phase of gold mineralisation.

Shearing along the synformal axis

produced pervasive foliation and the development of large and small scale S and C
fabrics. The S fabric is orientated approximately northwest, whereas the coeval C
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fabric trends north-northwest. The intersection of these two fabrics within the shear
zone is often a site of high grade mineralisation (e.g. Undaunted Lode). Mineralised
envelopes around the intersections comprise quartz-amphibole-arsenopyrite-pyrrhotitediopside, and can contain gold grades of up to 10 g/t (Nugus and Dominy 2003).
Post mineralisation deformation includes the later stages of D ML 2, being D ML 2c, which
is represented by flat lying, shallowly plunging folds, and the intrusion of pegmatite sills
that can be observed on the west of the Marvel Loch pit. D ML 3 is marked by the
reactivation of the Marvel Loch shear zone, which offsets the alteration banding and
mineralisation, and also contains some brittle faulting. The fourth phase of deformation
D ML 4, is represented by northeast trending brittle faulting, which are developed along
axial surfaces, as well as along the edges of the intruded pegmatite sills. The final
stage of deformation (D ML 5) is marked by north-south trending brittle faults that offset
the entire mine sequence by as much as 4 m. These fault zones are totally devoid of
gold mineralisation (Nugus and Dominy 2003).
Nugus and Dominy (2003) also detail the relationship between mineralisation and
alteration within the Marvel Loch deposit. Mineralisation within the Marvel Loch deposit
is also associated with alteration, which appears to be coincident with the structural
evolution of the deposit. Alteration within the deposit is predominantly plagioclase and
calc-silicate within the Marvel Loch shear zone, with intermediate to distal potassicbiotite envelopes around mineralisation, and regional scale carbonation within the
ultramafic units (Nugus and Dominy 2003).

The alteration assemblages most

associated with gold mineralisation are either plagioclase alteration or actinolitic
hornblende dominated calc-silicate alteration.

However, where the calc-silicate

assemblage has minor quartz-sulphide veining, the gold grade is reduced to less than
1.5 g/t. Where sulphide minerals are found associated with the plagioclase alteration,
gold grade increases to approximately 2.5 g/t, and increases to 3.5 g/t when calcsilicate veins are interspersed with the plagioclase. The very highest grades within the
alteration (approximately 5 g/t) occur when the estimated percentage of actinolitic
hornblende exceeds the estimated percentage of diopside, and where arsenopyrite is
more common than pyrrhotite (Nugus and Dominy 2003).
Of the numerous lodes within the mine, the four described below were utilised as case
studies within this Thesis. The Boulder Lode is located in the South Pit of the Marvel
Loch mine, and is hosted by one of a number of well developed shear zones to the
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west of the Marvel Loch shear zone. These smaller shear zones have a consistent
orientation of 70 to 75°E, and strike 140-150°, and are considered to be of a similar
age to the Marvel Loch shear zone (Nugus 2001).

Lodes such as Boulder are

considered to have formed at the junction of the S-C fabrics that are pervasive
throughout the deposit (Nugus and Dominy 2003). East Lode also occurs in the south
of the deposit, and is hosted in a similar structural setting to Boulder, in 70 to 75°E
dipping shears. East Lode is hosted by ultramafics, and is structurally constrained by
70 to 75°E dipping shear zones (Nugus 2001).
The Undaunted lode is located in the North Pit of the Marvel Loch mine, and is hosted
by an intersection of the dominant S-C fabric of the Marvel Loch shear zone.
Undaunted trends towards the northwest, and is tightly folded.

Mineralisation is

predominantly vein quartz in mafic and ultramafic rocks, with overprinting calc-silicate
and potassic-calc-silicate alteration (Nugus and Dominy 2003). The Sherwood lode is
also located in the North Pit of the Marvel Loch mine, but has a significantly different
mineralisation style to that of Undaunted. Sherwood is hosted by internal shears within
a strongly foliated gabbro, and trends towards the north. Mineralisation is related to
plagioclase-sulphide±calc-silicate alteration, with gold hosted by arsenopyrite and
pyrrhotite (Nugus and Dominy 2003).

Sherwood has significantly lower grades than

Undaunted, with gold grades in the region of 4.0 g/t, compared to 20 g/t for Undaunted.
5.3. Discussion
Archaean orogenic gold deposits are a highly important group of gold deposits, and the
Yilgarn Craton is the most endowed gold province in Australia, and globally a premier
gold province (Jaques et al. 2002).

The Yilgarn Craton is divided into several

Provinces with varying levels of mineralisation, with the Eastern Goldfields having the
highest production (Groves et al. 1990).

The Southern Cross Province forms the

central part of the Yilgarn Craton, and hosts numerous small Archaean orogenic gold
deposits, including Golden Pig and Marvel Loch.

The principal geological

characteristics of the Golden Pig and Marvel Loch deposits, compared to the general
characteristics of Archaean orogenic gold deposits are included in Table A:4.
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Table A:4 – Geological characteristics of Archaean orogenic gold deposits, compared
to the Golden Pig and Marvel Loch deposits
Critical
Characteristics

Orogenic Gold Deposits
(Source: Groves et al.
2003)

Age Range

Middle Archaean to
Tertiary, peaks in Late
Archaean, Paleoproterozoic, Phanerozoic

Tectonic Setting

Deformed continental
margins, mainly of
allochthonous terranes

Structural
Setting

Host Rocks
Metamorphic
grade of host
rocks
Spatial
association with
intrusions
Mineralisation
style

Timing of
mineralisation
Structural
complexity of
orebodies

Commonly structural highs
during later stages of
compression and
transtension
Variable, mainly mafic
volcanic or intrusive rocks,
or greywacke-slate
sequences
Mainly greenschist facies,
but sub-greenschist to
lower granulite facies
Commonly felsic to
lamprophyre dykes or
continental margin
batholiths
Variable, large veins, vein
arrays, saddle reefs,
replacement of Fe-rich
rocks
Late tectonic, post
(greenschist) to syn
(amphibolite) metamorphic
peak
Complexity common,
particularly in brittle-ductile
regimes

Proximal
alteration

Varies with metamorphic
grade; normally mica
carbonate Fe sulphide

P-T conditions

0.5 – 4.5 Kbars, 220° 600°C
Normally 1.5 ± 0.5Kbars
and 350° ± 50°C

Golden Pig
(Sources: as
detailed in the
text)

Marvel Loch
(Sources: as
detailed in the
text)

Archaean, 3.0 –
2.6 Ga

Archaean, 3.0 –
2.6 Ga

Collisional
orogeny in high
grade gneiss
terrains to the
west
Hosted by BIF
units, or NNE
trending shear
zones

Collisional
orogeny in high
grade gneiss
terrains to the
west
N-S trending
shear zone

Mafic and
ultramafic rocks,
BIF

Mafic and
ultramafic rocks,

Amphibolite

Amphibolite

Associated with
Ghooli and
Rankin Granitoid
Domes

Associated with
Ghooli and
Rankin Granitoid
Domes
Shear zone
hosted, Au
concentrated at
intersections of S
and C fabrics

Alteration of BIF
units, and shear
zone hosted
Syn-metamorphic
peak

Syn
metamorphic
peak

5 separate
deformation
phases identified
calc-silicate or
carbonate calcsilicate, proximal
to most intense
deformation

5 separate
deformation
phases identified

530 – 560°C, 3 –
4 Kbars

550 – 600°C, 3
Kbars

plagioclase and
calc-silicate
within the Marvel
Loch Shear Zone
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Proposed metal
sources

Subducted or subcreted
crust and / or supracrustal
rocks and / or deep
granitoids

Not proposed

Not proposed

The geological characteristics of the two deposits that form the basis of this thesis
agree with the geological characteristics of orogenic gold deposits, and hence are
classified as such. Orogenic gold deposits form an integral part of the gold resource,
and mineral appraisal studies of this type of deposit often involve a close tie with the
geological characteristics of the deposit (e.g. Nugus et al. 2003).

Therefore, a

thorough understanding of the geological context of any mineral deposit is necessary
before any resource evaluation or geostatistical technique can be applied. A review of
the literature is a necessary pre-requisite of any mineral appraisal study.
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Part B:
The Application of Fractal Analysis to Grade Distribution
in 2D and 3D to the Taurus Shear Zone, Golden Pig

Abstract
Fractal analysis was applied to the Taurus orebody of the Golden Pig deposit. The grade distribution within the
Taurus shear zone could be split into two different domains using the concentration-area method of fractal
analysis. As the majority of fractal methods are two-dimensional, the technique was modified to determine the
fractal dimensions of the deposit in three dimensions. This is the first study known to have applied fractal
techniques to a mining based dataset in three dimensions. The grade distribution of the Taurus shear zone
features two fractal dimensions, separated by a “threshold” value of 7 g/t. Geological interpretation of the
Taurus shear zone indicates that two mineralising events are present, one overprinting the other. The
geological evolution of the shear zone is thought to have produced the two differing fractal dimensions, with the
“low” grade distribution due to low grade, more pervasive mineralisation, and the “high” grade distribution
relating to cross cutting high grade tension veins.

1. Introduction
The spatial distribution of grade within an individual deposit can depend upon
numerous factors such as fluid flow, host rock type and structural evolution of the
deposit.

The distribution of grade is modelled using statistical and geostatistical

methods, allowing the distribution to be quantified in both spatial (via the variogram)
and non-spatial (through statistics) contexts.

The statistical distribution of sample

grades was studied by Krige (e.g. Krige 1999), who hypothesised that the gold grade
within the Witwatersrand deposits was predominantly lognormal, whereas numerous
authors have indicated that sample grades within individual orebodies may contain
multiple overprinting populations creating a highly complex distribution (e.g. Roberts
2001; Shaw 2002). Although the grade distribution within ore deposits can often be
difficult to quantify, a through knowledge of the grade distribution can assist throughout
the lifetime of a mining operation. Therefore, techniques that are able to quantify and
provide explanations for observed grade trends are of the utmost importance.
In Archaean orogenic gold deposits, the grade distribution can be difficult to model as a
result of complex processes of formation, and the wide range of mineralisation styles
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which fall under the orogenic gold classification (Goldfarb et al. 2000).
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orogenic gold deposits vary in terms of alteration, mineralisation style and structural
control (Groves et al. 1990). These deposits are typified by an erratic localisation of
gold grades, with occasional coarse gold (>100 µ m) (Roberts et al. 2003). Expressing
the grade distribution of Archaean orogenic gold deposits statistically is often the first
stage of any resource estimation study (e.g. Schofield 1988; Kentwell et al. 1999). As
geological entities are often fractal in nature (e.g. Turcotte 1992), expressing the grade
as a power-law distribution is a natural progression.
Mandelbrot (1983) first hypothesised that natural phenomena could be described
through fractal relationships. Geological features are commonly scale invariant; and
geological processes, such as those that form ore deposits, are self similar (Cheng
1999b). These characteristics mean that the results of geological processes can often
be quantified by power-law distributions, and so may be expressed as a fractal
(Monecke et al. 2001).
This Thesis Part presents a brief discussion of fractal and multifractal methods, which
can be used to model the distribution of element concentration data, followed by the
results of a case study of the application of fractal and multifractal analyses to grade
data within the Taurus Shear Zone, Golden Pig deposit in Western Australia. The aims
of this Thesis Part are to determine whether the gold grade distribution can be best
represented through a fractal, continuous or discrete multifractal model, and to show
whether the observed distribution can be attributed to the known geological attributes
of the shear zone. The application of fractal analysis to three dimensional data forms a
large component of this Thesis Part.
2. Review of Literature
2.1. Fractal analysis
There are numerous methods for determining the fractal dimension of geological
phenomena. Fractal techniques have gained a wide acceptance in several areas of
geological research, such as earthquake magnitude (e.g. Turcotte 1992), geophysical
reflection sequences (e.g. Turcotte 1992; Todoeschuck et al. 1992), igneous petrology
(e.g. Armienti and Tarquini 2001), structural data (e.g. Murphy and Blenkinsop 2004)
and as an additional constraint for conditional simulation models (e.g. Kentwell and
Bloom 1998; Kentwell et al. 1999). Fractal analysis can be applied to a range of data
of relevance to the mining industry, and these methods are discussed below.
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2.1.1. Spatial distribution of ore deposits
Mandelbrot (1983) was the first to hypothesise that mineral occurrences within the
crust may have a fractal distribution. This hypothesis can be tested through applying
the box counting method to illustrate the spatial distribution of individual mineral
deposits within a study area. The premise of the technique is relatively simple, where
the number of boxes ( n(d ) ) with size of sides ( d ) is related through the following
power law relationship, where

D is the fractal dimension, and ∝ denotes

proportionality:

n( d ) ∝ d − D

[B:1]

Mandelbrot (1983)’s proposed method involves placing a square grid of cell size d
over a map, and counting the number of cells n(d ) that contain one or more deposits
and making a log-log plot of n(d ) versus d . If there is a fractal relationship, the loglog plot will display a line with a negative slope. The fractal dimension can then be
determined through least-squares fitting, and confidence levels calculated. The value
of D is related to the degree of clustering within the dataset, where increasing
clustering of the deposits results in decreasing the fractal dimension (Carlson 1991).
The box counting technique was modified by Carlson (1991) to show that a fractal
relationship exists between the number of deposits ( N (r ) ) in a circle of radius ( r ):

N (r ) = Cr − D

[B:2]

Where C is a constant, and D is the fractal dimension. This technique has been
termed the “number-in-circle” method (Blenkinsop 1994). As with the box counting
method, the value of D is dependent on the degree of clustering of the individual ore
deposits.
The box counting and number-in-circle techniques have been applied to several
mineral provinces such as the precious metal rich Basin and Range area, USA
(Carlson 1991), The Zimbabwe Archaean Craton (Blenkinsop 1994; Blenkinsop and
Sanderson 1999) and to the Eastern Succession of the Mt Isa Inlier (Butera and
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Blenkinsop 2004).

The techniques presented offers an excellent method for

determining the degree of clustering within a dataset, but there is no reference to the
relative magnitudes of the deposits being studied.
2.1.2. Element abundance (grade) data
Fractal analysis can also be applied to the distribution of grades within an orebody, or
the relationship between ore grade and tonnage. The fractal relationships observed in
grade data was first identified by Turcotte (1986), and later expanded by Turcotte
(1992) who represented the relationship between M , the tonnage of ore with a grade
greater than a specified grade ( C ) as:

C ∝ M −D

[B:3]

The fractal relationship between grade and tonnage can be calculated by producing a
log-log plot of the mean grade against the tonnage of a variety of deposit sizes. This
plot then demonstrates the fractal relationship over a variety of scales. However, the
fractal hypothesis can only be utilised if the chemical and physical processes that
generate an ore deposit are scale invariant over a wide range of scales (Turcotte
1992).
The abundance of an element within a single ore deposit or lode can also be fractal.
Sanderson et al. (1994) present a case study based in Western Spain illustrating the
fractal relationship between gold grade and the number of drill hole assays through an
orebody. The fractal relationship observed in the drill hole data leads to the conclusion
that the grade within the orebody is also fractal.

The fractal dimension can be

determined by plotting a log-log graph of the number ( N g ) of intervals with grades
greater than gold grade ( g ) against g . The straight line relationship observed on the
log-log plot illustrates that the data have a power-law distribution, with:

Ng = Cg − D

[B:4]

Where C is a constant, related to the number of intervals above the lowest grade, and
–D the slope of the line, or the fractal dimension. A value and confidence limits for D
can be determined through least squares fitting.

As with the Turcotte (1992)

hypothesis, the grade data is fractal if the processes leading to the generation of the
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orebody are scale invariant. In the case of Sanderson et al. (1994), the gold grade
data was sourced from quartz veins, for which the authors present a scale-invariant
genetic model.
Monecke et al. (2004) also demonstrate a power-law distribution for grade data, for
several elements within a massive sulphide deposit in the Charters Towers Region,
North Queensland.

Monecke et al. demonstrate that the power-law relationship

presented by Sanderson et al. (1994) can be modified to a truncated power-law
relationship to best represent the relationship between grade and cumulative frequency
of samples. The case study presented by Monecke et al. (2004) illustrates that the
truncated power-law distribution does not adequately fit the grade distribution for some
of the elements presented (e.g. Cu), due to the geological characteristics of the ore
deposit being studied.
2.1.3. Vein thickness
The thickness distribution of veins has been frequently described by power-law
distributions within the literature (e.g. Monecke et al. 2004), and this relationship has
particular importance when grade is associated with vein thickness (Sanderson et al.
1994). The power-law relationship between vein thickness ( T ) and N (≥ T ) , which is
the cumulative number of veins with thicknesses greater than or equal to T is
described as:

N (≥ T ) = CT − D

[B:5]

Where C is a constant, related to the total number of veins measured, and D is the
fractal dimension (Monecke et al. 2001; Monecke et al. 2004). A value and confidence
limits for D can be calculated through least squares fitting. The observed fractal
relationship between vein thickness and the number of veins is then used by numerous
authors to describe a model of vein growth within the deposit being studied.

2.2. Multifractal analysis
Fractals are often used to describe the contrasts between geological phenomena (e.g.
the presence or absence of mineral deposits).

However, some geological data is

B-6

Part B – Fractal Analysis

typified by a variation in value (e.g. gold grade).

The multifractal measure was

suggested (Evertsz and Mandelbrot 1992) to represent the variation within some
geological data. If these measures demonstrate self-similarity, they can be defined as
a multifractal (Evertsz and Mandelbrot 1992). A useful aspect of multifractal analysis is
the ability to integrate the spatial component of most geological data (Agterberg et al.
1993).

Multifractal analysis is used to quantitatively describe the variability of the

subject matter throughout space, across a range of scales (Panahi et al. 2004).
Cheng (1997) discussed two different types of multifractal, the discrete multifractal and
the continuous multifractal. Continuous multifractals are spatially intertwined fractals,
with a continuous fractal spectrum; whereas discrete multifractals are spatially
intertwined fractals with discrete fractal dimensions. Both types of multifractal can be
derived through distinct physical processes, and so the type of multifractal present can
be used to characterise the physical processes that created the multifractal (Cheng
1999c). The methods to determine the fractal spectrum (for a continuous multifractal)
and the individual fractal dimensions (for discrete multifractals) are discussed below.
The aim of applying multifractal analysis is to determine whether the perceived
multifractal is of a continuous or discrete nature.
2.2.1. Continuous multifractal analysis
The majority of continuous multifractal analyses reported in the literature are two
dimensional, with few examples of three dimensional analyses presented. The most
important factor to determine for a continuous multifractal is the multifractal spectrum.
There are three main ways of determining the spectrum, the histogram method, the
method of moments and large deviation theory (Evertsz and Mandelbrot 1992). The
method of moments is the most widely applied technique, and is presented here.
The first stage in determining the multifractal spectrum in two dimensions is to
delineate the study area, and then a grid of equal sized boxes with is placed over the
area. The size of the box is denoted ε , and the number of boxes N (ε ) . Where a box
contains a single sample, the grade of that sample is applied to the entire box. If a box
contains more than one sample, the sample grades were averaged. The measure
( µ i ε ) for the amount of metal per box is set to the gold grade multiplied by ε 2 . Using
the multifractal analysis method presented by Evertsz and Mandelbrot (1992), the
partition function ( Χ q (ε ) ) for any real number ( q ) can be defined:
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Χ q (ε ) =

N (ε )

∑µ
i =1

q
i

ε

[B:6]

The partition function is estimated for each of the box sizes, and a range of values of q ,
and plotted against ε (see Figure B:1A), and used to estimate the mass exponent
function τ (q ) through (Agterberg et al. 1993):

Χ q (ε ) ≈ ε τ ( q )

[B:7]

τ (q) can also be estimated through (Cheng 1999a):

τ (q) =

lim log Χ q (ε )
ε → 0 log ε

[B:8]

The function τ (q ) illustrates how the measure ( µ i ε ) changes with ε . In general, a
multifractal distribution yields a non-linear relationship between µ i ε and ε , and a
fractal relationship, a linear plot of µ i ε and ε . The non-linearity of τ (q ) can be tested
in several ways, the simplest being a plot of τ (q ) versus q (see Figure B:1B) (Cheng
1999a), and through comparing the values of τ (q ) at several arbitrary values of q (e.g.
-2 = x, 1 = y, and 4 = z) through substituting individual values into the following
equations (Cheng 1999a):

τ (total ) = τ ( z ) + τ ( x) − 2τ ( y )

[B:9}

or when τ (1) is not equal to 0 (Cheng 1999b):

τ (total ) = 2τ ( z ) − 2τ ( z + x) + 2τ ( x)

[B:10]

For Equation B:9, if the solution of the equation is less than 0, the measures being
investigated can be inferred to be multifractal (Cheng 1999a).

A multifractal also

produces a solution of less than 0 for Equation B:10, and a result of 0 is evidence for a
fractal or non fractal (Cheng 1999b). The functions α (q ) and f (α ) are determined
through a Legendre transformation (Evertsz and Mandelbrot 1992):
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α (q) =

δτ (q)
δq
[B:11]

f (α ) = α (q ) * q − τ (q )
The function α (q ) is plotted against q , to illustrate the non-linearity of τ (q ) (see
Figure B:1C), and transformation yields the multifractal spectrum ( f (α ) ), which is
plotted against α (q ) (see Figure B:1D). The plot of the multifractal spectrum ( f (α ) )
versus α (q ) forms a parabola, which is indicative of a continuous multifractal
distribution.

If the resultant plot is not parabolic, the distribution will not have

continuous multifractal properties (Cheng 1999a).
There are numerous examples of the application of the method of moments for
determining the multifractal spectrum for continuous multifractals in the literature.
Paredes and Elora (1999) were able to model the fracture field in a granite batholith in
Toledo, Spain. The authors characterised the spatial distribution of the fractures sets
in two dimensions, based on outcrop and drill hole data, and then extrapolated into
three dimensions to cover the entire granitic mass.

The main drawback with this

technique is the level of uncertainty that is associated with any extrapolation method,
as what is proved to be the case at outcrop level may not continue through the entire
batholith.

Multifractal analysis is often applied to two-dimensional data, such as

geochemical datasets (e.g. Goncalves 2001) or to mineral surfaces in thin section
(Zheru et al. 2001).
2.2.2. Discrete multifractal analysis
Discrete multifractals are characterised by spatially intertwined fractals, for which
separate fractal dimensions can be determined for each (Cheng 1997).

This

relationship is often seen in distributions where higher values over print the lower
values. An example of this would be separating geochemical anomalies from the low
level background values. If the two populations can be statistically separated, a fractal
dimension can be determined for the high and low level populations, and so the
multifractal can be analysed (Cheng 1999c).
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Figure B:1 – Explanation of continuous multifractal analysis (Modified from Cheng
1999b)
(A)

Log-log plot of power-law relationships between Χ q (ε ) and ε for a range of

values of q
(B)

Estimates of τ (q ) are obtained by the slopes of the lines in (A), plotted against

q values
(C)

Estimated values of α (q ) derived from τ (q ) plotted against q values

(D)

Estimated values of

illustrate multifractal spectrum

f (α ) (from Equation B:11) plotted against α (q ) to
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Cheng et al. (1994) present a method of differentiating fractal dimensions of the
background and anomaly distributions of geochemical data. The authors use twodimensional soil sample data in the Mitchell-Sulphurets District, British Colombia and
present several methods for distinguishing the background and anomaly fractal and
multifractal spectra. One of these methods is the concentration-area analysis, which
was later expanded upon in Cheng et al. (1996), and applied to other two-dimensional
phenomena (e.g. Panahi et al. 2004).
In order to differentiate between background and anomalous distributions, a threshold
(ν ) must be determined. Log-probability plots can be used to determine the number of
populations within a distribution (Sinclair 1998), but the distinct threshold value cannot
be accurately determined (Cheng et al. 1996). The threshold value can be determined
through contour maps that represent the spatial distribution of the element under
consideration. There are numerous interpolation methods which can be utilised to
produce an accurate contour map, such as kriging and potential mapping (e.g. Cheng
et al. 1994).
Once the contour map of the element has been modelled, single contours are used to
divide the map into two parts, above and below the contour value. As the value of the
contour changes, the shape of the area enclosed by the contour also changes. If the
area enclosed by the contour is plotted against the value of the contour on a log-log
plot, a sharp change in the slope of the line is observed (Figure B:2). The sudden
change on the log-log plot is coincident with the threshold value (ν ). The slope of the
line in Figure B:2 shows that there is a relationship between the contour value ( ρ ) and
the area within the contour ( A( ρ ) ), which contains values higher than ρ .

A( ρ ) is a

decreasing function of ρ , i.e. as the value of ρ increases, the area within the contour
decreases. Using the threshold value (ν ), a model can be fitted to the line on the loglog plot ( ∝ denotes proportionality):

A( ρ ≤ υ ) ∝ ρ −α1 ; A( ρ > υ ) ∝ ρ −α 2

[B:12]

The relationship between ρ and A( ρ ) illustrated in the log-log plot is power-law
(Figure B:2). Using the contour map of the interpolated data is an excellent method of
determining the threshold value that separates the background and anomaly
distributions. However, the estimates of the fractal dimensions maybe biased due to
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the nature of the data being used for the contours. During the application of any
interpolation method to a dataset, there will be smoothing of the data, resulting in
localised high grades being spread into lower grade areas, and vice versa. Therefore,
this contour method is excellent for determining the threshold value, but a second
method (also presented by Cheng et al. 1994) can be used to estimate the fractal
dimensions of the two distributions.
A grid, with square cells of a specified size, is superimposed on the raw data within the
study area. The concentration of the element in question of each individual cell is set
to the concentration of the sample within the cell, and if more than one sample is
present, a mean value is used. The area ( A( ρ ) ) is the number of cells (multiplied by
the area of the cell) with concentrations higher than a prescribed value ( ρ ). As with
the smoothed values, a log-log plot of ρ versus A( ρ ) is made, and the fractal
dimension above and below the threshold can be determined through least squares.
For a range of ρ close to the minimum value ( ρ min ), the power-law relationship is:

A( ρ ) = C1 ρ −α1

[B:13]

For a range of ρ close to the maximum value ( ρ max ), the power-law relationship is:

A( ρ ) = C 2 ρ −α 2

[B:14]

Where C1 and C 2 are constants, and α 1 and α 2 are exponents. Cheng et al. (1994)
present the mathematical basis of deriving α 1 and α 2 from the maximum singularity
component ( α (q ) ). As A( ρ ) and ρ have a power-law relationship (as shown by
Equations B:13 and B:14), the area with concentration values of less than ρ (written
as A(T ) − A( ρ ) ) also has a relationship with ρ .

A(T ) is the total area of the region

being studied, and A(T ) − A( ρ ) is calculated through subtracting the area within the
contour from the total area. This relationship is only true for values of less than the
threshold value. The relationship is expressed as:

A(T ) − A( ρ ) = Cρ β

[B:15]
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Figure B:2 – Explanation of discrete multifractal analysis (Modified from Cheng et al.
1994)
(A)

Log-log plot of A( ρ ) versus gold grade of averaged or kriged data – this plot

allows the estimation of the position of the threshold value
(B)

Log-log plot of A( ρ ) versus ρ for raw data – this plot allows the estimation of

the exponents α 1 and α 2
(C)

Log-log plot of A(T ) − A( ρ ) versus ρ - this plot allows the estimation of the

exponent β
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Where C is a constant, and β related to α (q ) , as indicated by Cheng et al. (1994).
The exponent β is related to α 1 if the area being studied ( A(T ) ) is constant. If A(T ) is
constant,

the

plot

of

A(T ) − A( ρ ) = Cρ β is

simply

the

reversal

of

the

A( ρ ) = C1 ρ −α1 plot. However, checking that the β exponent has a positive value does
allow the conclusion of the power law relationship between A( ρ ) and ρ to be made.
As α 1 and β are related to each other, these two exponents are also related to the
maximum singularity exponent ( α (q ) ). The multifractal spectrum f (α ) , and maximum
singularity exponent ( α (q ) ) (Equation B:11) reveal whether the element being studied
is either fractal or multifractal. If f (α ) is constant, (i.e. τ (q ) is linear, see Section
2.2.1), the multifractal reduces to a fractal, and the fractal dimension is estimated as
the negative exponent of the relationship given in Equations B:14 and B:15. This
relationship is indicative of a discrete multifractal, and therefore the fractal dimensions
of the background and anomaly populations can be calculated through least squares
fitting.
The concentration-area method is not restricted to geochemical datasets; other
examples of applying this technique are recorded in the literature.

However, the

dominant focus of current research is towards two dimensional phenomena, for
example, Panahi et al. (2004) present a method for differentiating anomalous values
from background data in lake sediment data from Gowganda, Ontario. This example
uses Ordinary Kriged block models to determine the threshold values, so allowing very
low concentration noise to be removed from the element concentration maps. Cheng
et al. (1997) also present a two dimensional example based in the Sudbury Basin,
Canada, where concentration area plots are used to spatially separate background and
anomalous values for copper and nickel rich geochemical datasets.

The focus of

research in the application of the concentration-area method has been predominantly
two-dimensional, and there is a need for the investigation of the method in threedimensional space.
3. Case study – Taurus Lode, Golden Pig
3.1. Introduction
As discussed in Part A, Section 5.2.2, Golden Pig is hosted by intensely deformed
mafic and ultramafic rocks, with intercalated banded iron formations (BIF) and
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sediments. The majority of the gold (98%) is located within BIF hosted lodes, such as
Haddons. However, gold is also located in shear-hosted lodes such as Taurus, which
forms the focus of this case study.
The Taurus (Lode) shear zone contains localised pods of high grades, and is the most
challenging to model and mine. Taurus is an anatomising north to northwest-trending
shear zone, proximal to the Eastern BIF. It forms part of the regional Fraser-Corinthia
Shear Zone, dipping 40 to 65° W, and is discordant to the stratigraphy (Nugus et al.
2003).
Taurus was modelled (e.g. Nugus, et al. 2003) as several south plunging high grade
shoots within a low grade background. The high grade shoot model was used to
extract 1 m length composite grade data. The data are distributed in three-dimensional
space, with each 1 m sample being represented by the mid-point coordinate and a
grade expressed in g/t. The Taurus dataset consists of 789 individual samples, with a
mean grade of 7.12 g/t, and the declustered mean grade is 6.73 g/t.

For more

information of the Taurus dataset, the reader is directed to Part D, Section 4.
The individual grade samples were plotted as frequency (Ng) of intervals with grades
greater than g against gold grade (g), on a log-log plot (Figure B:3). If the relationship
between the two variables is a straight line, a power-law distribution can be assumed
(Sanderson et al. 1994), with:

Ng = Cg − D

[B:4]

Where C is a constant representing the number of intervals greater than the minimum
grade, and –D is the slope of the log-log plot. In the case of Taurus, the slope is not a
straight line, but has a composite form, with a break at 15.85 g/t. The slopes of the two
relationships above and below the cut off are 0.884 and 1.835 respectively. The break
in slope of the log-log plot can be interpreted in several ways, such as a continuous
(e.g. Yang et al. 1999) or discrete (e.g. Cheng 1999c) multifractal, or separate
overprinting fractal distributions (e.g. Cheng et al. 1994). The aim of this case study is
to determine whether the break in slope is caused by a multifractal or through the
generation of background and anomaly distributions. The geological process which
may have caused the fractal distributions is also presented.
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Figure B:3 – Log-log plot of frequency of intervals (Ng) with grades greater than g
against gold grade (g) for Taurus.

The observed break in slope may indicate a

multifractal distribution. The straight lines were obtained from least squares fitting.
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3.2. Multifractal Modelling
The gold distribution within Taurus was tested through applying a multifractal model, as
presented in Section 2.2.1. The same dataset was used as for determining the fractal
dimension (Section 3.1). As Taurus, like the majority of geological datasets, is a three
dimensional entity, the grade distribution must also be investigated in three
dimensions. Continuous multifractal analysis has been applied to three dimensional
geological data previously, for example, Paredes and Elora (1999) correlated two
dimensional fractal analysis with surface and subsurface geological data to produce a
three dimensional model. However, the majority of continuous multifractal analyses
have been conducted on two dimensional data, and this is the first application in three
dimensions to grade data.
Matricies of equal sized cubes with ε = 2, 5, and 10 m were placed over the Taurus
data, and used to calculate the partition function. Edge effects were taken into account
by removing all cubes that contained no data (Cheng 1999a).

The measure was

calculated by multiplying the grade of the cube by ε 3 . The values of ε were plotted
against the measure ( Χq (ε ) ), at a range of q values (-10 to 10). The straight lines
illustrated in Figure B:4A were used to estimate τ (q ) . The non-linearity of τ (q ) was
tested through plotting τ (q ) against q (Figure B:4B) and through substituting values
into Equation B:9, with values of τ (q ) at q = -2, 1, and 4. The solution of the equation

τ (4) + τ (−2) − 2τ (1) = -0.23 is less than 0, which implies the measures are multifractal.
However, when the same values of τ (q ) are substituted into Equation B:10, where τ(1)
= 2.52, 2τ (4) − 2τ (4 + −2) + 2τ (−2) ≡ 0, which is an indicator that the measure is not
multifractal, but maybe fractal, which is a contradiction. The values of α (q ) were
estimated from τ (q ) , using the central difference method, as described by Evertsz and
Mandelbrot (1992) and plotted against q (Figure B:4C). As Paredes and Elorza 1999
assert, only values from the middle, but not the extremes could be calculated, due to
the central difference algorithm. The multifractal spectrum ( f (α ) ) was plotted against

α (q ) (Figure B:4D) to indicate the presence or absence of a continuous multifractal
distribution..

The values of τ (q ) , and the associated error (estimated using least

squares) and correlation coefficients (r statistic) are presented in Table B:1.
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Figure B:4 – Results of continuous multifractal analysis applied to the Taurus dataset.
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(C)
Estimated values of α (q ) derived from τ (q ) using the central difference
method plotted against q values
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Table B:1 – Results of multifractal analysis for the Taurus dataset (box sizes of 2, 5,
and 10m)

q

τ (q)

Error

r

q

τ (q )

Error

r

-9
-8

-30.13
-26.74

2.19
1.93

0.997
0.997

2
3

5.39
8.38

0.02
0.00

1.000
1.000

-7

-23.35

1.68

0.997

4

11.47

0.04

1.000

-6

-19.97

1.42

0.997

5

14.57

0.07

1.000

-5

-16.59

1.17

0.998

6

17.65

0.08

1.000

-4

-13.22

0.91

0.998

7

20.72

0.07

1.000

-3

-9.90

0.65

0.998

8

23.78

0.07

1.000

-2

-6.66

0.37

0.998

9

26.82

0.06

1.000

As Table B:1 and Figure B:4 show, the Taurus dataset cannot be modelled accurately
though the application of a continuous multifractal model. For a true multifractal, the

f (α ) curve is a parabolic shape (e.g. Figure B:1D; Evertsz and Mandelbrot 1992), but
in the case of Taurus, the f (α ) curve does not exhibit this structure. The multifractal
spectrum derived from the Taurus data is a single peak which is indicative of a fractal
distribution.

A true continuous multifractal would exhibit a parabolic shape on the

f (α ) versus α (q ) plot. There is some deviation away from the single peak, which
can be attributed to errors due to q values of close to zero (Cheng 1999a). If these
points are removed from the analysis, then f (α ) versus α (q ) is nearly a straight line.
Applying the discrete multifractal model may enable the distribution to be modelled.
3.3. Concentration-area fractal analysis
In order to apply the concentration-area fractal analysis technique to Taurus, the
methodology needed to be modified in order to make it applicable in three dimensions.
The first stage is to determine the threshold value from a contoured model of the
grades. However, as the element concentration values are significantly higher than for
a true geochemical database, the term “threshold” is used to differentiate between high
and low grade values within an area already typified by elevated grades. Throughout
the Taurus case study, the term “threshold” is used to illustrate the change from
relative low to high grades, as opposed to the true geochemical definition.
In the case of Taurus, an optimised kriged block model (See Part D, Section 4 for
further details) was used. Each block within the kriged model has the dimension of 10
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m along strike, and 5 m down and across dip. Each block therefore represents a
volume of 250 m3. A range of incremental values ( ρ ) were then applied to the grades
of the individual blocks within the high-grade shoots model of Taurus, and the volume
of the blocks above the “threshold” determined. This value is termed V ( ρ ) . A log-log
plot of ρ versus V ( ρ ) was produced (Figure B:5), which demonstrates a distinct break
in slope at a “threshold” value (ν ) of 7 g/t, between ρ values of 4.25 and 8.25 g/t. The
straight lines fitted to the curves in Figure B:5 were calculated through least squares
fitting, and figures were determined for the fractal dimension above and below the
“threshold” value of 7 g/t. These exponents are termed α 1 and α 2 , 0.35 and 8.23, with
standard errors of 0.06 and 0.89 respectively.
The two dimensional examples given by Cheng et al. (1994), and Cheng et al. (1997)
both show how using a methodology dependent on smoothing (kriging in this example,
potential mapping in Cheng et al. 1994) are not the optimum technique for determining
the power law exponents for the two distributions. Applying the technique in three
dimensions to the smoothed data of the kriged block model has provided the
“threshold” value, but if the concentration-area technique is applied to the raw data, a
more reliable estimate of α 1 and α 2 can be determined.
The raw data is used to determine α 1 and α 2 in three dimensions. This technique is
termed “box counting” by Cheng et al. (1994). As with the method described in Section
2.2.2, a matrix of equal sized cubes, with 5 m length sides is placed over the raw data,
therefore each cube has a volume of 125 m3. A cube size of 5 m by 5m by 5m was
chosen as the average sample spacing within the Taurus shear zone is approximately
10 m along strike. In a kriged model, the aim is to include as many samples as
possible, and so blocks measuring 10 m along strike are optimum. However, in this
case, the blocks were reduced to 5 m along strike to minimise the smoothing between
samples. The individual cubes do not contain a consistent number of samples, ranging
from a single sample to a maximum of 7 individual samples, depending on the variable
drilling pattern within the Taurus shear zone. If the cube contains a single drill sample,
then the grade of the cube is set to the grade of the sample within it. If there is more
than one sample within the cube, a mean value of all the samples is taken and
assigned to the cube.
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Figure B:5 – Log-log plot representing the relationship between volume ( V ( ρ ) ) and
grade ( ρ ) for the three dimensional OK model data. The straight lines were obtained
from least squares fitting.

V(rho) versus rho for OK model data - Taurus
100000
y = 96853x -0.3475

LN A(rho)

10000

1000
y = 2E+11x -8.2308
100

10

1
1

10
LN rho

B-22

Part B – Fractal Analysis

Once the grade of the individual cubes has been determined, a range of values ( ρ )
can be applied, and the volume of orebody above each value can be calculated. This
is simply the number of cubes with a grade higher than the specified value, multiplied
by the volume of a single cube. The volume of the model with grade above ρ is
termed V ( ρ ) , and the log-log plot of the two variables also shows a definite break in
slope, with a ν value of 7 g/t. The total volume ( V (T ) ) of the shear zone is a volume
of 150 m by 300 m by 35 m (1575000 m3). As with the previous method, the values of

α 1 and α 2 are determined by least squares fitting of a curve to the lines above and
below the threshold value. V (T ) − V ( ρ ) can be determined by subtracting the volume
( V ( ρ ) ) from the total volume. For values of ρ of less than the threshold, a log-log plot
of V (T ) − V ( ρ ) against ρ can be used to determine the third exponent β . Figure B:6
shows the relationship between V (T ) − V ( ρ ) and ρ with gold grades of between 0.5
and 7 g/t, and represents Equation B:15, with exponent

β = 0.005. Figure B:6

illustrates the relationship between V ( ρ ) and ρ (Equations B:13 and B:14), with values
of ρ ranging between 0.5 and 15 g/t. The exponents α 1 and α 2 are illustrated in
Figure B:7 and are determined through least squares fitting.
The values of α 1 and α 2 differ between the two methods, which can be attributed to the
smoothing of data within the kriged block model, and the more restricted values of ρ
that are used to estimate the exponents. These data are included in Table B:2.
Table B:2 – Comparison of exponents determined through different techniques for the
Taurus data set; the threshold value is constant at 7 g/t for both techniques

Technique

ρ min

ρ max

α1

α2

Kriged Model
Raw Data

4.25
0.5

8.25
15

0.35
0.39

8.23
1.32

Kriging is predominantly a smoothing technique, its mathematical basis is designed to
reduce the highest grade samples and to minimise the difference between the highest
and low grade samples (Isaaks and Srivastava 1991). This smoothing effect generates
a model which has very few relative high grades, compared to low grades.

This

increases the slope of the plot, resulting in the very high fractal dimension observed
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Figure B:6 – Log-log plot illustrating the β exponent for the three dimensional raw data
from the Taurus shear zone. The straight line was obtained from least squares fitting.
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Figure B:7 – Log-log plot representing the relationship between volume ( V ( ρ ) ) and
grade ( ρ ) for the three dimensional raw data from the Taurus shear zone. The values
of α 1 and α 2 are included. The straight lines were obtained from least squares fitting.
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with the kriged model.

During kriging, areas of the model which may have had raw

grade values below the threshold may have the grade increased due to smoothing of
the high grade samples. For the high grade population (i.e. above the “threshold”), the
number of low grades increases relative to high grades, resulting in a significantly
higher fractal dimension.
The results presented previously were determined for the entire Taurus shear zone, in
three dimensions. By dividing the shear zone into a series of 5 m high horizontal
slices, determining α 1 , α 2 , and β for each slice will provide a model of how the grade
distribution varies throughout the shear zone. The methodology used to determine the
three exponents is similar, except squares of 5 m by 5 m are used, instead of cubes.
The kriged block model was also divided into two dimensional slices, and used to
determine the “threshold” value. The value remained constant at 7 g/t for each slice.
The raw data was used to estimate the three exponents, and the methodology was
consistent with the three dimensional method.

When the individual 25 m2 square

contained a single sample, the grade of the square is set to that grade, and if the
square contains a number of samples, a mean grade of all the samples was taken and
assigned to the cube.
The log-log plots used to determine α 1 , α 2 , and β are included in Appendix B, and
the exponents are included in Table B:3. As some of the horizontal slices contained
very few squares (< 30 individual samples) from which estimates of α 1 , α 2 , and β
could be determined, these slices were removed from the analyses. Therefore, only
slices through the middle elevations of the shear zone were included (see Table B:3).
These values, and the associated errors estimated through least squares are included
in Figure B:8, and show how the values of α 1 , α 2 , and β change with depth within the
Taurus shear zone.
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Figure B:8 – Plot of how the α 1 , α 2 and β exponents change with depth through the
Taurus shear zone. Errors calculated as standard errors of regression, fitted through
least squares.
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Table B:3 – Comparison of exponents determined from the raw data for horizontal
slices (based on the z coordinate of the mine grid) through the Taurus data set; the
“threshold” value is constant at 7 g/t for all slices
Horizontal Slice
1225
1230
1235
1240
1245
1250
1255
1260

α1
0.28
0.49
0.53
0.35
0.26
0.49
0.62
0.27

α2
1.34
1.32
0.54
1.07
1.44
0.89
1.41
2.56

β
0.004
0.007
0.007
0.004
0.003
0.004
0.003
0.002

According to Mandelbrot’s rule (Mandelbrot 1983), sectioning of a three dimensional
fractal by true two dimensional slices should decrease the fractal dimension by a value
of 1. However, in the case of Taurus, this has proved to be not the case. The three
dimensional values of α 1 and α 2 for Taurus are 0.39 and 1.32 respectively, and the
averaged two dimensional values are 0.41 and 1.32 respectively. These values are
very close, indicating that the three dimensional method maybe an average of the two
dimensional values. However, these results can also be attributed to the fact that the
slicing of the dataset is not a true “two dimensional” slice of a three dimensional fractal,
but maybe the result of using one dimensional sample data to infer the properties of a
three dimensional body. The values of α 2 may also be erroneous due to the small
number of data points used to estimate the fractal dimension (see Appendix B for
actual plots). There are very few data points within the high grade population, which
may affect the final result. The similarity between α 1 and α 2 for the two and three
dimensional methodologies may also indicate that the modelled grade distribution is
actually fractal, but exhibiting a marked truncation effect. However, this relationship
would not explain the consistent break in slope at 7 g/t. Therefore, the distribution is
thought to be exhibiting discrete multifractal characteristics.
The changing exponents within the shear zone reflect the heterogeneous gold
distribution throughout Taurus. As Table B:3 and Figure B:8 illustrate, the slope of the
line below the “threshold” ( α 1 ) is relatively uniform, ranging between 0.27 and 0.62,
whereas the slope above the “threshold” ( α 2 ) ranges widely (0.54 to 2.56). There is a
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difference between the high and low grade populations in every horizontal slice, but
Slice 1235 has the least difference between the high and low grade populations.
When the bottom left hand corner of each of the blocks (coloured by grade) is plotted in
plan (e.g. Slice 1230, Figure B:9), it can be seen that there is a variable spatial
distribution of grades. The grades below the “threshold” are more numerous, as well
as more spread out over the study area, with above “threshold” grades being restricted
in the south part of the Taurus shear zone. There is a cluster of high grade squares in
the south, with only one square of grade greater than 7 g/t situated in the north of the
shear zone. There are more low grade squares than high grade squares, and the
change in number is more gradual below the threshold than above. The “threshold”
value (7 g/t in the case of Taurus) not only marks the boundary between the high and
low grade populations, but also shows a change in the spatial confinement of the high
grade areas.
3.4. Geological explanation of the data
The evolution of the Taurus shear zone, and of the Golden Pig deposit as a whole are
discussed in Nugus et al. (2002) and Nugus et al. (2003), and a brief review is given
here. The structural evolution of the Golden Pig deposit is discussed in further detail in
Part A, Section 5.2.2. The Taurus shear zone was formed during the third deformation
period (D3), as detailed by Nugus et al. (2002). Within the Golden Pig deposit, D3
comprises east-west compression, resulting in broad shearing in the footwall mafic
units, to the east of the BIF. The shear zone is orientated north-south, with a moderate
(50°) dip towards the west and is characterised by pervasive shear banding and
foliation. The shear zone truncates the BIF, and at the intersections between the shear
zone and pre-existing mineralisation there are zones of increased veining, alteration
and gold mineralisation. These areas plunge at 10 to 20° to the south, and can be
modelled as high grade shoots within the shear zone (e.g. Nugus et al. 2003). The
deformation phase that generated high grade shoots is termed D3a by Nugus et al.
(2002).
Towards the culmination of D3, quartz-sulphide tension veins developed across the
Taurus shear zone. These tension veins locally cross cut the shear fabric, and have a
reverse sense of movement. The veins are spatially restricted, being less than 10 m2
in section, but contain high grades, of up to 15 g/t within the vein, and up to 600 g/t in
sulphide rich vein selvages. The high grade tension gash veins also plunge towards
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Figure B:9 – Plots of the raw grade data for Slice 1230 of the Taurus shear zone. The
squares that belong to the high grade population are clustered in the south of the shear
zone, whereas the low grade data is more evenly spread across the entire study area.
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the south at a shallow angle, and so are also modelled within the high grade shoots
model presented by Nugus et al. (2003). This deformation phase is described as D3b
by Nugus et al. (2002). However, both of these deformation stages occurred during the
same consistent east-west shortening during D3.
Based on the interpretation presented by Nugus et al. (2002; 2003) a link between the
geological characteristics and the trends observed in the concentration-area plots can
be inferred. The two different populations recorded in the concentration-area plots are
indicative of a change in the spatial distribution of grade data above and below the
threshold. The spatial distribution of the high and low grade populations is illustrated in
Figure B:9, which is a plot of the lower left hand corner of each of the 5 m by 5 m
squares in Slice 1230, coloured by high or low grade. The low grade population covers
a larger geographical area than the high grades, which are located in the southern end
of Slice 1230. The individual grade distributions within the two populations show that
there is a gradual progression of grade values in the low grade population, but there
are significant jumps in the high grade population. This change in ratio of the lower to
higher grade values creates the break in slope observed in the concentration-area
plots.
From the grade plot in Figure B:9, it can be seen that the low grades identified by the
concentration area plots are more pervasive, forming the “high grade shoots” recorded
in the Nugus et al. (2003) model. These grades can be attributed to the first stage of
shearing (termed D3a in Nugus et al. 2002). As interpreted by Nugus et al. (2002),
D3a formed south plunging parallel shoots at the intersection of the shear fabric and
pre-existing mineralised zones. However, these shoots are relatively low grade, which
is in agreement with the low grade portion of the concentration-area plot. Overprinting
the low grade, pervasive low grade bodies are quartz rich tension veins, which are
spatially restricted, and also plunge towards the south. These high grade zones are
reflected in Slice 1230 as the localised high grade area in the south region of the shear
zone. When the individual samples in the southern area of Slice 1230 are displayed as
core logs (Figure B:10) it can be seen that there is a high proportion of quartz present,
indicating that the area is being crosscut by a quartz dominated tension veins.
The tension veins within the Taurus shear zone are spatially restricted, but high grade.
Therefore when samples are taken from this area, and plotted on a concentration area
plots, the result is a change in slope, around the “threshold”. As the grades are
spatially restricted, this effect is only noticeable in some areas, as observed in Slice
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Figure B:10 – Spatial correlation of quartz abundance and high grades in the Taurus
shear zone
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1230. The two populations, above and below the “threshold” have differing ratios of
relative low to high grade blocks. The increase in the ratio between the relative high
and low grade squares results in the difference in gradient between the two curves.
As Figure B:9 illustrates, the change in gradient can be attributed to the two different
mineralisation styles present within the shear zone, as the high grade area is
coincident with the quartz dominated area of the shear zone. Background versus
anomaly relationships maybe attributed to physical process that overprint one fractal
dimension with a second, creating the break in slope observed when applying the
concentration-area fractal method (Cheng et al. 1994; Cheng et al. 1996) and it is this
relationship that has been observed within the Taurus shear zone.
4. Discussion
Applying fractal methods to the Taurus shear zone has highlighted several interesting
observations. When gold grade is plotted against the cumulative number of assays as
per Sanderson et al. (1994), the raw sample data demonstrates a power-law
relationship, which is interrupted by a break in slope at 15.84 g/t. The break in slope
observed on the fractal plot illustrates how the distribution can not be attributed to a
fractal, and maybe more complex. The break down of a fractal relationship into a
multifractal is also recorded for the Cangshang deposit, Northwestern Jiaodiong, China
by Yang et al. (1999) which demonstrates that the break in slope on a cumulative
assays verses gold grade plot is indicative of a multifractal distribution. However, there
are several methods for determining what the distribution maybe, and these include
continuous and discrete multifractal analysis.
A continuous multifractal is defined by a spectrum of fractal dimensions, whereas
discrete multifractals are marked by separate fractal dimensions that overprint each
other spatially. In the case of the Taurus shear zone, continuous multifractal analyses
proved that the Taurus dataset does not exhibit a true continuous multifractal
distribution, marked by the single spike on the f (α ) plot. Therefore, it can be seen
that the Taurus grade distribution can not be modelled by either a true fractal, or a
continuous multifractal.
In order to determine whether the Taurus dataset has a discrete multifractal
distribution, the concentration-area method was applied. The method was applied in
both two and three dimensions, and showed that two populations can be differentiated

B-32

Part B – Fractal Analysis

for the Taurus shear zone data, separated by a “threshold” value of 7 g/t. This is
indicative of a discrete multifractal distribution, which has been observed in geological
data previously. The discrete multifractal distribution can be identified in both two and
three dimensions, and the two dimensional slices of the orebody provides a useful
technique for illustrating how the grade distribution changes throughout the shear zone.
The fractal dimensions determined for the two dimensional slices vary between 0.26
and 0.62 for the low grade (below “threshold”) population, and between 0.54 and 2.56
for the high grade (above “threshold”) population. The fractal dimensions presented
here are similar to fractal dimensions for gold deposits recorded in the literature (Table
B:4). Therefore it can be seen that the values of α 1 and α 2 calculated for the Taurus
shear zone are in agreement with other deposits and gold occurrences recorded in the
literature.
Table B:4 – Alpha exponents for various gold deposits recorded in the literature,
compared to the values derived for Taurus

α1

α2

0.184

0.726

Cangshang Deposit,

0.045 to

0.848 to

China

0.388

3.110

0.399

1.322

Gold Occurrence
Mitchell-Sulphurets,
British Colombia

Taurus Shear Zone,
Golden Pig (3D)

In order to determine how the parameters of α 1

Reference
Cheng et al.
(1994)
Yang et al. (1999)
This volume

and α 2 were affected by the

underlying grade distribution, several schematic illustrations are presented.

These

illustrations show how individual parameters within the concentration-area plots can
change, and so how the Taurus grade distribution may have originated.

The

relationships observed in the Taurus plots can be attributed to a change in the ratio of
relative high and low grades in each population. Increasing the ratio of low grades to
high grades within an individual population will increase the slope of the line, and so
the fractal dimension. Once the controlling factors within the grade distribution had
been identified, a geological explanation for the observed relationships can be inferred.
The observed discrete multifractal relationship may be attributed to physical process
that overprints one fractal dimension with a second, creating the break in slope
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observed when applying the concentration-area fractal method (Cheng et al. 1994;
Cheng et al. 1996).

The concentration area method also provides a method for

defining the localisation of high grades within the Taurus shear zone, due to the spatial
aspect of the technique as the dataset used throughout this case study consists of data
extracted using the high grade shoot model (Nugus et al. 2003). This means that the
individual data points are only within the high grade shoots, but as the model contains
both styles of mineralisation, which style of mineralisation is being intersected cannot
be determined. The geological interpretation of the Taurus shear zone discusses a two
phase mineralisation event, during D3 (Nugus et al. 2002; Nugus et al. 2003), with a
lower grade phase being overprinted by significantly higher grade cross cutting tension
veins.
As with all fractal analysis, the explanation of the concentration-area plots only
provides insight into the final snapshot of the shear zone, and doesn’t provide
information on how the shear zone has evolved through time. Results presented by
Blenkinsop (2004) indicate that orebodies within shear zones do not grow in a selfsimilar manner. Therefore, results obtained that illustrate the final grade distribution of
a shear zone may not be applicable to the evolution of the shear zone through time.
However, if orebodies grow in a self-affine manner, as indicated by Blenkinsop (2004),
the grade distribution would not “look the same” throughout time, but could be
predicted.
Fractal and multifractal techniques are mainly based on analysing two dimensional
phenomena, such as lake sediments (Panahi et al. 2004) or element distribution on
mineral surfaces in thin section (Zheru et al. 2001), or occasionally by correlating two
dimensional data with three dimensional geological knowledge (Paredes and Elora
1999). Therefore there is a significant need for the application of these techniques to
be applied to three dimensional phenomena such as grade data within ore deposits.
Applying fractal and multifractal methods to ore deposits not only helps to understand
the grade distribution within the individual deposit in question, but can also be applied
on a larger scale. There is also a need for physical models that can explain the grade
distribution in the terms of α 1

and α 2 . A geological process must generate the

relationships observed within the grade distribution, so a predictive, genetic model
would be a major step in the understanding of the application of fractal analyses to ore
deposit data. Fractal analyses have been used to determine the clustering of deposits
along regional scale shear zones (e.g. Weinberg et al. 2004) or to determine whether
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relationships between deposits and certain mafic rock types exist (e.g. Butera and
Blenkinsop 2004) which prove to be useful exploration methodologies.
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Part C:
Sampling Optimisation in Archaean Orogenic Gold Deposits
The Taurus case study presented in Sections 4.1 to 4.5 of this Thesis Part was first
published as Roberts et al. (2003), and used with permission of the Australasian
Institute of Mining and Metallurgy. This paper is provided in Appendix A.
Abstract

Sampling protocols were optimised for four different mineralisation styles: Haddons and Taurus orebodies from
Golden Pig, and Boulder and East orebodies from Marvel Loch. The application of Gy sampling theory was
shown to reduce errors within the processing of samples of broken rock. Heterogeneity tests were used to
determine the sampling constant (K) of Gy theory value for each of the orebodies, and thereby to propose an
optimised sampling regime. Gy nomograms were used to determine whether each of the protocols would
breach “Gy’s Safety Line”. A constant sample size of 1 t for each of the mineralisation styles was found to
minimise the fundamental sampling error to acceptable levels, with the total error never exceeding ±10%.
Comparing the orebodies showed that the K value of the deposit correlated with the percentage coarse gold
within the deposit.

1. Introduction
Archaean orogenic gold deposits hold a pre-eminent position within the Australian gold
mining industry, with the resources sector dominating the economy of Western
Australia, supplying 20.9% of the states Gross State Product between 1995 and 2000.
Over the specified period, gold production averaged at 219.54 t of gold per annum
(ABS 2002). Unfortunately, Archaean orogenic gold deposits are typified by erratic
grade distribution and coarse gold (>150 µm; Roberts et al. 2003), making this deposit
type challenging to sample, model and mine. Sampling is one of the most critical
aspects of a mining operation, and includes both sampling the in-situ ore (e.g. diamond
drill sampling), as well as sampling the ore in particulate form (e.g. from a ROM pile or
conveyor belt). Sampling forms the basis of all resource evaluation techniques, as it is
through sampling that data and knowledge is gained about the deposit. Resource
evaluation relies on data that is unbiased and representative of the orebody, and poor
sampling, and therefore data, can have a major impact on the resource model.
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Error in sample results can be introduced at any stage of sampling of an ore deposit, or
through any stage in processing and assaying of the sample. Gy Theory attempts to
quantify the errors in the taking and preparing of samples of broken ore, as opposed to
errors in sampling in-situ ore (Annels 1991). Pierre Gy’s theory of sampling particulate
matter was first published (in English) in 1973, (Gy 1973) and later expanded by Pitard
(1993).

The theory has been greatly enhanced through the work by Francois-

Bongarcon (e.g. Francois-Bongarcon and Gy 2001) and Pitard (e.g. Pitard 2002). The
theory has been applied by practitioners within the mining industry (e.g. Radford 1987;
Keough and Hunt 1990; Sketchley 1998; Roberts et al. 2003), which further improves
the understanding of the method, and aids in the refinement of the theory.
The importance of describing the errors encountered in a sampling regime, and
minimising the effect that these errors have can not be understated. The impact of
poor quality data on a Resource or Reserve estimate must be accounted for, and this is
an explicit requirement in industry codes such as JORC (2004). This study aims to
illustrate the problems faced by individual mine sites during the sampling process, and
show how these sampling procedures can be optimised to minimise error. Part C of
this thesis takes the form of a literature review of sampling and sampling theory, and
four case studies, two from an underground operation, and two from an open pit
operation.
2. Review of Literature
2.1. Introduction
Poor sampling, in conjunction with poor resource estimation and process control, can
generate reconciliation problems and, ultimately, loss of profit. Sampling is therefore a
key part of any mining operation. Sampling is a process where very small portions of
an ore body are obtained in order to determine the nature of the orebody.

For

example, in order to maximise the representative nature of a diamond drill sample, a
figure of 30 kg per meter of drilled core is recommended (Tisley unknown date). The
taking of accurate, precise and representative samples is a vital part of any mining
operation, and must be treated as such.

It has been estimated that the average

potential for errors through sampling broken ore is probably close to 80% for the
sampling process, 15% for sample preparation and 5% for assaying (Sawyer 1992).
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The aim of this literature review is to provide a discussion of the relevant literature to
this study, as opposed to a review of all the literature within the sampling remit. The
aim of this study is to optimise the sampling regimes for individual mineralisation styles
that fall under the Archaean orogenic gold classification. Therefore this section takes
the form of a review of sampling optimisation practices and sample collection
methodologies, followed by a discussion of the mathematical basis of Gy Theory.
2.2. Sampling Optimisation
In any deposit, sampling is a key part of delineating the deposit, if the samples taken
are not representative of the deposit; the estimation procedure is essentially useless.
The ‘representativeness’ of a sample is related to the homogeneity of the primary
mass. For a highly homogeneous mass, a single small sample will be more accurate
than a small sample from a highly heterogeneous mass. The more the erratic the
metal distribution within a deposit, the greater the number, or more frequently taken the
samples have to be (Vallée 1992).
Gold presents a problem in sampling, as it has many modes of occurrence, and has
unique physical properties. Gold has several properties that make sampling difficult,
which Carras (1987) lists:
•

Gold mineralisation is usually associated with complex geology

•

Gold occurs in deposits with a high degree of variability

•

Gold occurs in very low concentrations compared to other metals

•

Gold can occur as free particles and nuggets

•

Gold is extremely malleable

Vallée (1992) proposes several ‘standards’ for sample collection:
Minimum sample masses should be specified. ‘Representativeness’ is proportional
to the size of the sample, and the erratic distribution of gold particles requires larger
sample sizes. Channel / grab samples should have a minimum of 2.5 kg, and drill
holes should be drilled at a minimum of BQ size (i.e. 36.5 mm)
The number of fragments collected should be more than 25, even for small sample
sizes. In small geological structures, the fragments should be collected from multiple
lines, to minimise the erratic distribution of the gold grains
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The dimension of the fragments should have a maximum diameter of 20 mm when
sample size is limited, and 35 mm when unlimited sample masses are to be taken.
Uniform fragment size is mandatory.
The sample length should be the longest that allows proper definition of the
mineralisation. For gold deposits, lengths of between 0.5 and 1 m are commonly used,
with smaller lengths when important features need to be defined, however, samples
should not be less than 250 mm in length. Sample length should also be relatively
uniform to aid the later statistical treatment of the samples. Compositing individual
irregular sample lengths into uniform sample sizes are possible, but a narrow range of
samples will improve data retention.
Other aspects of sample collection are significant:
•

For channel / panel samples, cut the channels with a saw, not chisel

•

Split core with a saw

•

Mark lines for chip collection

•

Use the string and knot method for grab samples (see Section 2.3.2)

Quality control is essential for all sampling and estimation stages.

Training and

supervision of any sampling practice is therefore necessary for quality data to be
obtained. Sample checks and tests should also be introduced to determine that the
desired quality is achieved. This includes verifications, comparisons and the use of
duplicates, repeats, standards and blanks. This will ensure the sampling regime is
suited to the deposit, and that sampling quality is being maintained.
2.3. Sample Types
Geological samples vary in size, shape and objective.

The sample dimension is

termed ‘sample support’ and is one of the key assumptions for the application of
geostatistics (Annels 1991). Carras (1987) gives several reasons for the collection of
samples:
•

Geochemical sampling during exploration

•

Determination of geological characteristics – mineralogy, petrology etc

•

Determine metal distribution, tonnage (through specific gravity tests and
calculations) and grade

•

Mining and milling properties
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There are many different sampling types and methods, and the sample types
investigated in Part C are reviewed below. Reviews of other types of sample and the
problems associated with taking these samples are included throughout the literature,
for more information, the reader is directed to Annels (1991) for an overview and to
Dominy et al. (2000) for a review of the unique challenges presented by gold
mineralisation.
2.3.1. Face Sampling
Face sampling involves extraction of a sample from an exposed face in underground
development. There are several methods of face sampling.
Channel sampling involves cutting a narrow channel across the exposure of the ore,
the channel can be cut horizontally, vertically, or perpendicular to the dip of the ore.
The channel should be kept at a uniform width (e.g. 3-10 cm) and depth (e.g. 5 cm).
This method can be time consuming, and therefore expensive (Annels 1991). Samples
can weigh between 0.5 and 5 kg, but in practice is usually 1-2 kg (Evans 1995).
Channel samples are difficult to keep uniform, and so are more often chip samples
taken at irregular intervals along a line.

Segregation and bias can occur in these

samples, for example when one or more of the mineral phases are more friable than
others (Vallée 1998). Other sources of bias include operator bias, where the sampler
takes more sample from high grade areas in order to increase the grade, or through
taking larger chips from either the low grade or high grade portion of the face (Annels
1991).
Chip sampling involves taking rock chips over a continuous band or over an area of the
exposure, usually using a geological hammer or an air pick (Annels 1991).

Chip

sampling is susceptible to bias through operator preferences, or because of differences
in fragmentation of different mineral phases (Vallée 1998).

Chip sampling is an

inherently poor sampling technique.
Panel samples are made up of chips or fragments from over a wide area, usually
based on a grid, pattern or multiple lines sprayed onto the surface. Panel samples are
often more representative than channel samples as channel samples are often difficult
to take. The recommended minimum sample mass for panel sampling is 7 kg (Vallée
1998).
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2.3.2. Grab Sampling
This involves collection of a sample from a muck pile; draw point, tram car, truck or
conveyor belt (Annels 1991). Representative and unbiased grab samples are difficult
to obtain, due to variable fragment sizes and inaccessibility of the bottom of the pile
(Vallée 1998). Blasted piles of rock are usually zoned as the last blasted material lies
on the top of the pile. Samples are usually collected from the surface of the pile, thus
introducing bias (Annels 1991). Vallée (1998) lists several methods of reducing bias in
grab samples.

These include the ‘string and knot’ method, ‘fragment weighting

method’ and the use of a ‘sampling tower’.
The string and knot method involves tying knots at equal spacing along a piece of
string, and laying the string on the rock pile to be sampled. A rock fragment is then
removed at the position of each knot. This method ensures that a fixed number of
fragments are taken from over a fixed length.
The fragment weighting method can be utilised when the gold is known to be
concentrated in a single fragment size. For instance, if the gold is located in extremely
friable material, the gold will concentrate in the fines. When a sample is taken, an
estimate of the different fragment sizes is also recorded. The mean assay value is
then calculated by weighting various assays according to the estimated proportion of
fragment sizes.
A sampling tower is a small circuit of crushers, grinders, screens and splitters that
reduces the size of the sample, and aims to minimise bias. A sampling tower is an
expensive method for reducing bias, but achieves reliable results.
2.3.3. Diamond Drill Sampling
Diamond drill sampling is often considered to be a good indication of grade in an
orebody, and the advantages of diamond drilling are detailed in the literature (e.g.
Annels 1991; Hartley 1997). A summary of these advantages is given in Table C:1.
Diamond drilling can also contain errors, often related to drilling, which may include, for
example, low recovery of core through the orebody, inappropriate intersection angles
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and poor sampling practices (Annels and Dominy 2003). Gold can also be lost in fines
washed away by drilling fluids, or when cutting core; therefore fluids should be routinely
collected and sampled (Vallée 1998).
Table C:1 – Advantages of sampling through diamond drilling (Modified from Annels
1991, and Hartley 1997)
Advantages of Diamond Drill Sampling
A continuous sample is obtained through the mineralised zone
Constant volume per unit length is maintained
A constant sample support can be maintained by sampling at constant lengths (e.g.
1m)
Core can be logged / assayed at surface
Core can be photographed to provide a permanent record
Good geological, mineralogical and structural information can be obtained
Contamination can be washed off the core
Drilling gathers information from remote and inaccessible areas, e.g. within ore blocks
If only half the core is sampled, the other can be utilised later for further sampling /
logging
Core can be measured to determine the specific gravity of the deposit
Geotechnical information can be gathered for use in mine planning etc
2.4. Sampling Theory (Gy Theory)
2.4.1. Introduction
Previously in this literature review, we have been concerned with the primary nature of
sampling, e.g. the sampling of an in-situ orebody. To date, no research has been
presented which can determine how to representatively sample an orebody. The only
thing that can be controlled is the quality and repeatability of the sampling
methodologies. However, once the orebody has been fractured (i.e. mined) there are
numerous methods for determining the quantity of rock that forms a representative
sample from a pile of broken rock. Section 2.3.2 is concerned with the quality of grab
samples, whereas Section 2.4 is concerned with determining the quantity of rock that
should be taken to form a representative sample. Gy Theory is concerned with the
calculation of the Fundamental Sampling Error or FSE, however, this error only forms
part of the numerous and additive errors that are present within a sampling regime.
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Other errors include analytical errors, which are derived from the assaying process and
selection errors which can be minimised through carefully monitored sampling
protocols. The science of designing sampling regimes involves balancing minimising
the errors with ensuring the practical application of the sampling technique.
2.4.2. Description of the mathematical basis of Gy Theory
Gy Theory quantifies the error in taking a sample from a quantity of broken rock,
allowing the design of a sampling regime that will minimise this error. This error is
expressed as a variance, or relative variance (variance / [accepted value] 2) (Annels
1991). The variance at each stage is calculated and summed to determine the total
variance, or Fundamental Sampling Error (FSE).
Once the FSE has been calculated, an optimum sample size can be determined
through back calculation of the equation.

Confidence levels at 1 or 2 standard

deviations (68 or 95% respectively) can also be calculated.
The variance at a single sample processing stage is calculated using the Gy Equation
(Francois-Bongarcon and Gy 2001). The equation is described below:
2
σ FSE
= (1 / M S − 1 / M L ).K .d 3

[C:1]

Where:
σ2 FSE = Sampling error for single stage
M S = Mass of sample
M L = Mass of lot
K = Sampling constant
d = nominal size of rock fragments (cm), where nominal is the size of fragments
being investigated
When M S << M L , Equation [1.1] can be simplified:
2
σ FSE
= K .d 3 / M S

K is the sampling constant, and is described:

[C:2]
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K = f .g .c.l

[C:3]

Where:
K = sampling constant
f = shape factor, this describes the shape of individual fragments, and is
commonly set at 0.5, but can be set at other values for various particle shapes
e.g. platy, 0.1 and cubes, 1.
g = granulometric factor, this allows the uneven fragment sizes in a sample to
be adjusted to the nominal size and is commonly set at 0.25
c = mineralogical factor, this quantifies the correlation that exists between grade
and density; it can be calculated for gold ores as:

c = ρM / t

[C:4]

Where:
ρM = density of mineral of interest (e.g. 19.3 g/cm3 for pure gold)
t = grade of mineral of interest
l = liberation factor
The liberation factor is a number between 0 and 1 which varies with the size of sample
fragments (d) and the nominal size of metal grains within the sample. The liberation
size, d l , which is the size of grain at which all gold is liberated , also depends on the
spatial characteristics at a microscopic scale. Therefore, the liberation factor can vary
widely. It was first proposed by Gy (1979) that “l” could be modelled as a function f, d l
and d, and that “l” could be calculated through the following equation:

l = (d l / d ) 0.5 = (d l / d )

[C:5]

The liberation factor has been extensively researched by Francois-Bongarcon (1998a;
1998b), and Francois-Bongarcon and Gy (2001) and has shown that this model leads
to problematic variance calculations for low concentration ores such as gold.

A

variation on this model has been proposed:

l = (d l / d ) b

[C:6]
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Where b = 3-α, where α can be determined experimentally. Francois-Bongarcon and
Gy (2001) have shown that α is dependant on the individual deposit, but if no
calibration work has been attempted, a value of 1.5 can be used.
Therefore substituting this into equation [C:1], the Gy Equation can be written:
2
σ FSE
= (1 / M S − 1 / M L ). f .g.c.(d l / d ) 3−α .d α

[C:7]
(From Francois-Bongarcon and Gy 2001)
Therefore, once K has been calculated, the equation becomes:
2
σ FSE
= (1 / M S − 1 / M L ).K .d α

[C:8]

From the FSE two things can be calculated, precision and grade limits at 95%
Confidence Limit (CL) or 68% CL:
Precision at 95%CL = (2σ/A) * 100

[C:9]

Precision at 68%CL = (σ/A) * 100

[C:9b]

Grade Limits at 95% CL = 2Aσ

[C:10]

Grade Limits at 68%CL = Aσ

[C:10b]

Where:
σ = FSE
A = grade
The precision gives a percentage error on the specified grade, whereas the grade limits
quantify the error in terms of g/t. For example, if a grade is quoted as 10 g/t ± 50%,
this can be also written as 10g/t ± 5 g/t.
2.4.3. Calculation of K and the optimisation of sampling protocols
There are two methods that can be used to calibrate the Gy Equation to an individual
deposit. The first is to experimentally determine each constant with the equation, or to
determine the total sampling constant K. The sampling constant, K can be determined
through several techniques. The method described here is the heterogeneity test or
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“Gy 30 piece experiment” (Francois-Bongarcon 1993). Heterogeneity tests use the
principals of Gy Theory to design new sampling regimes, and to minimise the errors
introduced at each sampling stage. The error incurred at each sampling stage can be
calculated and so minimised (Hayes and Conway-Mortimer 2002).
The practical methodology of the heterogeneity tests utilised in this Thesis Part is
detailed below. The theoretical basis is discussed in the literature and the reader is
directed to Gy (1979), Francois-Bongarcon (1993) and Pitard (1993).


Select a ROM pile, making ensuring that it is classified as ore



Select a predetermined number of rocks (40 or 60), that each of which weighs
between 1.7 and 2.5 kg



If necessary, larger rocks can be chosen and broken down with a geological
hammer to produce the required mass



The individual rocks are then washed, dried and photographed with a digital
camera, in order to provide a permanent record of the sample



Each individual rock is then marked with a sample number, and placed in a
calico bag, with the sample number written on the outside



The sample is then passed to the laboratory for analysis

When received by the laboratory, each sample was analysed in the following way:


The mass, volume and specific gravity of each sample id determined



Each rock is then crushed and ground to a predetermined size (90% passing
150 µm)



The pulp is then split into two halves, and passed through 150 µm screens



The coarse fraction, and the screen are then fire assayed



The fine fraction is then homogenised, and two repeat samples of the fines are
assayed.



The gold held by the sample is then calculated through the following equation:

Total Gold = {(Total weight –coarse fraction) * average (fines) + coarse fraction}
Total weight of pulp


This is then repeated for the other half of the split pulp
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The individual grades from the rock samples are used to determine K, and so
substituted into the Gy Equation, assuming α = 1.5 (Francois-Bongarcon 1993;
Francois-Bongarcon and Gy 2001). The sampling constant K can only be determined
for the fragment size that has been collected and can only be extrapolated downwards,
and only with care. Ideally, heterogeneity tests would be carried out at a variety of
fragment sizes, and K determined for each. The practical methodology of a
heterogeneity test is relatively simple, but it is an effective and powerful method for
optimising sampling regimes. K is calculated through equation [C:11]:

K = M *σ 2 / equivalent (d n1.5 )

[C:11]

Where:
K = Sampling Constant
M = Average mass of rock pieces
σ2 = Relative variance of rock piece grades, calculated through:
σ2 = σ2(individual samples)
Mean (individual samples)

equivalent (d n1.5 ) = equivalent nominal size, calculated through:
1) Determine the average volume of the individual rock pieces v = mass / SG
2) Calculate the radius of a sphere with volume v :

r=3

4Π
3v

3) The equivalent (d n1.5 ) is then derived from:

equivalent (d n1.5 ) =

r2
, where g = 0.25
g 1/ 3

Once K has been calculated (Equation C:11), the liberation size (d l ) can be calculated:

d l = ( K / c.g . f )

1
3−α

[C:12]
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Where:
K = constant calculated from equation [C:11]
g = granulometric factor = 0.25
f = shape factor = 0.5
c = mineralogical factor = density of gold / grade (19.3 / A), where A is grade in
g/t
(Source: Francois-Bongarcon 1993)
K can also be substituted into Equation [C:2] for calculation of the sampling error at
each sampling stage. This can then be used to design a new sampling regime that
minimises these errors. The FSE, however, is merely part of the total error that can
occur throughout the sampling process.
Gy nomograms are a graphical method for displaying the errors generated during a
sampling regime.

They are based on the experimentally derived K value.

Using

Equation [C:1], the Gy Equation can be written (Assibey-Bonsu 1996):
2
σ FSE
= K .d α / M S

[C:2]

If a logarithm is taken of both sides of the equation, it can be written:

ln(σ R2 ) = ln(1 / M S ) + ln( Kd nα )
ln(σ R2 ) = (−1) ln( M S ) + [α ln(d n ) + ln( K )]

[C:13a]
[C:13b]

Equation [C:13b] shows for a given stage of communition (fixed value of d n ),
[ln(K)+αln(d n )] is a constant, say K(d), therefore:

ln(σ R2 ) = − ln(M S ) + K (d )

[C:14]

If a graph is plotted with ln(σ2 R ) on the Y axis and ln(M S ) on the X axis, the relationship
will plot as a straight line of slope -1 (Pitard 1993). Each stage of mass reduction at a
constant d n can be plotted on a chart as a path along the straight line with slope -1.
There is a unique line for each comminution size and heterogeneity test. Vertical lines
between the -1 slope lines indicate crushing and grinding stages which do not
contribute to the variance (Assibey-Bonsu 1996). When the overall sampling regime
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has been plotted on a sampling nomogram, the areas with highest variance can be
identified and steps taken to reduce the error. An example of a Gy Nomogram is
included as Figure C:1.
In order for a sampling regime to have the minimal Fundamental Sampling Error, each
of the steps should plot below ‘Gy’s Safety Line’. This indicates a precision of ±10% at
68%CL.

This is the minimum to which sampling regimes should be designed to.

Sampling nomograms based on calibrated parameters are useful tools for the design,
assessment, control and improvement of sampling processes (Assibey-Bonsu 1996).
Figure C:1 – An example of a Gy Nomogram (After Sketchley 1998)

The unsuitable sampling protocol breaches the “Gy Safety Line” as illustrated by the
dashed lines. Each aspect of the sampling protocol is represented by the nomogram.
A vertical line represents a comminution stage of the protocol, whereas the lines with
negative slopes represent sub-sampling.

When designing an optimised sampling

protocol, all parts of the plot must lie within the Gy Safety Line, like the optimised
sampling protocol in this Figure.
3. Case Study – Haddons Lode, Golden Pig
3.1. Introduction
As discussed in Part A, Section 5.2.2, the Haddons Lode, Golden Pig is hosted by
intensely deformed mafic and ultramafics, with intercalated banded iron formations
(BIF) and sediments. The majority of the gold (98%) is located within BIF hosted lodes,
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such as Haddons, which forms the focus for this case study. Gold is also located in
shear-hosted lodes (e.g. Taurus, Nugus et al. 2003) which contain 2% of the total gold
within the Golden Pig deposit as a whole (McBeath and Whitworth 2002).
Mineralisation at Golden Pig is predominantly stratabound, within tight to isoclinally
folded and sheared banded iron formation (BIF) units. Four BIF horizons have been
identified, which strike between 140° and 150°, dip between 50° and 80°W and vary in
thickness from between 0.5 and 10 m. Economic mineralization is located in both the
limbs and folds of the BIF (McBeath and Whitworth 2002).
Haddons is located on the western limb of the folded Eastern BIF; it strikes 160°, and
dips 65° to 70° to the west and is extensively folded. Fold axial planes strike between
320° and 340°, and dip west at 70° to 80° (Nugus et al. 2003). The BIF is bounded in
the hangingwall by ultramafics and in the footwall by mafics (Whitworth 2002).
Sampling studies were carried out (in 2002) as the mine was experiencing problems
reconciling grade control grades with resource model grades. All current methods were
reviewed as part of a resource and grade control optimisation study. The aims of this
case study are to optimise sampling methodologies critical to the individual deposit
(e.g. diamond drill sampling), to determine whether grab sampling is a representative
methodology for this mineralisation style, and if not, to design a sampling regime that
minimises the FSE to acceptable levels.
3.2. Diamond Drill Sampling
3.2.1. Introduction and drill sampling at Golden Pig
Diamond drill samples are currently used to define resources at Golden Pig. The
resource estimate is often used as the “truth” to which production is compared. Drilling
is carried out on 20 m sections, in fans, and occasionally there are drill holes across
section. On section, the drill hole spacing is variable, but maybe as little as 1 m. The
resultant drill core is 46 mm in diameter.
Samples of the diamond core are only taken from BIF sections, even if it appears to be
barren, and from other mineralised zones (e.g. mineralised shear zones). Core from
exploration 40 x 20m drilling is halved, with one half being assayed, and the other kept.
With all infill drilling at closer spacing, the whole core is assayed (McBeath and
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Whitworth 2002). The inconsistent core sampling leads to change in sample support,
which violates one of the basic assumptions of geostatistics.

Inconsistent sample

support can be tested to determine whether mixing of the two datasets would have an
effect on the resultant resource estimates.
The grade distribution at Golden Pig is known to be erratic, with an uncertain level of
grade continuity throughout the mineralised zones (Nugus et al. 2003). Due to this
level of uncertainty, the drill holes spaced 20 m apart may not reliably represent the
grade within the orebody. The amount of the orebody that is sampled in a sufficiently
close spacing for grade estimates can be determined through variography and
calculating the geostatistical zone of influence.
3.2.2. Comparison of sample types
The change of sample support can be illustrated by comparing the whole and half core
populations. The first stage was to extract all the two different sample sets from the
database. However, not all the holes in the Haddons database were identified as being
whole or half core, so only data that was clearly marked as such was used in this
study. This represented a small proportion of the total drill sample inventory.
Once the data had been extracted, and validated, the two populations could be
compared.

The descriptive statistics, cumulative frequency and PP plots were

constructed, and the two populations were directly compared using QQ plots. The
descriptive statistics for whole and half core are included as Table C:2.

The

histograms, cumulative frequency plots and PP plots are included in Appendix C.
The mean grade of the whole core is higher than the mean grade of the half core. The
variance of the whole core is also significantly higher than that of the half core.
However, the COV for the half core is higher than the COV for the whole core. The
volume variance relationship dictates that as a sample gets larger, its variance will
decrease therefore the variance for whole core should be lower than for half core, if the
data from each dataset are comparable in geographical area, number of samples etc.
When whole and half cores are compared for the Haddons dataset, the variance for
whole cores is higher than that of the half core. This shows that there maybe other
factors influencing the statistics of these two different populations, such as an
inconsistent sampling method, where when the core is cut, the visibly lower grade half
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is sent for assay, to preserve the high grade half. This would lead to a bias towards the
lower grades in the half core sampling. The whole core is often infill drilling, and so
may be picking up high grade pockets within the orebody that is missed by the widely
spaced half core drilling. This would give the much higher maximum grade in the
whole core, than in the half core.
Table C:2 - Descriptive statistics for whole and half core
Statistic

Whole Core

Half Core

Mean
Median

3.90
0.35

2.09
0.24

Mode

0.04

0.04

Standard Deviation

12.98

7.51

Sample Variance

168.50

56.44

Kurtosis

80.46

75.63

Skewness

7.75

7.74

Range

219.99

92.09

Count

2017

317

COV

3.33

3.59

Minimum

0.01

0.01

Maximum

220.00

92.10

The differences between the two sample populations are clearly defined when a PP
(percentile-percentile) plot is constructed. If the two populations were the same, they
would plot on a line at 45° through the origin. This is clearly not the case, as shown by
Figure C:2.
Combining the two different sample populations may be introducing errors into the drill
database. The two populations are clearly different, and the differences cannot be
explained through the volume variance relationship. As detailed before, the half core
has significantly different statistical properties compared to the whole core. Combining
the two datasets could create a bias within the grade dataset, which may then feed
through to the resource models. This could be causing unnecessary errors within the
resource estimates, so the practice of combining the two sample types needs to be
considered.
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Figure C:2 – Percentile-percentile plot of whole vs. half core samples for the Haddons
orebody
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3.2.3. Variography and sample spacing
The geostatistical zone of influence can be determined through variography.

The

practice and theory of variography are discussed in great detail in Part D, Section 2.5,
and therefore is not discussed here. Where drill hole spacing is greater than the
geostatistical range, there is zero covariance between samples.

That is, samples

beyond the geostatistical range are independent of each other.

If the spacing is

sufficiently large, there will also be areas that are effectively unsampled. Covariance
will only be detected when the drill spacing is equal to, or less than the geostatistical
range (Annels 1991), which is illustrated by Figure C:3.
In order to produce a conservative estimate, the ideal drill hole spacing maybe taken as
2/3 of the geostatistical range (Annels 1991). This allows covariance between samples
to be detected, and also provides data at less than the geostatistical range for the
variogram to be modelled at lower lags. Variograms were determined for the Haddons
orebody from data extracted from the grade model in 1 m composites.
Statistical analysis of the data incorporated determining the descriptive statistics, grade
histograms / cumulative frequency plots and probability plots of the LN data. Data and
variographic transformations are discussed in Part D, Section 2.5. Statistical analysis
demonstrated that the population is not normal or lognormal as the mean; median and
mode are not equal. The LN population also has a positive skew.

The descriptive

statistics, histograms and log probability plots are included as Appendix C.

More

detailed statistical analysis of the Haddons orebody in included in Part D, Section 3.3.1.
Variograms were attempted with a variety of basic data treatments, and the clearest
variogram structure was determined using an omnidirectional variogram for the natural
log of the data, with a lag distance of 7.5 m, and a maximum of 10 lags.

Only

omnidirectional variograms could be modelled accurately, and the attempted directional
variograms are included in Appendix C. The omnidirectional variogram is included as
Figure C:4. For more information on the issues with modelling directional variograms
for the Haddons orebody, the reader is directed to Part D, Section 3.
As shown in Figure C:4, the geostatistical range is 17 m, therefore two thirds of the
geostatistical range is calculated as 11.33 m. This is a conservative indication of how
well each individual drill hole is representing the grade of the orebody. The area that
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Figure C:3 – Grid spacing and the geostatistical range (assuming isotropy) (after
Annels 1991)

A. Grid spacing at twice the geostatistical range

B. Grid spacing equals the geostatistical range – complete coverage
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each drill hole is representing can be illustrated by expanding the drill hole trace until it
is equal to the geostatistical range. This shows how much of the orebody is being
represented for grade, and this concept is illustrated in Figures C:5 and C:6.
Figure C:5 illustrates the drill traces at the minimum width viewable, 0.5 m. when the
drill holes are expanded to 11.33 m across (Figure C:6) the drill holes do not
adequately represent the grade of the orebody along strike as there are areas between
the drill hole sections that are effectively unsampled. The drilling needs to be carried
out on closer sections than 20 m. However, on section, across the dip of the orebody,
the drill spacing is significantly closer than 11.33 m, with drill samples often less than 1
m apart. In geostatistical terms, the drilling is unnecessary close down dip for grade
estimation; however drilling is required at this level in order for the orebody to be
modelled accurately. The drilling does not represent the grade of the orebody but in
order to determine whether the drilling is representing the geology, similar studies can
be carried out for the thickness of geological intersections through the orebody.
3.3. Run of Mine (ROM) Sampling
3.3.1. Introduction
ROM pile sampling is carried out for grade control, in order to determine whether the
ore from the stopes is comparable with the resource / reserve estimate. The ROM pile
grades are used to determine whether the pile is sent to the mill as ore or low grade, or
removed as waste.
3.3.2. Repeat ROM sampling
The ROM pile samples are used to calculate a grade for the stope pile, and this value
is compared to the reserve estimate for the individual stope.
currently involves taking two samples per truckload of ore.

The grab sampling

For this study forty repeat

samples were taken from a ROM pile, using the same methodology as employed by
the mine. Each of the individual grab samples has a variable mass (generally half a
sample bag full), and the fragment size collected is biased with fragments no larger
than the operators hand collected.

The grab samples are prepared and assayed

locally, and an average of all of the samples is assigned to the pile. The individual
ROM pile sample grades can be cut if any individual sample is too high, and these cut
values are used to calculate the mean for the pile. A common cutting value is 50 g/t.
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Figure C:4 – Modelled omnidirectional variograms for the Haddons orebody
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Figure C:5 – Drill hole traces at 0.5m diameter

Figure C:6 – Drill hole traces at 9.0m diameter
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The forty repeat samples from the Haddons ROM pile were analysed at the same
laboratory as the mine samples, so that the results can be directly compared. The
samples are prepared and assayed through accelerated cyanide leach at the mine’s
grade control laboratory. The repeat grades are included in Appendix C. As the actual
and repeat samples were collected and analysed using the same methodology, the
samples are considered to contain similar biases, and so are directly comparable.
3.3.3. Grade comparison
Table C:3 - Calculated ROM grades, where the mine 10 individual ROM sample grades
(GP Grade) is compared to the 40 individual repeat sample grades (JCU)
GP Grade (g/t)

JCU Grade (g/t)

Difference (g/t)

% Difference

3.9

2.5

1.4

+56%

As can be seen in Table C:3, the grade from the JCU repeat samples is lower.
However, the two grades are similar and the lower grade from the JCU repeat samples
may be attributed to the higher number of samples taken. The GP grade is 56% higher
than the JCU grade. Therefore, if the JCU grade is taken as the ‘true’ grade, the GP
samples are overestimating the grade by 56%.

The basic descriptive statistics of the two datasets were calculated, and are
summarised in Table C:4. The descriptive statistics for the two datasets are similar,
with the JCU data having a lower mean, median, and mode, but higher variance,
standard deviation and coefficient of variation (COV). The kurtosis and skewness are
also higher for the JCU data. The JCU data has a higher variance than the GP data.
This is contrary to the volume variance relationship, which says that as the mass (or
number of individual samples) of sample increases, the variance should decrease
(Clark 1979; 2000). The increase in variance is most likely to be caused through the
increase in number of samples producing a higher range of grades than a restricted
data set.
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Table C:4 - Descriptive statistics for Haddons ROM pile samples
Statistic

GP Data JCU Data

Mean
Median

3.92
4.01

2.53
2.16

Mode

n/a

0.77

Standard Deviation

2.15

2.29

Variance

4.62

5.23

Kurtosis

-0.15

10.06

Skewness

0.31

2.60

COV

0.55

0.90

Minimum

0.68

0.00

Maximum

7.91

12.90

Count

10.00

40.00

The two histograms (Figure C:7) for the datasets are very different; the GP data
histogram contains fewer data, and less variable grades than the JCU histogram. The
JCU histogram has a pronounced positive skew with isolated high grades. If the JCU
grades are taken as the ‘true’ distribution of grades in the pile, it can be seen that
sample grades can vary from 0 g/t to 12.9 g/t.
If any 10 samples are taken from the ROM pile, the average grade for those 10
samples will be highly variable. If the ROM pile contains the 50 samples taken for this
study (JCU and GP), a range of grades is possible. The 10 lowest grade samples have
an average grade of 0.54 g/t, but the highest 10 samples have a grade of 6.23 g/t.
Therefore, if the lowest 10 samples had been picked, the pile would have been
discarded as waste, but if the highest 10 had been chosen, the pile would have been
sent to the mill as ore.
Out of the 50 individual samples, choosing 10 random samples will give an idea of the
likelihood of choosing the 10 highest grade samples. This section aims to illustrate the
effect of choosing 10 random samples from the 50 true ROM grades.

As there are a

finite number of samples (50), there are only a certain number of 10 sample sets that
can be chosen. This is given by the mathematical function, the binominal coefficient
(Davis 2002). This is the number of ways of picking r unordered outcomes from n
possibilities. The binominal coefficient is given as Equation [C:15], and is read as “n
choose r”:
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n
n!
  =
 r  r!(n − r )!

[C:15]

Where n! and r! are factorials. In the case of Haddons:

 50 
50!
  =
 10  10!(50 − 10)!

= 3.0x1064
3.6x106 * 8.2x1047
=1.0x1010
Therefore 1.0x1010 different sets of 10 samples can be drawn from 50 individual
numbers. For practical purposes, 200 10 sample sets were randomly selected from the
50 samples. For each of the sets, the mean grade was determined. When these mean
grades are placed in ascending order, they can be plotted to demonstrate the variability
in mean grade for the 10 samples, which is illustrated in Figure C:8.
The range of average grades is relatively high with a minimum grade of 1.45 g/t, and a
maximum of 6.51 g/t. In order to determine if the variability inherent in the sampling is
due to the number of samples, this same experiment was carried out for 10 sets of 20,
30 and 40 samples. Currently, 2 samples per truck load are taken, or 10 for this
individual ROM pile. 20 samples equates to 4 per truck, 30 samples, 6 per truck and
40, 8 per truck. Figure C:9 shows how the grade variability decreases as the number
of samples taken increases. When 40 samples are taken, the grade variability is less
than for 20 samples; therefore larger samples (or more frequent ROM sampling) would
reduce the inherent variation in sample taken from the ROM pile.
3.4. Heterogeneity Analysis and Gy Theory
3.4.1. Heterogeneity tests
A heterogeneity test was carried out on a Haddons ROM pile, using the methodology
suggested by (Francois-Bongarcon 1993), and detailed in Section 2.4. For the
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Figure C:7 – Histograms of GP and JCU produced ROM pile grades for Haddons
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Figure C:8 – 200 randomly selected 10 sample set mean grades, illustrating the range
of grades available from the Haddons theoretical ROM pile
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Haddons ROM pile, 40 individual samples were taken. Francois-Bongarcon (1993)
stipulates that between 30 and 50 samples should be collected for a heterogeneity test,
so 40 samples are consistent with this methodology.
Statistical analysis of the data comprised descriptive statistics (Table C:5), histograms,
cumulative frequency plots and log probability plots. These figures are included in
Appendix C.

Statistical analysis of the heterogeneity data shows a mean grade of

5.98 g/t, with a high variance and COV. The population has a positive skew, indicative
of an excess of low numbers and high grade extreme values. Heterogeneity curves
were constructed for the entire dataset and for the coarse gold fraction.

A

heterogeneity curve is a graph of each of the individual grades of the samples collected
for the heterogeneity study ranked and plotted against grade. This curve is a useful
illustration of the variation within the heterogeneity samples.

An orebody with low

heterogeneity would have a more consistent distribution of grades, whereas a highly
heterogeneous orebody would exhibit a high proportion of the samples having a similar
grade, with a few samples having much higher grades. The coarse gold curve uses
the percentage coarse gold caught on the screen during the screen fire assay process
and is given as a percentage of the total gold in the sample. The heterogeneity curve
for the entire dataset is included as Figure C:10, and coarse gold in Figure C:11.
Table C:5 - Descriptive Statistics for the gold grades for Haddons
Statistic
Mean
Median

5.98
1.51

Mode

0.02

Standard Deviation

10.73

Variance

115.05

Kurtosis

6.27

Skewness

2.54

COV

1.79

Count

40.00
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Figure C:9 – Illustration of the 20, 30, and 40 randomly selected samples from
Haddons plotted against mean grade, which demonstrates the reduction in variability of
total sample grade as the number of samples taken increases.
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Figure C:10 – Heterogeneity curve for Haddons, illustrating how the majority (80%) of
samples collected for the heterogeneity study contain less than 10 g/t gold.
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Figure C:10 demonstrates that out of the 40 samples collected, 21 of them contained
less than 2 g/t gold, and so would be classified as waste. 32 of the samples contained
less than 10 g/t gold. The highest-grade sample contained 45.7 g/t gold.

These

statistics and the shape of the curve demonstrate that the samples collected contain
variable amounts of gold. If the orebody were relatively homogenous, the samples
would have significant less variability.

This shows the Haddons orebody to be

heterogeneous. Figure C:11 shows the coarse gold fraction is less heterogeneous
than the total gold. This curve demonstrates that out of the 40 samples collected, 25 of
them contained less than 10% coarse gold and 35 of the samples contained less than
20% coarse gold. The highest percentage of coarse gold was 35.17%.
The repeat screen fire assays were analysed by plotting the individual grades for each
assay against each other, allowing the reproducibility in the fine fractions to be
determined. The two graphs produced are included in Figures C:12 and C:13. There
is good reproducibility between the two pulps. This indicates that once the coarse
fraction has been removed, the two assays contain similar amounts of gold particles.
Therefore, the sub-samples of the pulps that were assayed can be determined
representative of the pulp. This good reproducibility would be expected, as the coarse
fraction has been screened off.
The Coefficient of Correlation can also be calculated for the repeat assays. For all 40
samples, a correlation of 0.997 was produced, and for the low grades samples, a
correlation of 0.985 was calculated. These are both almost perfect correlations.
3.4.2. Application of Gy Theory
3.4.2.1.

Determination of K

K was determined using the method detailed in Section 2.4.3.

The methodology

detailed is then applied to data gathered from the heterogeneity tests, and is shown
below:
K = Sampling Constant
Relative variance of individual fragment grades = variance / mean2 = 115.05 / 5.982
Average mass of rock pieces = 1703.44g
Average volume = mass / SG = 1703.44/3.36 = 506.98 cm3
radius of sphere = 4.95 cm therefore, diameter = 9.9 cm
Equivalent nominal size = 9.9/g1/3 = 9.9/0.63 = 15.71
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Figure C:11 – Coarse gold heterogeneity curve for Haddons, illustrating the reduced
heterogeneity in the samples when compared to the total gold
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Figure C:12 – Repeat Assays for Haddons

Figure C:13 – Low Grade Repeat Assays
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K = (mass * variance) / equivalent d n 1.5
K = (1703.44 * 3.22) / (15.71)1.5
K = 5484.5 / 62.27
K = 88.08 g/cm1.5
3.4.2.2.

Calculation of FSE

Using Equation [C:1], the FSE can be calculated for the current sampling regime for
Haddons.
2
σ FSE
= (1 / M S − 1 / M L ).K .d α

[C:1]

M S , M L , and d vary with each sampling stage, and so are not constants. The error at
each stage and the FSE for the current sampling regime are included as Table C:6.
The majority of the error in this sampling regime occurs in the first stage. The crushing
and grinding of the sample produces very little error. Using equations [C:9] and [C:10],
the precision and grade limits (GL) at 95% CL can be calculated:

Precision = ([2*0.56]/5.98)*100
= 18.63%
CL

= (2*5.98*0.56)
= 6.66 g/t

The mean of the heterogeneity samples was 5.98 g/t. Therefore it can be said that the
precision of this grade is 5.98 g/t ± 18.63%. This corresponds to a grade limit of ± 6.66
g/t. Therefore the grade of the ROM pile could vary between 0 and 12.64 g/t at the
95% CL. However, this quantified error only includes the FSE, and other sources of
error such as analytical errors would increases the level of error, which is clearly
unacceptable.
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Table C:6 - Fundamental Sampling Error for current sampling protocol for Haddons
(slight differences between the error from individual sampling stages and the FSE can
be attributed to rounding)

Stage

Error σ2

From 90t take 5kg

0.55704

Crush 5kg to 25mm

0.00000

Crush 5kg to 10mm

0.00000

Grind 5kg to 75 microns

0.00000

Split to 1.2kg for assay

0.00004

Total FSE

0.55704

If the precision calculations are carried out for a series of grades, ranging from 1 g/t to
100 g/t, the results can be plotted on a graph (e.g. Figure C:16) of precision versus
grade. Therefore, for any grade, the precision can be predicted. The level of error in
the current sampling regime is unacceptably high. If the ROM pile grades at 1 g/t, it
would have a precision of, at best, ± 111.41%. This error is generated through taking a
single sample and using it to predict the stockpile grade, taking more samples would
decrease the error, and so improve precision, as indicated by the following section.
This has a major impact on whether the pile is correctly assigned as ore or waste.
A Gy sampling nomogram was constructed for the current sampling regime and is
included as Figure C:14. The current sampling regime is breaching ‘Gy’s Safety Line’
demonstrating the errors present within the system. This shows how the practice of
grab sampling is introducing unnecessary errors.
3.4.2.3.

Proposed sampling regime

A sampling regime can be designed to minimise these errors and the methodology
must be the same for Haddons and Taurus, as well as other lodes at Golden Pig,
irrespective of their individual K values, in order for it to be practical. The majority of
error occurs in the first stage, where a sample of given weight is taken from the ROM
pile, therefore, it is this stage that must be modified.
associated errors are illustrated in Table C:7.

The proposed regime and
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Using the new regime, Haddons, at a grade of 5.98 g/t has a precision of 0.20% and
GL of ±0.07 g/t. The precision for various grades between 1 and 100 g/t can be
calculated and compared to the current regime; the results are illustrated in Figure
C:15. This shows how the new system would radically reduce errors incurred during
sampling.

A Gy sampling nomogram was constructed for the proposed sampling

regime and is included as Figure C:14.
Table C:7 - Proposed regime and associated errors (slight differences between the
error from individual sampling stages and the FSE can be attributed to rounding)
Stage

Error σ2

From 100t, take 1t

0.00276

Crush 1t to 0.5cm

0.000000

From 1t take 10kg

0.003083

Crush 10kg to 75 microns

0.000000

Take 1kg for assay

0.000051

FSE

0.005892

The proposed regime uses a much larger sample size (1t), which would have to be
collected by mechanical means.

However, this method would still contain some

residual bias as a small loader would not be able to pick up oversized rock fragments.
However, this bias is significantly smaller than the bias introduced when grab samples
are taken by hand.
Once the sample has been crushed to <0.5cm, 10 kg must be spilt off, and the entire
10 kg ground to <75 µm. A continuous feed type of pulverizer such as a mixer mill
could achieve these results. Once the sample has been ground, 1 kg can be split for
assay using accelerated cyanide leach. Accelerated cyanide leach was utilised by the
mine, as the larger sample size was thought to be more realistic for the erratic nature of
the Golden Pig ore.
The proposed sampling nomogram for Haddons shows how the sample preparation
pathway falls below ‘Gy’s Safety Line’. The Fundamental Sampling Error has been
reduced to acceptable levels.
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Figure C:14 – Sampling nomogram of the current sampling regime for Haddons
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Figure C:15 – Sampling nomogram of the proposed sampling regime for Haddons
Haddons Sampling Nomogram - proposed regime
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Figure C:16 – Precision vs. grade plots for current and proposed sampling regimes
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3.5. Conclusions - Haddons
Resource estimates are useless if the data used in the process contains unnecessary
errors. Statistical analysis has shown that the half and whole core populations are
different and the differences between the two datasets cannot be described through the
volume variance relationship. This shows that there are other factors influencing the
two populations. The statistical proprieties of the two populations maybe different as
bias can be introduced through cutting core in half, and inconsistency in which half of
the core is sent for assay. Factors such as keeping the visibly higher grade core, in
order to preserve the geological information may also be leading to a bias in the half
core population.
In the case of Haddons, combining whole and half core samples into a single database
maybe introducing errors.

Comparing the basic statistical properties of the two

datasets has shown that the two populations are different, and so should not be
combined.
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Variography on the Haddons data has shown the geostatisitical zone of influence to be
11.33 m, showing that the diamond drilling represents the grade of the orebody on
section, but not between sections.

The on-section drilling not only represents the

grade, but is also suitable for determining the geological continuity of the orebody.
However, drilling on 20 m sections means that the grade is not represented between
sections, and there is uncertainty as to whether the grade is continuous between
sections. There are areas between sections which are effectively unsampled for grade.
ROM pile sampling is used as a grade control method, but taking large numbers of
repeat samples has shown how variable the method can be. The Golden Pig ROM
grade was 56% higher than the repeat samples. The larger volume of repeat sample
had a higher variance than the GP sample, contrary to the volume variance
relationship, which can be attributed to the repeat samples having a higher range of
grades than the restricted GP dataset.

This demonstrates that the current ROM

sampling protocol is not representative of the ROM piles.
Taking more samples reduces the variability, as shown in Figure C:8, whereas only
taking 10 samples produces a highly variable mean grade. Taking larger numbers of
samples reduces the grade variability, but determining how large a sample must be to
adequately represent the ROM pile is done through calibrating the Gy Equation to the
individual deposit in question.
A heterogeneity test was carried out for the Haddons orebody and a K value of 88.08
g/cm1.5 was derived. Using this K value, it was shown that the current sampling regime
breaches “Gy’s Safety Line” and so is unsuitable. A new sampling regime based on
much larger samples was designed and tested using nomograms. From a 100 t ROM
pile, the minimum sampling size required as 1 tonne, which would then be crushed to
0.5 cm, and 10 kg taken for grinding. Once ground, 1 kg could be screened off and
sent for assay.

This new regime would not breach the Safety line, and the

Fundamental Sampling Error has been reduced to acceptable levels.
4. Case study – Taurus Lode, Golden Pig
4.1. Introduction
As discussed in Part A, Section 5.2.2, Golden Pig is hosted by intensely deformed
mafic and ultramafics, with intercalated banded iron formations (BIF) and sediments.
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The majority of the gold (98%) is located within BIF hosted lodes, such as Haddons.
However, gold is also located in shear-hosted lodes such as Taurus, which forms the
focus of this case study.
The Taurus (Lode) shear zone contains localised pods of high grades, and is the most
challenging to model and mine. Taurus is an anatomising north to northwest-trending
shear zone, proximal to the Eastern BIF. It forms part of the regional Fraser-Corinthia
Shear Zone, dipping 40 to 65° W, and is discordant to the stratigraphy (Nugus et al.
2003).
As detailed above, Golden Pig is currently experiencing problems reconciling grade
control grades with resource model grades. A thorough review of the current sampling
and grade control processes was undertaken at the mine, and several problem areas
highlighted. The aims of this case study are to optimise individual sampling protocols
that impinge on the Taurus lode, to determine whether grab sampling gives
representative samples and if not, to design a sampling regime that minimises the FSE
to acceptable levels.
4.2. ROM Sampling
4.2.1. Repeat ROM sampling
The same methodology as described for the Haddons ROM sampling (Section 2.4.2)
was applied to a Taurus ROM pile. 14 samples were taken from the Taurus ROM pile
as the mine grade, and 40 repeat samples were taken as the JCU grade. A top cut of
50 g/t was applied to both sets of data, so the effects of this are also investigated.
Table C:9 - Calculated ROM grades

uncut data

GP Grade
(g/t)
15.12

JCU Grade
(g/t)
5.35

Difference
(g/t)
9.77

%
Difference
+183%

cut data

10.76

4.55

6.21

+136%

As it can be seen in Table C:9, the grades from the repeat (JCU) samples are
significantly lower than the GP grades. This shows that the GP grades are being
heavily influenced by the erratic nature of the ore, with a single high-grade sample
having a major effect on the overall grade assigned to the pile. Taking more samples
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reduces this effect, and so reduces the overall grade. The GP grade is 183% larger
than the JCU grade. If the JCU grade is taken as the ‘true’ grade, the GP samples are
overestimating the grade by 183%. The bias towards low grade sampling in the repeat
(JCU) data may also be attributed to external factors. During ROM sampling, the GP
data was collected by Golden Pig personnel, who would obviously make more informed
choices over which samples would be taken. However, the JCU data was collected by
the author, who has significantly less experience within the operational framework of
the Golden Pig deposit.

This bias, where samples of high grade ore are taken

preferentially is termed operator bias and has been recorded in numerous industries
(e.g. mine sampling, Annels, 1991; soil sampling, Seaman, 2000)
The Taurus data is also subjected to cutting of individual high-grade samples, which
can lead to the under estimation of grades (Dominy and Annels 2001).

This is

especially true when an individual high grade sample is part of a dataset with very few
other grades. At Golden Pig, the problem of high-grade samples during ROM pile
sampling is treated by cutting the grades to a pre-determined level of 50 g/t.
The descriptive statistics (Table C:10) for the Taurus data are different for the GP data,
and the JCU data. The uncut and cut statistics are different, showing the impact that
cutting data has on the overall mean. The descriptive statistics for the JCU data has a
lower mean, median, standard deviation, and variance than the GP data. This is due to
the variability of grades within the Taurus orebody, where taking more samples will
lessen the impact of isolated high grades.
Table C:10 - Descriptive statistics for Taurus ROM pile samples

Statistic
Mean
Median
Mode
Standard Deviation
Variance
Kurtosis
Skewness
COV
Minimum
Maximum
Count

Uncut Data
GP data
JCU data
15.12
5.35
6.14
1.94
n/a
0.65
28.46
13.66
809.80
186.58
11.97
26.84
3.38
4.98
1.88
2.56
0.73
0.03
111.00
81.90
14.00
40.00

Cut Data
GP data
JCU data
10.76
4.55
6.14
1.94
n/a
0.65
13.26
9.32
175.79
86.79
5.85
16.67
2.29
3.97
1.23
2.05
0.73
0.03
50.00
50.00
14.00
40.00
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Histograms of the datasets were also constructed; these are included in Figures C:17
and C:18. As it can be seen, all of the histograms are similar, with a high positive
skew, and isolated high grades. Cutting the grades to a predetermined level merely
reduces the value of the high grades in the tail, and has no effect on the body of the
population. If the JCU grades are taken as the ‘true’ distribution of grades in the pile, it
can be seen that potential sample grades can vary from 0 g/t to 111 g/t.
If any 14 samples are taken from the ROM pile, the average grade for those 14
samples will be highly variable. If the ROM pile contains the 54 samples taken for this
study (JCU + GP), a range of grades is possible. The 14 lowest grade samples have
an average grade of 0.66 g/t, but the highest 14 samples have an average grade of
25.16 g/t. With the cut factor applied to the highest grades, the average for the 14
highest samples is 18.52 g/t. This is significant as if the lowest 14 samples had been
picked, the pile would have been discarded as waste, but if the highest 14 had been
chosen, the pile would have been sent to the mill as ore.
54 individual samples were collected from the Taurus ROM pile. A hypothetical ROM
pile containing just these 54 samples was randomly sampled by taking 14 samples at a
time using the binominal coefficient, 3.2x1012 different sets of 14 samples can be drawn
from 54 individual numbers.

For practical purposes, 200 10 sample sets were

randomly selected from the 54 samples, and the mean grade calculated. When these
mean grades are sorted, they can be plotted to demonstrate the variability in grade,
which is illustrated in Figures C:19 and C:20. The range of grades is relatively high
with a minimum grade of 1.41 g/t, and the maximum, 25.44 g/t. As two of the grades in
the 54 samples would have been cut to 50 g/t, the same experiment was conducted for
cut data (Figure C:20). The minimum grade obtained from the cut data remains the
same, 1.41 g/t, but the highest grade is reduced to 16.52 g/t.
As with Haddons (Section 3.3.3) the same experiment was carried out for 10 sets of
20, 30 and 40 samples, and the variability of these samples is displayed as Figure
C:21. The grade variability decreases as the number of samples taken increases, but
the decrease in grade variability is not as marked as is the case with Haddons which
can be attributed to the more variable nature of the Taurus ore. These curves show
that even more samples or larger samples would need to be taken to see a difference.
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Figure C:17 – Histograms of GP and JCU produced ROM pile grades (uncut) for
Taurus
Comparison of JCU (n=40) and GP (n=14) repeat ROM sampling (uncut data)
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Figure C:18 – Histogram of GP and JCU produced ROM pile grades (cut) for Taurus
Comparison of JCU (n=40) and GP (n=14) repeat ROM sampling (cut data)
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Figure C:19 – 200 10 sample set means (uncut data)
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Figure C:20 – 200 10 sample set mean grades (cut data)
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4.3. Heterogeneity Analysis and Gy Theory
4.3.1. Heterogeneity tests
A heterogeneity test was carried out on a Taurus ROM pile, using the methodology
detailed in Section 2.4.2. The Taurus heterogeneity test was identical to the Haddons
heterogeneity test, except 60 individual samples were taken, not 40.

The larger

number of heterogeneity samples taken for the Taurus orebody was due to the more
complex geology of the orebody, which required a more information about the
heterogeneity of the ROM pile from which to draw conclusions. All samples were taken
from a single stock pile.
Figure C:21 – Illustration of the 20, 30, and 40 randomly selected samples for Haddons
plotted against mean grade, which demonstrates the reduction in variability of total
sample grade as the number of samples taken increases.
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Statistical analysis of the data comprised descriptive statistics (Table C:11),
histograms, cumulative frequency plots and log probability plots, which are included in
Appendix C.

The data has a mean grade of 1.75 g/t, with a high variance and very

high coefficient of variation. The grade histogram exhibits some high grade extreme
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values and possible multiple populations. Heterogeneity curves for the entire dataset
and the coarse gold fraction are included as Figures C:22 and C:23.
Figure C:22 demonstrates that out of the 60 samples collected, 48 of them contained
less than 2 g/t gold, and so would be classified as waste. 57 of the samples contained
less than 10 g/t gold.

The highest grade sample contained 21.59 g/t gold.

The

samples collected are significant lower grade than the samples collected for Haddons.
The Taurus sample grades have a lower range than the Haddons data, and there is a
significantly higher concentration of low grades. The coarse gold fraction (Figure C:23)
is less heterogeneous than the total gold. This curve demonstrates that out of the 60
samples collected, 33 of them contained less than 10% coarse gold and 47 of the
samples contained less than 20% coarse gold. The highest percentage of coarse gold
was 63.46%. This shows that there is a higher level of coarse gold within Taurus than
in Haddons.
Table C:11 - Descriptive Statistics for the gold grades for Taurus
Statistic

Value

Mean

1.75

Median

0.17

Mode

0.08

Standard Deviation

4.14

Variance

17.16

Kurtosis

14.59

Skewness

3.75

COV

2.36

Count

60.00

Repeat assays were analysed for the Taurus data. The comparison plots are included
in Figures C:24 and C:25.

This demonstrates that there is good reproducibility

between the two pulps. This indicates that once the coarse fraction has been removed,
the two assays contain similar amounts of gold. Therefore, the scoops removed for
assaying can be deemed representative of the pulp. In Figure C:25, it can be seen that
there is some spread away from the best-fit line; this could be due to the presence of
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Figure C:22 – Heterogeneity curve for Taurus
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Figure C:23 – Coarse gold heterogeneity curve for Taurus
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Figure C:24 – Repeat assays for Taurus
Comparison of Repeat Assays - Taurus
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Figure C:25 – Low grade repeat assays for Taurus
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gold fragments just below the screen size (150 µm). This would produce a slightly
more erratic spread away from the best-fit line.
The correlation coefficient for all 60 samples was 0.997, which is extremely good. For
the low grades samples, a correlation of 0.989 was calculated. These are both almost
perfect correlations.
4.3.2. Gy Theory
4.3.2.1.

Determination of K

K was determined using the same method as the Haddons case study (Section
3.4.2.1). The results for Taurus are shown below:
K = Sampling Constant
Relative variance of individual fragment grades = 17.16 / 1.752
Average mass of rock pieces = 1741.33 g
Average volume = mass / SG = 1741.33/2.98 = 584.23 cm3
radius of sphere = 5.18 cm therefore, diameter = 10.36 cm
Equivalent nominal size = 10.36/g1/3 = 10.36/0.63 = 16.44
K = (mass * variance) / equivalent d n 1.5
K = (1741.33 * 5.60) / (16.44)1.5
K = 9757.13 / 66.66
K = 146.38 g/cm1.5
4.3.2.2.

Calculation of FSE

Using Equation [C:8], Section 2.4.2, the FSE can be calculated for the current sampling
regime for Taurus. The error for each stage and total FSE is shown in Table C:12.
The current sampling regime for Taurus has the highest error in the first stage. The
crushing stages contain very little error, but when the sample is split for grinding and
assay, further errors are introduced, but these errors are significantly smaller than the
first sampling stage. Therefore it is the first stage of the sampling regime that needs to
be carefully considered.

The mean of the heterogeneity samples was 1.75 g/t.
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Therefore it can be said that the precision of this grade is 1.75 g/t ± 58.78%. This
corresponds to a grade limit of ± 1.8 g/t. Therefore the grade of the ROM pile could
vary between 0 and 3.55 g/t. This is an unacceptable level of error.
When the precision for a range of grades between 1 and 100 g/t is calculated and
plotted against grade, the precision for any specified grade can be predicted. This is
illustrated in Figure C:28.
unacceptably high.

The level of error in the current sampling regime is

If the ROM pile grades at 1 g/t, it would have a precision of

±314.87%. This would have a major impact on whether the pile was correctly assigned
as ore or waste. A Gy sampling nomogram was constructed for the current sampling
regime and is included as Figure C:26. The current sampling regime is breaching ‘Gy’s
Safety Line’ demonstrating the errors present within the system.
Table C:12 – Fundamental Sampling Error for current sampling protocol for Taurus
(slight differences between the error from individual sampling stages and the FSE can
be attributed to rounding)

4.3.2.3.

Stage

Error σ2

From 150t take 9kg

0.51429

Crush 9kg to 25mm

0.00000

Crush 9kg to 10mm

0.00000

Split to 4.5kg and grind to 0.075

0.00001

Split to 1.2kg for assay

0.00006

FSE

0.51436

Proposed sampling regime

Using the new regime, as proposed in Section 3.4.2.3, the Gy sampling nomogram for
Taurus was constructed and is included as Figure C:27.

As with Haddons, the

proposed method sampling nomogram shows how the sample preparation pathway
falls bellows ‘Gy’s Safety Line’. The proposed sampling regime is suitable for both
types of mineralisation present within the mine.
Using Equations [C:9] and [C:10], Taurus, at a mean grade of 1.75 g/t has a precision
of 1.12% and GL of ±0.03 g/t. The precision for various grades between 1 and 100 g/t
can be calculated and compared to the current regime; the results are illustrated in
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Figure C:26 – Sampling nomogram of the current sampling regime for Taurus
Taurus Sampling Nomogram - current regime
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Figure C:27 – Sampling nomogram of the proposed sampling regime for Taurus
Taurus Sampling Nomogram - proposed regime
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Figure C:28 – Precision vs. grade plots for current and proposed sampling regimes
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Figure C:27.

This shows how the new system would significantly reduce errors

incurred during sampling.
4.4. Conclusions – Taurus
The ROM pile grab sampling has been shown to produce a high level of variability
(Table C:10), and a new sampling protocol has been designed that reduces this to an
acceptable level. The new sampling method involves taking much larger samples, and
splitting the samples when the fragments in the sample have been reduced to a smaller
size. Splitting the sample in this way removes several of the biases that are present in
the current technique.
Taking much larger samples is costly and time consuming, and potentially impractical.
In order to reduce the sampling error to acceptable levels, 1 t of sample needs to be
taken for every 150 t of ROM pile. If the entire ROM pile was crushed to a much
smaller size, e.g. 1 or 2 cm, a smaller sample could be taken. Crushing large volumes
of rock requires expenditure on new items of crushing and sizing plant, so is
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impractical. This study has provided a sampling regime which is suitable for both
styles of mineralization at the Golden Pig mine. The new sampling regime is also
practical, and could be applied at the mine site with the minimum of expenditure on
new plant and machinery.
Grab sampling the ROM piles is used to determine whether the pile is sent to the mill
as ore, or stockpiled as waste, i.e. it used as a rudimentary reconciliation technique.
All reconciliation techniques rely on the resource evaluation technique being carefully
optimised and reconciliation is used as a test for the model. In the case of Taurus,
grab samples were taken to see whether the ROM pile is assigned as ore or waste,
due to the lack of confidence in the geological and resource models.

Improving

confidence in the geological interpretation (e.g. Nugus et al. 2003) and the resource
evaluation technique (Part D, this volume) means that less emphasis is placed on the
ROM sampling, due to a general improvement in the understanding of the deposit.
5. Case Study – Boulder Lode, Marvel Loch
5.1. Introduction
As discussed in Part A, Section 5.2.3, the Marvel Loch deposit is hosted by a northnorthwest trending lithology parallel shear zone (Ridley and Hagemann 1999), the
Marvel Loch shear zone.

The shear zone separates two sequences, the steeply

eastern dipping Western Sequence, and the westward steeply dipping Eastern
Sequence (Nugus and Dominy 2003).
predominantly

mafic

metavolcanics

and

The host rocks at Marvel Loch are
ultramafics

sills,

metamorphosed

to

amphibolite facies (Mueller 1991).
The Boulder Lode is located in the South Pit of the Marvel Loch mine, and is hosted by
one of a number of well developed shear zones to the west of the Marvel Loch Shear
Zone. These smaller shear zones have a consistent orientation of 70/75°E, and strike
140-150°, and are considered to be of a similar age to the Marvel Loch shear zone
(Nugus 2001). Lodes such as Boulder are considered to have formed at the junction of
the S-C fabrics that are pervasive throughout the deposit (Nugus and Dominy 2003).
The current sampling technique at the mine is to take grab samples either from the
ROM pad, or from the blasted, but in-situ ore. Grab samples are taken for grade
control, and have variable mass and fragment sizes. The previous case studies have

C-52

Part C – Sampling Optimisation

shown that grab sampling is a flawed methodology, and the aim of this case study is to
determine whether the sampling regime designed for the Golden Pig lodes is as
applicable in a different style of mineralisation
5.2. Heterogeneity Tests
A fifty piece heterogeneity test was carried out on a Boulder Lode ROM pile, using a
methodology consistent with the other case studies presented. Statistical analysis of
the heterogeneity test data comprised descriptive statistics (Table C:13), histograms,
and cumulative frequency plots. These figures are included as Appendix C.
Statistical analysis of the heterogeneity data shows a mean grade of 6.50 g/t, with a
high variance and COV. The grade distribution also contains several high-grade
extreme values. Heterogeneity curves were constructed for the entire dataset (Figure
C:29) and for the coarse gold fraction (Figure C:30).
Table C:13 - Descriptive Statistics for the gold grades for Boulder Lode
Statistic

Value

Mean
Median

6.50
0.66

Mode

0.42

Standard Deviation

22.08

Variance

487.72

Kurtosis

27.70

Skewness

5.10

COV

3.40

Minimum

0.03

Maximum

137.66

Count

50

Figure C:29 demonstrates that out of the 50 samples collected, 35 of them contained
less than 2 g/t gold and 46 of the samples contained less than 10 g/t gold. The
highest-grade sample contained 137.66 g/t gold. The shape of the curve demonstrates
how the samples collected contained variable amounts of gold. If the orebody were
relatively homogenous, the samples would have significant less variability, indicating
that Boulder Lode is heterogeneous.
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As Figure C:30 shows, the coarse gold fraction is less heterogeneous than the total
gold, with there being a more even spread of coarse gold percentages than gold
grades. This curve demonstrates that out of the 50 samples collected, 18 of them
contained less than 10% coarse gold and 32 of the samples contained less than 20%
coarse gold. The highest percentage of coarse gold was 88.33%.

Plotting repeat assays allows the reproducibility in the fine fractions to be determined
(Figures C:31 and C:32). There is good reproducibility between the two pulps as once
the coarse fraction has been removed, the two assays contain similar amounts of gold
particles. Therefore, the fractions that are assayed can be determined representative
of the pulp. This good reproducibility would be expected, as the coarse fraction has
been screened off.
The Coefficient of Correlation can also be calculated for the repeat assays. For all 50
samples, a correlation of 0.999 was produced, which is extremely good and for the low
grades samples, a correlation of 0.992 was calculated. These are both almost perfect
correlations.
5.3. Application of Gy Theory
5.3.1. Determination of K
K was determined using the method detailed in Section 3.4.2.1, applied to data
gathered from the heterogeneity tests, and is shown below:
K = Sampling Constant
Relative variance of individual fragment grades = variance / mean2 = 487.72 / 6.502
Average mass of rock pieces = 2016.57 g
Average volume = mass / SG = 2016.57/2.97 = 677.97 cm3
radius of sphere = 5.45 cm therefore, diameter = 10.90 cm
Equivalent nominal size = 10.90/g1/3 = 10.90/0.63 = 17.30
K = (mass * variance) / equivalent d n 1.5
K = (2016.57 * 11.53) / (17.30)1.5
K = 323.23 g/cm1.5
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Figure C:29 – Heterogeneity curve for Boulder
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Figure C:30 – Coarse gold heterogeneity curve for Boulder
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Figure C:31 – Repeat assays for Boulder
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Figure C:32 – Low grade repeat assays for Boulder
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5.3.2. Proposed Sampling Regime
A sampling regime can be designed to optimise the sampling process to fall within
acceptable limits. The methodology must be the same for Boulder and East Lodes, in
order for it to be practical. As with Haddons and Taurus, a 100 t ROM pile is assumed,
with an average fragment size of 10 cm. The proposed regime and associated errors
are illustrated in Table C:14.
Using the new regime, Boulder, at a mean grade of 6.50 g/t has a precision of 0.67%
and GL of ±0.28 g/t. The precision for various grades between 1 and 100 g/t can be
calculated; the results are illustrated in Figure C:33. The Gy sampling nomogram for
the proposed sampling regime is included as Figure C:34.
Table C:14 - Proposed regime and associated errors (slight differences between the
error from individual sampling stages and the FSE can be attributed to rounding)
Stage

Error σ2

From 100t, take 1t

0.010119

Crush 1t to 0.5cm

0.000000

From 1t take 10kg

0.011314

Crush 10kg to 75 microns

0.000000

Take 1kg for assay

0.000189

FSE

0.021622

As with the results for the Haddons and Taurus Lodes, the proposed sampling regime
for the Boulder Lode uses a much larger sample size (1 t), which would have to be
collected by a front end loader. This method would still contain a residual bias, but is a
significant improvement on collecting small, unrepresentative grab samples.
The proposed method for the Boulder Lode is the same as that proposed for the
Haddons and Taurus lodes. Figure C:34 shows how the sample preparation pathway
falls bellows ‘Gy’s Safety Line’ and that the Fundamental Sampling Error has been
reduced to acceptable levels.
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Figure C:33 – Precision vs. grade plots for proposed sampling regime
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Figure C:34 – Sampling nomogram of the proposed sampling regime for Boulder
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5.4. Conclusions – Boulder Lode
An optimised sampling process can be designed and modelled by using a
heterogeneity test to calibrate the Gy Equation. A K value of 323.23 g/cm1.5 was
derived for the Boulder Lode and a new sampling regime was plotted on a nomogram.
From a 100 t ROM pile, the minimum sampling size required as 1 t, which would then
be crushed to 0.5 cm, and 10 kg taken for grinding. Once ground, 1 kg could be
screened off and sent for assay. This new regime does not breach the Safety line, and
the Fundamental Sampling Error has been reduced to acceptable levels.
6. Case study – East Lode, Marvel Loch
6.1. Introduction
As noted previously (Part A, Section 5.2.3, and Part C, Section 5.1), the Marvel Loch
deposit is comprised of several individual lodes, hosted by the north-northwest trending
Marvel Loch shear zone (Ridley and Hagemann 1999). East Lode also occurs in the
south of the deposit, and is hosted in a similar structural setting to Boulder, being
hosted by 70 to 75°E dipping shears. East Lode is hosted by ultramafics, and is
structurally constrained (Nugus 2001).
Consistent with Boulder, the current sampling technique grab sampling from the ROM
pad, or from the blasted, but in-situ ore. The aim of this case study is to determine
whether the sampling regime designed for the Golden Pig lodes, and proved suitable
for Boulder is applicable for a different lode within the Marvel Loch deposit.
6.2. Heterogeneity Tests
A fifty piece heterogeneity test was carried out on an East Lode ROM pile, using the
same methodology as applied in all other case studies.

Statistical analysis of the

heterogeneity test data comprised descriptive statistics (Table C:15), histograms, and
cumulative frequency plots which are included in Appendix C.
Statistical analysis of the heterogeneity data shows a mean grade of 2.81 g/t, with a
relatively high variance and COV, the variance is significantly lower than Boulder. The
population has a positive skew and high kurtosis.

Heterogeneity curves were
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constructed for the entire dataset (Figure C:35) and for the coarse gold fraction (Figure
C:36).
Table C:15 - Descriptive Statistics for the gold grades for East Lode
Statistic

Value

Mean
Median

2.81
1.43

Mode

n/a

Standard Deviation

6.13

Variance

37.60

Kurtosis

37.35

Skewness

5.80

COV

2.18

Minimum

0.02

Maximum

42.50

Count

50

Figure C:35 demonstrates that out of the 50 samples collected, 30 of them contained
less than 2 g/t gold and 49 of the samples contained less than 10 g/t gold. The
highest-grade sample contained 42.495 g/t gold. This shows how the presence of a
single high-grade sample can influence the mean grade, and heterogeneity of the
dataset. The samples collected were relatively homogenous, except for a single highgrade sample, and this is reflected in Figure C:34.

As Figure C:36 shows, the coarse gold fraction is less heterogeneous than the total
gold, with there being a more even spread of coarse gold percentages than gold
grades. This curve demonstrates that out of the 50 samples collected, 29 of them
contained less than 10% coarse gold and 38 of the samples contained less than 20%
coarse gold. The highest percentage of coarse gold was 63.11%.

Repeat assays were analysed using screen fire assays. The two graphs produced are
included in Figures C:37 and C:38. There is good reproducibility between the two
pulps as once the coarse fraction has been removed, the two assays contain similar
amounts of gold particles. Therefore, the fractions that are assayed can be determined
representative of the pulp. This good reproducibility would be expected, as the coarse
fraction has been screened off. The Coefficient of Correlation can also be calculated

C-60

Part C – Sampling Optimisation

Figure C:35 – Heterogeneity curve for East Lode
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Figure C:36 – Coarse gold heterogeneity curve for East Lode
East Lode - Coarse Gold Heterogeneity Curve
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Figure C:37 – Repeat assays for East Lode
East Lode - Comparison of Assay Data
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Figure C:38 – Low grade repeat assays for East Lode
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for the repeat assays. For all 50 samples, a correlation of 0.997 was produced, which
is extremely good. For the low grades samples, a correlation of 0.989 was calculated,
which is very high.
.
6.3. Application of Gy Theory
6.3.1. Determination of K
K was determined using gathered from the heterogeneity tests, and is shown below:
K = Sampling Constant
Relative variance of individual fragment grades = variance / mean2 = 37.60 / 2.812
Average mass of rock pieces = 1993.05 g
Average volume = mass / SG = 1993.05/2.93 = 679.66 cm3
radius of sphere = 5.45 cm therefore, diameter = 10.91 cm
Equivalent nominal size = 10.91/g1/3 = 10.90/0.63 = 17.32
K = (mass * variance) / equivalent d n 1.5
K = (1993.05 * 4.75) / (17.32)1.5
K = 131.31 g/cm1.5
6.3.2. Proposed Sampling Regime
An optimised sampling regime can be designed, but the methodology must be the
same as for Boulder Lode, in order for it to be practical. As previously stated, a 100 t
ROM pile is assumed, with an average fragment size of 10 cm. The proposed regime
and associated errors are illustrated in Table C:16.
Table C:16 - Proposed regime and associated errors (slight differences between the
error from individual sampling stages and the FSE can be attributed to rounding)
Stage

Error σ2

From 100t, take 1t

0.004111

Crush 1t to 0.5cm

0.000000

From 1t take 10kg

0.004596

Crush 10kg to 75 microns

0.000000

Take 1kg for assay

0.000077

FSE

0.008784
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Using the new regime, East Lode, at a mean grade of 2.81 g/t has a precision of 0.62%
and GL of ±0.05 g/t. The precision plot for various grades between 1 and 100 g/t is
illustrated in Figure C:39. The Gy sampling nomogram for the proposed sampling
regime is included as Figure C:40.
The proposed method for the East Lode is the same as that proposed for the Haddons,
Taurus and Boulder lodes. The proposed method sampling nomogram for East Lode
shows how the sample preparation pathway falls bellows ‘Gy’s Safety Line’.

The

Fundamental Sampling Error has been reduced to acceptable levels.
6.4. Conclusions – East Lode
As with the other case studies in this chapter, an optimised sampling process was
designed for the East Lode. A heterogeneity test was carried out for the Boulder Lode,
and a K value of 131.13 g/cm1.5 was derived. A new sampling regime was designed
and tested. Consistent with the methodology proposed for Boulder, from a 100t ROM
pile, the minimum sampling size required as 1 t. The new regime does not breach the
Safety line, and the Fundamental Sampling Error has been reduced to acceptable
levels.

This methodology has been seen to be a suitable sampling system for

Archaean orogenic gold deposits.
7. Discussion
The case studies in this Thesis Part show how the methods discussed in Section 2 can
be applied to a wide variety of mineralisation styles, and are not restricted to a single
type of ore deposit. The case studies also demonstrate several specific findings that
are of interest.

As Part C focuses on the optimisation of sampling processes for

different mine sites, comment is made on the relative merits of the current sampling
regime.

However, this discussion will focus on the outcomes of the research, as

opposed to the auditing of the sampling practices of each mine, for a discussion on the
auditing process; the reader is directed to Bettenay and Shaw (1990) for a brief review.
The whole and half core datasets from within the Haddons Lode show a bias, which
cannot be explained through the volume variance relationship.

Comparing the

statistical properties of the two datasets shows that mean of the whole core database is
3.90 g/t, but for the half core, 2.09 g/t. The variance for whole core (168.50) is higher
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Figure C:39 – Precision vs. grade plots for proposed sampling regime
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Figure C:40 – Sampling nomogram of the proposed sampling regime for East Lode
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than for half core (56.44), which is contrary to the volume-variance relationship.
Variography of the Haddons data has shown a geostatistical zone of influence of 11.33
m, therefore the drilling on 20 m sections does not represent the grade of the orebody
along strike.

However, the drill spacing on section does accurately represent the

grade.
Repeat sampling of the Haddons and Taurus ROM piles has shown that the technique
produces highly variable results. The variable nature of grab sampling means that the
samples taken are not representative. Larger sample sizes are required, which can be
achieved by taking more samples per truckload. In order to determine the optimum
sample size, the Gy Equation can be calibrated through Gy “50 piece” tests. These
tests were carried out for all four lodes, and a K value determined for each.

A

summary of all K values determined for each case study is included in Table C:17.
Using the individual K values, a new sampling regime was designed and then tested
using Gy nomograms. All K values calculated in this study were through applying an
assumed α value and liberation size, and so are directly comparable.

The new

sampling regime is based on a much larger sample size from a 100 t ROM pile, the
minimum sampling size required as 1 t, which would then be crushed to 0.5 cm, and 10
kg taken for grinding. Once ground, 1 kg could be screened off and sent for assay.
The same sample size is suitable for all mineralisation styles encountered in this study.
Table C:17 – Summary of K values for case studies, compared to maximum
percentage of coarse gold
Maximum %

K Value

Optimised

Coarse Gold

(g/cm )

FSE

Haddons

35.17

88.08

0.006

Taurus

63.46

146.38

0.010

Boulder

88.33

323.23

0.022

East

63.11

131.31

0.008

Lode

1.5
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Figure C:41 – Correlation of sampling constant and percentage coarse gold in the four
deposits studied in this volume, compared to the data presented by Dominy and
Petersen (2005). A positive correlation is observed.
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Figure C:43 –Comparison of heterogeneity curves of all deposits studied
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As Table C:17 shows, high K values are associated with higher quantities of coarse
gold in the orebody. When the data presented in this volume is compared to that
presented by Dominy and Petersen (2005) (Figure C:41) the relationship between the
K value and the percentage coarse gold is inconsistent.

However, the data from

Dominy and Petersen (2005) is sourced entirely from Bendigo-style deposits, which are
characterised by extremely (visible) coarse gold. The gold within the two deposits
studied for this volume was rarely visible, especially in the Haddons and East lodes.
Of the four deposits studied, Boulder Lode contained the highest percentage of coarse
gold (88.33%), and also the highest K value. This is also echoed by the heterogeneity
curves, as Figure C:43 shows.
However, the relationship between the two variables may not be as simple as a purely
linear or non-linear curve (as illustrated by the curve in Figure C:41). If this is the case,
significantly more research into this relationship is required to derive a predictive model
for Archaean orogenic gold deposits. There maybe differing relationships between the
two variables for differing mineralisation styles. Unfortunately, the majority of published
work in this area does not include data on the levels of coarse gold observed within the
heterogeneity samples, with the K value presented for comparison. The correlation
between the K value and the proportion of coarse gold within a deposit has been
recognised previously (e.g. Dominy, 2004) where a link between an erratic distribution
and high levels of coarse gold and extremely high K values is discussed.

The

relationship between the K value and the geological characteristics of the deposit could
provide a more amenable methodology for determining the K value for gold deposits.
Francois-Bongarcon (1991) recommends a value of 470 g/cm1.5 when no calibration of
the Gy Equation has been undertaken, which would prove to be a conservative
estimate of the K value for all four deposits investigated in this study. If the correlation
between the percentage coarse gold and the K value were to prove to be sufficiently
constant, a methodology based on previous studies for “safe” K values for different
styles of mineralisation within the Archaean orogenic gold classification scheme could
be presented.
Sketchley (1998) presents K values from 35 globally distributed gold deposits, and a
selection are included in Table C:18 for comparison.

Using the classification

presented, three of the deposits investigated here would be classified as “Routine” i.e.
no problems would be anticipated. However, Boulder, which exhibits higher levels of
coarse gold, would be classified as “Monitor” i.e. local problems anticipated.

This
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classification, and the placement of the four Golden Pig and Marvel Loch lodes are
illustrated in Table C:18.

The classification presented by Sketchley (1998) would

appear to suggest that the two Golden Pig lodes, as well as East Lode form Marvel
Loch should not suffer from any sampling issues. However, it has been demonstrated
that this is not the case. Despite the low K values for these three lodes all experience
issues with sampling the ROM piles, marked by the need of a large primary sample (1
t) in order to reduce errors to acceptable levels. Boulder, which is typified by higher
grades and increased coarse gold, has a higher classification (“Monitor”) which reflects
the different characteristics, but the same-sized sample is required in order to reduce
these sampling errors.
Table C:18 – K values presented for globally distributed gold deposits. All K values are
approximate for a 1 cm particle size. The classification presented by Sketchley (1998)
describes “Routine” as “no problems anticipated” (<150), “Monitor” as “local problems
anticipated” (between 150 and 500) and “Problem” as “major problems anticipated”
(>500)

Deposit name

Oyu Tolgoi
Kidston

Deposit Type
Cu-Au porphyry
system
Carbonate basemetal Au

Haddons

Archaean orogenic

(Golden Pig)

gold (Yilgarn)

Batu Hijau

Cu-Au porphyry
system

Charters

Intrustion-realted

Towers

gold

East

Archaean orogenic

(Marvel Loch)

gold (Yilgarn)

Taurus

Archaean orogenic

(Golden Pig)

gold (Yilgarn)

K Value
(g/cm1.5)

Sketchley
(1998)

Reference

Classification

60

Routine

80

Routine

88.08

Routine

Sketchley and
Forster (2005)
Sketchley
(1998)
This volume
Dominy and

120

Routine

Petersen
(2005)
Dominy and

120

Routine

Petersen
(2005)

131.31

Routine

This volume

146.38

Routine

This volume
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Granny Smith

Archaean orogenic
gold (Yilgarn)

Osbourne

Iron-oxide Cu-Au

Boulder

Archaean orogenic

(Marvel Loch)

gold (Yilgarn)

Porgera
(altered)
Big Bell

Epithermal gold
Archaean orogenic
gold (Yilgarn)

170

Monitor

270

Monitor

323.23

Monitor

480

Monitor

910

Problem

Sketchley
(1998)
Sketchley
(1998)
This volume
Sketchley
(1998)
Sketchley
(1998)
Dominy and

Nalunaq

Slate hosted gold

1900

Problem

Petersen
(2005)
Dominy and

Tarnagulla

Slate hosted gold

3,700

Problem

Petersen
(2005)

Dome
Unknown

Archaean orogenic
gold (Canada)
“extreme nugget gold
ore”

>10,000

Problem

23,500

Problem

Sketchley
(1998)
Dominy
(2004)
Dominy and

Ballarat

Slate hosted gold

89,700

Problem

Petersen
(2005)
Dominy and

Bendigo

Slate hosted gold

193,000

Problem

Petersen
(2005)

As Table C:17 and Figure C:41 illustrate, the value of K is related to the proportion of
coarse gold in the deposit, which is a direct result of the mineralisation system which
generated the deposit. Archaean orogenic gold deposits within the Yilgarn tend to
have lower K values (between 88.08 for Haddons and 910 for Big Bell), which means
that they are more challenging to sample than deposits of lower grade, and finer gold
(e.g. copper-gold porphyry stems such as Oyu Tolgoi), but not as challenging as
deposit styles marked by extreme nugget effects and coarse gold (e.g. Dominy, 2004).
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The FSE is partly a function of the mass and particle size of the lot being sampled, so
taking a smaller sample (in the region of 2 kg) results in an extreme error. The FSE
can never equal zero as it is related to the intrinsic heterogeneity of the ore, therefore if
gold particles are assumed to be randomly distributed throughout the orebody, the FSE
is also related to the concentration of these gold particles (Pitard 1993). In order to
compensate for the variable nature of Archaean orogenic gold mineralisation, the
sampling procedure should be designed for the worst case scenario encountered
(Boulder, in this case). This provides a conservative sampling regime for all other
mineralisation styles.
The main focus of this study has been on Archaean orogenic gold deposits, and the
variation in K value has shown that at an arbitrary approach to sampling is not suitable.
The K value varies considerably, even in similar mineralisation styles within the same
deposit (e.g. Boulder and East Lodes, Marvel Loch), as it is dependant on the
individual samples collected within the confines of the heterogeneity study, and the
geological properties of the orebody. Heterogeneity studies and the application of Gy
Theory have been shown to be suitable in a variety of mineralisation styles. However,
minimising the FSE is the first stage in reducing the errors in a sampling regime.
Errors can also be included during transportation, sample preparation and assaying of
samples.

These factors must also be considered, and correct QA/QC standards

implemented to reduce sampling errors to the least possible value. Taking larger,
better quality samples is only the first stage in producing accurate and precise data for
use in further geostatistical estimates, and in monitoring the performance of the
estimate throughout the life of the mine.
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Part C:
Sampling Optimisation in Archaean Orogenic Gold Deposits
The Taurus case study presented in Sections 4.1 to 4.5 of this Thesis Part was first
published as Roberts et al. (2003), and used with permission of the Australasian
Institute of Mining and Metallurgy. This paper is provided in Appendix A.
Abstract

Sampling protocols were optimised for four different mineralisation styles: Haddons and Taurus orebodies from
Golden Pig, and Boulder and East orebodies from Marvel Loch. The application of Gy sampling theory was
shown to reduce errors within the processing of samples of broken rock. Heterogeneity tests were used to
determine the sampling constant (K) of Gy theory value for each of the orebodies, and thereby to propose an
optimised sampling regime. Gy nomograms were used to determine whether each of the protocols would
breach “Gy’s Safety Line”. A constant sample size of 1 t for each of the mineralisation styles was found to
minimise the fundamental sampling error to acceptable levels, with the total error never exceeding ±10%.
Comparing the orebodies showed that the K value of the deposit correlated with the percentage coarse gold
within the deposit.

1. Introduction
Archaean orogenic gold deposits hold a pre-eminent position within the Australian gold
mining industry, with the resources sector dominating the economy of Western
Australia, supplying 20.9% of the states Gross State Product between 1995 and 2000.
Over the specified period, gold production averaged at 219.54 t of gold per annum
(ABS 2002). Unfortunately, Archaean orogenic gold deposits are typified by erratic
grade distribution and coarse gold (>150 µm; Roberts et al. 2003), making this deposit
type challenging to sample, model and mine. Sampling is one of the most critical
aspects of a mining operation, and includes both sampling the in-situ ore (e.g. diamond
drill sampling), as well as sampling the ore in particulate form (e.g. from a ROM pile or
conveyor belt). Sampling forms the basis of all resource evaluation techniques, as it is
through sampling that data and knowledge is gained about the deposit. Resource
evaluation relies on data that is unbiased and representative of the orebody, and poor
sampling, and therefore data, can have a major impact on the resource model.
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Error in sample results can be introduced at any stage of sampling of an ore deposit, or
through any stage in processing and assaying of the sample. Gy Theory attempts to
quantify the errors in the taking and preparing of samples of broken ore, as opposed to
errors in sampling in-situ ore (Annels 1991). Pierre Gy’s theory of sampling particulate
matter was first published (in English) in 1973, (Gy 1973) and later expanded by Pitard
(1993).

The theory has been greatly enhanced through the work by Francois-

Bongarcon (e.g. Francois-Bongarcon and Gy 2001) and Pitard (e.g. Pitard 2002). The
theory has been applied by practitioners within the mining industry (e.g. Radford 1987;
Keough and Hunt 1990; Sketchley 1998; Roberts et al. 2003), which further improves
the understanding of the method, and aids in the refinement of the theory.
The importance of describing the errors encountered in a sampling regime, and
minimising the effect that these errors have can not be understated. The impact of
poor quality data on a Resource or Reserve estimate must be accounted for, and this is
an explicit requirement in industry codes such as JORC (2004). This study aims to
illustrate the problems faced by individual mine sites during the sampling process, and
show how these sampling procedures can be optimised to minimise error. Part C of
this thesis takes the form of a literature review of sampling and sampling theory, and
four case studies, two from an underground operation, and two from an open pit
operation.
2. Review of Literature
2.1. Introduction
Poor sampling, in conjunction with poor resource estimation and process control, can
generate reconciliation problems and, ultimately, loss of profit. Sampling is therefore a
key part of any mining operation. Sampling is a process where very small portions of
an ore body are obtained in order to determine the nature of the orebody.

For

example, in order to maximise the representative nature of a diamond drill sample, a
figure of 30 kg per meter of drilled core is recommended (Tisley unknown date). The
taking of accurate, precise and representative samples is a vital part of any mining
operation, and must be treated as such.

It has been estimated that the average

potential for errors through sampling broken ore is probably close to 80% for the
sampling process, 15% for sample preparation and 5% for assaying (Sawyer 1992).
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The aim of this literature review is to provide a discussion of the relevant literature to
this study, as opposed to a review of all the literature within the sampling remit. The
aim of this study is to optimise the sampling regimes for individual mineralisation styles
that fall under the Archaean orogenic gold classification. Therefore this section takes
the form of a review of sampling optimisation practices and sample collection
methodologies, followed by a discussion of the mathematical basis of Gy Theory.
2.2. Sampling Optimisation
In any deposit, sampling is a key part of delineating the deposit, if the samples taken
are not representative of the deposit; the estimation procedure is essentially useless.
The ‘representativeness’ of a sample is related to the homogeneity of the primary
mass. For a highly homogeneous mass, a single small sample will be more accurate
than a small sample from a highly heterogeneous mass. The more the erratic the
metal distribution within a deposit, the greater the number, or more frequently taken the
samples have to be (Vallée 1992).
Gold presents a problem in sampling, as it has many modes of occurrence, and has
unique physical properties. Gold has several properties that make sampling difficult,
which Carras (1987) lists:
•

Gold mineralisation is usually associated with complex geology

•

Gold occurs in deposits with a high degree of variability

•

Gold occurs in very low concentrations compared to other metals

•

Gold can occur as free particles and nuggets

•

Gold is extremely malleable

Vallée (1992) proposes several ‘standards’ for sample collection:
Minimum sample masses should be specified. ‘Representativeness’ is proportional
to the size of the sample, and the erratic distribution of gold particles requires larger
sample sizes. Channel / grab samples should have a minimum of 2.5 kg, and drill
holes should be drilled at a minimum of BQ size (i.e. 36.5 mm)
The number of fragments collected should be more than 25, even for small sample
sizes. In small geological structures, the fragments should be collected from multiple
lines, to minimise the erratic distribution of the gold grains

C-4

Part C – Sampling Optimisation

The dimension of the fragments should have a maximum diameter of 20 mm when
sample size is limited, and 35 mm when unlimited sample masses are to be taken.
Uniform fragment size is mandatory.
The sample length should be the longest that allows proper definition of the
mineralisation. For gold deposits, lengths of between 0.5 and 1 m are commonly used,
with smaller lengths when important features need to be defined, however, samples
should not be less than 250 mm in length. Sample length should also be relatively
uniform to aid the later statistical treatment of the samples. Compositing individual
irregular sample lengths into uniform sample sizes are possible, but a narrow range of
samples will improve data retention.
Other aspects of sample collection are significant:
•

For channel / panel samples, cut the channels with a saw, not chisel

•

Split core with a saw

•

Mark lines for chip collection

•

Use the string and knot method for grab samples (see Section 2.3.2)

Quality control is essential for all sampling and estimation stages.

Training and

supervision of any sampling practice is therefore necessary for quality data to be
obtained. Sample checks and tests should also be introduced to determine that the
desired quality is achieved. This includes verifications, comparisons and the use of
duplicates, repeats, standards and blanks. This will ensure the sampling regime is
suited to the deposit, and that sampling quality is being maintained.
2.3. Sample Types
Geological samples vary in size, shape and objective.

The sample dimension is

termed ‘sample support’ and is one of the key assumptions for the application of
geostatistics (Annels 1991). Carras (1987) gives several reasons for the collection of
samples:
•

Geochemical sampling during exploration

•

Determination of geological characteristics – mineralogy, petrology etc

•

Determine metal distribution, tonnage (through specific gravity tests and
calculations) and grade

•

Mining and milling properties
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There are many different sampling types and methods, and the sample types
investigated in Part C are reviewed below. Reviews of other types of sample and the
problems associated with taking these samples are included throughout the literature,
for more information, the reader is directed to Annels (1991) for an overview and to
Dominy et al. (2000) for a review of the unique challenges presented by gold
mineralisation.
2.3.1. Face Sampling
Face sampling involves extraction of a sample from an exposed face in underground
development. There are several methods of face sampling.
Channel sampling involves cutting a narrow channel across the exposure of the ore,
the channel can be cut horizontally, vertically, or perpendicular to the dip of the ore.
The channel should be kept at a uniform width (e.g. 3-10 cm) and depth (e.g. 5 cm).
This method can be time consuming, and therefore expensive (Annels 1991). Samples
can weigh between 0.5 and 5 kg, but in practice is usually 1-2 kg (Evans 1995).
Channel samples are difficult to keep uniform, and so are more often chip samples
taken at irregular intervals along a line.

Segregation and bias can occur in these

samples, for example when one or more of the mineral phases are more friable than
others (Vallée 1998). Other sources of bias include operator bias, where the sampler
takes more sample from high grade areas in order to increase the grade, or through
taking larger chips from either the low grade or high grade portion of the face (Annels
1991).
Chip sampling involves taking rock chips over a continuous band or over an area of the
exposure, usually using a geological hammer or an air pick (Annels 1991).

Chip

sampling is susceptible to bias through operator preferences, or because of differences
in fragmentation of different mineral phases (Vallée 1998).

Chip sampling is an

inherently poor sampling technique.
Panel samples are made up of chips or fragments from over a wide area, usually
based on a grid, pattern or multiple lines sprayed onto the surface. Panel samples are
often more representative than channel samples as channel samples are often difficult
to take. The recommended minimum sample mass for panel sampling is 7 kg (Vallée
1998).
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2.3.2. Grab Sampling
This involves collection of a sample from a muck pile; draw point, tram car, truck or
conveyor belt (Annels 1991). Representative and unbiased grab samples are difficult
to obtain, due to variable fragment sizes and inaccessibility of the bottom of the pile
(Vallée 1998). Blasted piles of rock are usually zoned as the last blasted material lies
on the top of the pile. Samples are usually collected from the surface of the pile, thus
introducing bias (Annels 1991). Vallée (1998) lists several methods of reducing bias in
grab samples.

These include the ‘string and knot’ method, ‘fragment weighting

method’ and the use of a ‘sampling tower’.
The string and knot method involves tying knots at equal spacing along a piece of
string, and laying the string on the rock pile to be sampled. A rock fragment is then
removed at the position of each knot. This method ensures that a fixed number of
fragments are taken from over a fixed length.
The fragment weighting method can be utilised when the gold is known to be
concentrated in a single fragment size. For instance, if the gold is located in extremely
friable material, the gold will concentrate in the fines. When a sample is taken, an
estimate of the different fragment sizes is also recorded. The mean assay value is
then calculated by weighting various assays according to the estimated proportion of
fragment sizes.
A sampling tower is a small circuit of crushers, grinders, screens and splitters that
reduces the size of the sample, and aims to minimise bias. A sampling tower is an
expensive method for reducing bias, but achieves reliable results.
2.3.3. Diamond Drill Sampling
Diamond drill sampling is often considered to be a good indication of grade in an
orebody, and the advantages of diamond drilling are detailed in the literature (e.g.
Annels 1991; Hartley 1997). A summary of these advantages is given in Table C:1.
Diamond drilling can also contain errors, often related to drilling, which may include, for
example, low recovery of core through the orebody, inappropriate intersection angles
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and poor sampling practices (Annels and Dominy 2003). Gold can also be lost in fines
washed away by drilling fluids, or when cutting core; therefore fluids should be routinely
collected and sampled (Vallée 1998).
Table C:1 – Advantages of sampling through diamond drilling (Modified from Annels
1991, and Hartley 1997)
Advantages of Diamond Drill Sampling
A continuous sample is obtained through the mineralised zone
Constant volume per unit length is maintained
A constant sample support can be maintained by sampling at constant lengths (e.g.
1m)
Core can be logged / assayed at surface
Core can be photographed to provide a permanent record
Good geological, mineralogical and structural information can be obtained
Contamination can be washed off the core
Drilling gathers information from remote and inaccessible areas, e.g. within ore blocks
If only half the core is sampled, the other can be utilised later for further sampling /
logging
Core can be measured to determine the specific gravity of the deposit
Geotechnical information can be gathered for use in mine planning etc
2.4. Sampling Theory (Gy Theory)
2.4.1. Introduction
Previously in this literature review, we have been concerned with the primary nature of
sampling, e.g. the sampling of an in-situ orebody. To date, no research has been
presented which can determine how to representatively sample an orebody. The only
thing that can be controlled is the quality and repeatability of the sampling
methodologies. However, once the orebody has been fractured (i.e. mined) there are
numerous methods for determining the quantity of rock that forms a representative
sample from a pile of broken rock. Section 2.3.2 is concerned with the quality of grab
samples, whereas Section 2.4 is concerned with determining the quantity of rock that
should be taken to form a representative sample. Gy Theory is concerned with the
calculation of the Fundamental Sampling Error or FSE, however, this error only forms
part of the numerous and additive errors that are present within a sampling regime.
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Other errors include analytical errors, which are derived from the assaying process and
selection errors which can be minimised through carefully monitored sampling
protocols. The science of designing sampling regimes involves balancing minimising
the errors with ensuring the practical application of the sampling technique.
2.4.2. Description of the mathematical basis of Gy Theory
Gy Theory quantifies the error in taking a sample from a quantity of broken rock,
allowing the design of a sampling regime that will minimise this error. This error is
expressed as a variance, or relative variance (variance / [accepted value] 2) (Annels
1991). The variance at each stage is calculated and summed to determine the total
variance, or Fundamental Sampling Error (FSE).
Once the FSE has been calculated, an optimum sample size can be determined
through back calculation of the equation.

Confidence levels at 1 or 2 standard

deviations (68 or 95% respectively) can also be calculated.
The variance at a single sample processing stage is calculated using the Gy Equation
(Francois-Bongarcon and Gy 2001). The equation is described below:
2
σ FSE
= (1 / M S − 1 / M L ).K .d 3

[C:1]

Where:
σ2 FSE = Sampling error for single stage
M S = Mass of sample
M L = Mass of lot
K = Sampling constant
d = nominal size of rock fragments (cm), where nominal is the size of fragments
being investigated
When M S << M L , Equation [1.1] can be simplified:
2
σ FSE
= K .d 3 / M S

K is the sampling constant, and is described:

[C:2]
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K = f .g .c.l

[C:3]

Where:
K = sampling constant
f = shape factor, this describes the shape of individual fragments, and is
commonly set at 0.5, but can be set at other values for various particle shapes
e.g. platy, 0.1 and cubes, 1.
g = granulometric factor, this allows the uneven fragment sizes in a sample to
be adjusted to the nominal size and is commonly set at 0.25
c = mineralogical factor, this quantifies the correlation that exists between grade
and density; it can be calculated for gold ores as:

c = ρM / t

[C:4]

Where:
ρM = density of mineral of interest (e.g. 19.3 g/cm3 for pure gold)
t = grade of mineral of interest
l = liberation factor
The liberation factor is a number between 0 and 1 which varies with the size of sample
fragments (d) and the nominal size of metal grains within the sample. The liberation
size, d l , which is the size of grain at which all gold is liberated , also depends on the
spatial characteristics at a microscopic scale. Therefore, the liberation factor can vary
widely. It was first proposed by Gy (1979) that “l” could be modelled as a function f, d l
and d, and that “l” could be calculated through the following equation:

l = (d l / d ) 0.5 = (d l / d )

[C:5]

The liberation factor has been extensively researched by Francois-Bongarcon (1998a;
1998b), and Francois-Bongarcon and Gy (2001) and has shown that this model leads
to problematic variance calculations for low concentration ores such as gold.

A

variation on this model has been proposed:

l = (d l / d ) b

[C:6]
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Where b = 3-α, where α can be determined experimentally. Francois-Bongarcon and
Gy (2001) have shown that α is dependant on the individual deposit, but if no
calibration work has been attempted, a value of 1.5 can be used.
Therefore substituting this into equation [C:1], the Gy Equation can be written:
2
σ FSE
= (1 / M S − 1 / M L ). f .g.c.(d l / d ) 3−α .d α

[C:7]
(From Francois-Bongarcon and Gy 2001)
Therefore, once K has been calculated, the equation becomes:
2
σ FSE
= (1 / M S − 1 / M L ).K .d α

[C:8]

From the FSE two things can be calculated, precision and grade limits at 95%
Confidence Limit (CL) or 68% CL:
Precision at 95%CL = (2σ/A) * 100

[C:9]

Precision at 68%CL = (σ/A) * 100

[C:9b]

Grade Limits at 95% CL = 2Aσ

[C:10]

Grade Limits at 68%CL = Aσ

[C:10b]

Where:
σ = FSE
A = grade
The precision gives a percentage error on the specified grade, whereas the grade limits
quantify the error in terms of g/t. For example, if a grade is quoted as 10 g/t ± 50%,
this can be also written as 10g/t ± 5 g/t.
2.4.3. Calculation of K and the optimisation of sampling protocols
There are two methods that can be used to calibrate the Gy Equation to an individual
deposit. The first is to experimentally determine each constant with the equation, or to
determine the total sampling constant K. The sampling constant, K can be determined
through several techniques. The method described here is the heterogeneity test or
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“Gy 30 piece experiment” (Francois-Bongarcon 1993). Heterogeneity tests use the
principals of Gy Theory to design new sampling regimes, and to minimise the errors
introduced at each sampling stage. The error incurred at each sampling stage can be
calculated and so minimised (Hayes and Conway-Mortimer 2002).
The practical methodology of the heterogeneity tests utilised in this Thesis Part is
detailed below. The theoretical basis is discussed in the literature and the reader is
directed to Gy (1979), Francois-Bongarcon (1993) and Pitard (1993).


Select a ROM pile, making ensuring that it is classified as ore



Select a predetermined number of rocks (40 or 60), that each of which weighs
between 1.7 and 2.5 kg



If necessary, larger rocks can be chosen and broken down with a geological
hammer to produce the required mass



The individual rocks are then washed, dried and photographed with a digital
camera, in order to provide a permanent record of the sample



Each individual rock is then marked with a sample number, and placed in a
calico bag, with the sample number written on the outside



The sample is then passed to the laboratory for analysis

When received by the laboratory, each sample was analysed in the following way:


The mass, volume and specific gravity of each sample id determined



Each rock is then crushed and ground to a predetermined size (90% passing
150 µm)



The pulp is then split into two halves, and passed through 150 µm screens



The coarse fraction, and the screen are then fire assayed



The fine fraction is then homogenised, and two repeat samples of the fines are
assayed.



The gold held by the sample is then calculated through the following equation:

Total Gold = {(Total weight –coarse fraction) * average (fines) + coarse fraction}
Total weight of pulp


This is then repeated for the other half of the split pulp
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The individual grades from the rock samples are used to determine K, and so
substituted into the Gy Equation, assuming α = 1.5 (Francois-Bongarcon 1993;
Francois-Bongarcon and Gy 2001). The sampling constant K can only be determined
for the fragment size that has been collected and can only be extrapolated downwards,
and only with care. Ideally, heterogeneity tests would be carried out at a variety of
fragment sizes, and K determined for each. The practical methodology of a
heterogeneity test is relatively simple, but it is an effective and powerful method for
optimising sampling regimes. K is calculated through equation [C:11]:

K = M *σ 2 / equivalent (d n1.5 )

[C:11]

Where:
K = Sampling Constant
M = Average mass of rock pieces
σ2 = Relative variance of rock piece grades, calculated through:
σ2 = σ2(individual samples)
Mean (individual samples)

equivalent (d n1.5 ) = equivalent nominal size, calculated through:
1) Determine the average volume of the individual rock pieces v = mass / SG
2) Calculate the radius of a sphere with volume v :

r=3

4Π
3v

3) The equivalent (d n1.5 ) is then derived from:

equivalent (d n1.5 ) =

r2
, where g = 0.25
g 1/ 3

Once K has been calculated (Equation C:11), the liberation size (d l ) can be calculated:

d l = ( K / c.g . f )

1
3−α

[C:12]
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Where:
K = constant calculated from equation [C:11]
g = granulometric factor = 0.25
f = shape factor = 0.5
c = mineralogical factor = density of gold / grade (19.3 / A), where A is grade in
g/t
(Source: Francois-Bongarcon 1993)
K can also be substituted into Equation [C:2] for calculation of the sampling error at
each sampling stage. This can then be used to design a new sampling regime that
minimises these errors. The FSE, however, is merely part of the total error that can
occur throughout the sampling process.
Gy nomograms are a graphical method for displaying the errors generated during a
sampling regime.

They are based on the experimentally derived K value.

Using

Equation [C:1], the Gy Equation can be written (Assibey-Bonsu 1996):
2
σ FSE
= K .d α / M S

[C:2]

If a logarithm is taken of both sides of the equation, it can be written:

ln(σ R2 ) = ln(1 / M S ) + ln( Kd nα )
ln(σ R2 ) = (−1) ln( M S ) + [α ln(d n ) + ln( K )]

[C:13a]
[C:13b]

Equation [C:13b] shows for a given stage of communition (fixed value of d n ),
[ln(K)+αln(d n )] is a constant, say K(d), therefore:

ln(σ R2 ) = − ln(M S ) + K (d )

[C:14]

If a graph is plotted with ln(σ2 R ) on the Y axis and ln(M S ) on the X axis, the relationship
will plot as a straight line of slope -1 (Pitard 1993). Each stage of mass reduction at a
constant d n can be plotted on a chart as a path along the straight line with slope -1.
There is a unique line for each comminution size and heterogeneity test. Vertical lines
between the -1 slope lines indicate crushing and grinding stages which do not
contribute to the variance (Assibey-Bonsu 1996). When the overall sampling regime
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has been plotted on a sampling nomogram, the areas with highest variance can be
identified and steps taken to reduce the error. An example of a Gy Nomogram is
included as Figure C:1.
In order for a sampling regime to have the minimal Fundamental Sampling Error, each
of the steps should plot below ‘Gy’s Safety Line’. This indicates a precision of ±10% at
68%CL.

This is the minimum to which sampling regimes should be designed to.

Sampling nomograms based on calibrated parameters are useful tools for the design,
assessment, control and improvement of sampling processes (Assibey-Bonsu 1996).
Figure C:1 – An example of a Gy Nomogram (After Sketchley 1998)

The unsuitable sampling protocol breaches the “Gy Safety Line” as illustrated by the
dashed lines. Each aspect of the sampling protocol is represented by the nomogram.
A vertical line represents a comminution stage of the protocol, whereas the lines with
negative slopes represent sub-sampling.

When designing an optimised sampling

protocol, all parts of the plot must lie within the Gy Safety Line, like the optimised
sampling protocol in this Figure.
3. Case Study – Haddons Lode, Golden Pig
3.1. Introduction
As discussed in Part A, Section 5.2.2, the Haddons Lode, Golden Pig is hosted by
intensely deformed mafic and ultramafics, with intercalated banded iron formations
(BIF) and sediments. The majority of the gold (98%) is located within BIF hosted lodes,

Part C – Sampling Optimisation

C-15

such as Haddons, which forms the focus for this case study. Gold is also located in
shear-hosted lodes (e.g. Taurus, Nugus et al. 2003) which contain 2% of the total gold
within the Golden Pig deposit as a whole (McBeath and Whitworth 2002).
Mineralisation at Golden Pig is predominantly stratabound, within tight to isoclinally
folded and sheared banded iron formation (BIF) units. Four BIF horizons have been
identified, which strike between 140° and 150°, dip between 50° and 80°W and vary in
thickness from between 0.5 and 10 m. Economic mineralization is located in both the
limbs and folds of the BIF (McBeath and Whitworth 2002).
Haddons is located on the western limb of the folded Eastern BIF; it strikes 160°, and
dips 65° to 70° to the west and is extensively folded. Fold axial planes strike between
320° and 340°, and dip west at 70° to 80° (Nugus et al. 2003). The BIF is bounded in
the hangingwall by ultramafics and in the footwall by mafics (Whitworth 2002).
Sampling studies were carried out (in 2002) as the mine was experiencing problems
reconciling grade control grades with resource model grades. All current methods were
reviewed as part of a resource and grade control optimisation study. The aims of this
case study are to optimise sampling methodologies critical to the individual deposit
(e.g. diamond drill sampling), to determine whether grab sampling is a representative
methodology for this mineralisation style, and if not, to design a sampling regime that
minimises the FSE to acceptable levels.
3.2. Diamond Drill Sampling
3.2.1. Introduction and drill sampling at Golden Pig
Diamond drill samples are currently used to define resources at Golden Pig. The
resource estimate is often used as the “truth” to which production is compared. Drilling
is carried out on 20 m sections, in fans, and occasionally there are drill holes across
section. On section, the drill hole spacing is variable, but maybe as little as 1 m. The
resultant drill core is 46 mm in diameter.
Samples of the diamond core are only taken from BIF sections, even if it appears to be
barren, and from other mineralised zones (e.g. mineralised shear zones). Core from
exploration 40 x 20m drilling is halved, with one half being assayed, and the other kept.
With all infill drilling at closer spacing, the whole core is assayed (McBeath and
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Whitworth 2002). The inconsistent core sampling leads to change in sample support,
which violates one of the basic assumptions of geostatistics.

Inconsistent sample

support can be tested to determine whether mixing of the two datasets would have an
effect on the resultant resource estimates.
The grade distribution at Golden Pig is known to be erratic, with an uncertain level of
grade continuity throughout the mineralised zones (Nugus et al. 2003). Due to this
level of uncertainty, the drill holes spaced 20 m apart may not reliably represent the
grade within the orebody. The amount of the orebody that is sampled in a sufficiently
close spacing for grade estimates can be determined through variography and
calculating the geostatistical zone of influence.
3.2.2. Comparison of sample types
The change of sample support can be illustrated by comparing the whole and half core
populations. The first stage was to extract all the two different sample sets from the
database. However, not all the holes in the Haddons database were identified as being
whole or half core, so only data that was clearly marked as such was used in this
study. This represented a small proportion of the total drill sample inventory.
Once the data had been extracted, and validated, the two populations could be
compared.

The descriptive statistics, cumulative frequency and PP plots were

constructed, and the two populations were directly compared using QQ plots. The
descriptive statistics for whole and half core are included as Table C:2.

The

histograms, cumulative frequency plots and PP plots are included in Appendix C.
The mean grade of the whole core is higher than the mean grade of the half core. The
variance of the whole core is also significantly higher than that of the half core.
However, the COV for the half core is higher than the COV for the whole core. The
volume variance relationship dictates that as a sample gets larger, its variance will
decrease therefore the variance for whole core should be lower than for half core, if the
data from each dataset are comparable in geographical area, number of samples etc.
When whole and half cores are compared for the Haddons dataset, the variance for
whole cores is higher than that of the half core. This shows that there maybe other
factors influencing the statistics of these two different populations, such as an
inconsistent sampling method, where when the core is cut, the visibly lower grade half
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is sent for assay, to preserve the high grade half. This would lead to a bias towards the
lower grades in the half core sampling. The whole core is often infill drilling, and so
may be picking up high grade pockets within the orebody that is missed by the widely
spaced half core drilling. This would give the much higher maximum grade in the
whole core, than in the half core.
Table C:2 - Descriptive statistics for whole and half core
Statistic

Whole Core

Half Core

Mean
Median

3.90
0.35

2.09
0.24

Mode

0.04

0.04

Standard Deviation

12.98

7.51

Sample Variance

168.50

56.44

Kurtosis

80.46

75.63

Skewness

7.75

7.74

Range

219.99

92.09

Count

2017

317

COV

3.33

3.59

Minimum

0.01

0.01

Maximum

220.00

92.10

The differences between the two sample populations are clearly defined when a PP
(percentile-percentile) plot is constructed. If the two populations were the same, they
would plot on a line at 45° through the origin. This is clearly not the case, as shown by
Figure C:2.
Combining the two different sample populations may be introducing errors into the drill
database. The two populations are clearly different, and the differences cannot be
explained through the volume variance relationship. As detailed before, the half core
has significantly different statistical properties compared to the whole core. Combining
the two datasets could create a bias within the grade dataset, which may then feed
through to the resource models. This could be causing unnecessary errors within the
resource estimates, so the practice of combining the two sample types needs to be
considered.
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Figure C:2 – Percentile-percentile plot of whole vs. half core samples for the Haddons
orebody
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3.2.3. Variography and sample spacing
The geostatistical zone of influence can be determined through variography.

The

practice and theory of variography are discussed in great detail in Part D, Section 2.5,
and therefore is not discussed here. Where drill hole spacing is greater than the
geostatistical range, there is zero covariance between samples.

That is, samples

beyond the geostatistical range are independent of each other.

If the spacing is

sufficiently large, there will also be areas that are effectively unsampled. Covariance
will only be detected when the drill spacing is equal to, or less than the geostatistical
range (Annels 1991), which is illustrated by Figure C:3.
In order to produce a conservative estimate, the ideal drill hole spacing maybe taken as
2/3 of the geostatistical range (Annels 1991). This allows covariance between samples
to be detected, and also provides data at less than the geostatistical range for the
variogram to be modelled at lower lags. Variograms were determined for the Haddons
orebody from data extracted from the grade model in 1 m composites.
Statistical analysis of the data incorporated determining the descriptive statistics, grade
histograms / cumulative frequency plots and probability plots of the LN data. Data and
variographic transformations are discussed in Part D, Section 2.5. Statistical analysis
demonstrated that the population is not normal or lognormal as the mean; median and
mode are not equal. The LN population also has a positive skew.

The descriptive

statistics, histograms and log probability plots are included as Appendix C.

More

detailed statistical analysis of the Haddons orebody in included in Part D, Section 3.3.1.
Variograms were attempted with a variety of basic data treatments, and the clearest
variogram structure was determined using an omnidirectional variogram for the natural
log of the data, with a lag distance of 7.5 m, and a maximum of 10 lags.

Only

omnidirectional variograms could be modelled accurately, and the attempted directional
variograms are included in Appendix C. The omnidirectional variogram is included as
Figure C:4. For more information on the issues with modelling directional variograms
for the Haddons orebody, the reader is directed to Part D, Section 3.
As shown in Figure C:4, the geostatistical range is 17 m, therefore two thirds of the
geostatistical range is calculated as 11.33 m. This is a conservative indication of how
well each individual drill hole is representing the grade of the orebody. The area that
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Figure C:3 – Grid spacing and the geostatistical range (assuming isotropy) (after
Annels 1991)

A. Grid spacing at twice the geostatistical range

B. Grid spacing equals the geostatistical range – complete coverage
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each drill hole is representing can be illustrated by expanding the drill hole trace until it
is equal to the geostatistical range. This shows how much of the orebody is being
represented for grade, and this concept is illustrated in Figures C:5 and C:6.
Figure C:5 illustrates the drill traces at the minimum width viewable, 0.5 m. when the
drill holes are expanded to 11.33 m across (Figure C:6) the drill holes do not
adequately represent the grade of the orebody along strike as there are areas between
the drill hole sections that are effectively unsampled. The drilling needs to be carried
out on closer sections than 20 m. However, on section, across the dip of the orebody,
the drill spacing is significantly closer than 11.33 m, with drill samples often less than 1
m apart. In geostatistical terms, the drilling is unnecessary close down dip for grade
estimation; however drilling is required at this level in order for the orebody to be
modelled accurately. The drilling does not represent the grade of the orebody but in
order to determine whether the drilling is representing the geology, similar studies can
be carried out for the thickness of geological intersections through the orebody.
3.3. Run of Mine (ROM) Sampling
3.3.1. Introduction
ROM pile sampling is carried out for grade control, in order to determine whether the
ore from the stopes is comparable with the resource / reserve estimate. The ROM pile
grades are used to determine whether the pile is sent to the mill as ore or low grade, or
removed as waste.
3.3.2. Repeat ROM sampling
The ROM pile samples are used to calculate a grade for the stope pile, and this value
is compared to the reserve estimate for the individual stope.
currently involves taking two samples per truckload of ore.

The grab sampling

For this study forty repeat

samples were taken from a ROM pile, using the same methodology as employed by
the mine. Each of the individual grab samples has a variable mass (generally half a
sample bag full), and the fragment size collected is biased with fragments no larger
than the operators hand collected.

The grab samples are prepared and assayed

locally, and an average of all of the samples is assigned to the pile. The individual
ROM pile sample grades can be cut if any individual sample is too high, and these cut
values are used to calculate the mean for the pile. A common cutting value is 50 g/t.
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Figure C:4 – Modelled omnidirectional variograms for the Haddons orebody
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Figure C:5 – Drill hole traces at 0.5m diameter

Figure C:6 – Drill hole traces at 9.0m diameter
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The forty repeat samples from the Haddons ROM pile were analysed at the same
laboratory as the mine samples, so that the results can be directly compared. The
samples are prepared and assayed through accelerated cyanide leach at the mine’s
grade control laboratory. The repeat grades are included in Appendix C. As the actual
and repeat samples were collected and analysed using the same methodology, the
samples are considered to contain similar biases, and so are directly comparable.
3.3.3. Grade comparison
Table C:3 - Calculated ROM grades, where the mine 10 individual ROM sample grades
(GP Grade) is compared to the 40 individual repeat sample grades (JCU)
GP Grade (g/t)

JCU Grade (g/t)

Difference (g/t)

% Difference

3.9

2.5

1.4

+56%

As can be seen in Table C:3, the grade from the JCU repeat samples is lower.
However, the two grades are similar and the lower grade from the JCU repeat samples
may be attributed to the higher number of samples taken. The GP grade is 56% higher
than the JCU grade. Therefore, if the JCU grade is taken as the ‘true’ grade, the GP
samples are overestimating the grade by 56%.

The basic descriptive statistics of the two datasets were calculated, and are
summarised in Table C:4. The descriptive statistics for the two datasets are similar,
with the JCU data having a lower mean, median, and mode, but higher variance,
standard deviation and coefficient of variation (COV). The kurtosis and skewness are
also higher for the JCU data. The JCU data has a higher variance than the GP data.
This is contrary to the volume variance relationship, which says that as the mass (or
number of individual samples) of sample increases, the variance should decrease
(Clark 1979; 2000). The increase in variance is most likely to be caused through the
increase in number of samples producing a higher range of grades than a restricted
data set.
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Table C:4 - Descriptive statistics for Haddons ROM pile samples
Statistic

GP Data JCU Data

Mean
Median

3.92
4.01

2.53
2.16

Mode

n/a

0.77

Standard Deviation

2.15

2.29

Variance

4.62

5.23

Kurtosis

-0.15

10.06

Skewness

0.31

2.60

COV

0.55

0.90

Minimum

0.68

0.00

Maximum

7.91

12.90

Count

10.00

40.00

The two histograms (Figure C:7) for the datasets are very different; the GP data
histogram contains fewer data, and less variable grades than the JCU histogram. The
JCU histogram has a pronounced positive skew with isolated high grades. If the JCU
grades are taken as the ‘true’ distribution of grades in the pile, it can be seen that
sample grades can vary from 0 g/t to 12.9 g/t.
If any 10 samples are taken from the ROM pile, the average grade for those 10
samples will be highly variable. If the ROM pile contains the 50 samples taken for this
study (JCU and GP), a range of grades is possible. The 10 lowest grade samples have
an average grade of 0.54 g/t, but the highest 10 samples have a grade of 6.23 g/t.
Therefore, if the lowest 10 samples had been picked, the pile would have been
discarded as waste, but if the highest 10 had been chosen, the pile would have been
sent to the mill as ore.
Out of the 50 individual samples, choosing 10 random samples will give an idea of the
likelihood of choosing the 10 highest grade samples. This section aims to illustrate the
effect of choosing 10 random samples from the 50 true ROM grades.

As there are a

finite number of samples (50), there are only a certain number of 10 sample sets that
can be chosen. This is given by the mathematical function, the binominal coefficient
(Davis 2002). This is the number of ways of picking r unordered outcomes from n
possibilities. The binominal coefficient is given as Equation [C:15], and is read as “n
choose r”:
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n
n!
  =
 r  r!(n − r )!

[C:15]

Where n! and r! are factorials. In the case of Haddons:

 50 
50!
  =
 10  10!(50 − 10)!

= 3.0x1064
3.6x106 * 8.2x1047
=1.0x1010
Therefore 1.0x1010 different sets of 10 samples can be drawn from 50 individual
numbers. For practical purposes, 200 10 sample sets were randomly selected from the
50 samples. For each of the sets, the mean grade was determined. When these mean
grades are placed in ascending order, they can be plotted to demonstrate the variability
in mean grade for the 10 samples, which is illustrated in Figure C:8.
The range of average grades is relatively high with a minimum grade of 1.45 g/t, and a
maximum of 6.51 g/t. In order to determine if the variability inherent in the sampling is
due to the number of samples, this same experiment was carried out for 10 sets of 20,
30 and 40 samples. Currently, 2 samples per truck load are taken, or 10 for this
individual ROM pile. 20 samples equates to 4 per truck, 30 samples, 6 per truck and
40, 8 per truck. Figure C:9 shows how the grade variability decreases as the number
of samples taken increases. When 40 samples are taken, the grade variability is less
than for 20 samples; therefore larger samples (or more frequent ROM sampling) would
reduce the inherent variation in sample taken from the ROM pile.
3.4. Heterogeneity Analysis and Gy Theory
3.4.1. Heterogeneity tests
A heterogeneity test was carried out on a Haddons ROM pile, using the methodology
suggested by (Francois-Bongarcon 1993), and detailed in Section 2.4. For the
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Figure C:7 – Histograms of GP and JCU produced ROM pile grades for Haddons
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Figure C:8 – 200 randomly selected 10 sample set mean grades, illustrating the range
of grades available from the Haddons theoretical ROM pile
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Haddons ROM pile, 40 individual samples were taken. Francois-Bongarcon (1993)
stipulates that between 30 and 50 samples should be collected for a heterogeneity test,
so 40 samples are consistent with this methodology.
Statistical analysis of the data comprised descriptive statistics (Table C:5), histograms,
cumulative frequency plots and log probability plots. These figures are included in
Appendix C.

Statistical analysis of the heterogeneity data shows a mean grade of

5.98 g/t, with a high variance and COV. The population has a positive skew, indicative
of an excess of low numbers and high grade extreme values. Heterogeneity curves
were constructed for the entire dataset and for the coarse gold fraction.

A

heterogeneity curve is a graph of each of the individual grades of the samples collected
for the heterogeneity study ranked and plotted against grade. This curve is a useful
illustration of the variation within the heterogeneity samples.

An orebody with low

heterogeneity would have a more consistent distribution of grades, whereas a highly
heterogeneous orebody would exhibit a high proportion of the samples having a similar
grade, with a few samples having much higher grades. The coarse gold curve uses
the percentage coarse gold caught on the screen during the screen fire assay process
and is given as a percentage of the total gold in the sample. The heterogeneity curve
for the entire dataset is included as Figure C:10, and coarse gold in Figure C:11.
Table C:5 - Descriptive Statistics for the gold grades for Haddons
Statistic
Mean
Median

5.98
1.51

Mode

0.02

Standard Deviation

10.73

Variance

115.05

Kurtosis

6.27

Skewness

2.54

COV

1.79

Count

40.00
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Figure C:9 – Illustration of the 20, 30, and 40 randomly selected samples from
Haddons plotted against mean grade, which demonstrates the reduction in variability of
total sample grade as the number of samples taken increases.
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Figure C:10 – Heterogeneity curve for Haddons, illustrating how the majority (80%) of
samples collected for the heterogeneity study contain less than 10 g/t gold.
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Figure C:10 demonstrates that out of the 40 samples collected, 21 of them contained
less than 2 g/t gold, and so would be classified as waste. 32 of the samples contained
less than 10 g/t gold. The highest-grade sample contained 45.7 g/t gold.

These

statistics and the shape of the curve demonstrate that the samples collected contain
variable amounts of gold. If the orebody were relatively homogenous, the samples
would have significant less variability.

This shows the Haddons orebody to be

heterogeneous. Figure C:11 shows the coarse gold fraction is less heterogeneous
than the total gold. This curve demonstrates that out of the 40 samples collected, 25 of
them contained less than 10% coarse gold and 35 of the samples contained less than
20% coarse gold. The highest percentage of coarse gold was 35.17%.
The repeat screen fire assays were analysed by plotting the individual grades for each
assay against each other, allowing the reproducibility in the fine fractions to be
determined. The two graphs produced are included in Figures C:12 and C:13. There
is good reproducibility between the two pulps. This indicates that once the coarse
fraction has been removed, the two assays contain similar amounts of gold particles.
Therefore, the sub-samples of the pulps that were assayed can be determined
representative of the pulp. This good reproducibility would be expected, as the coarse
fraction has been screened off.
The Coefficient of Correlation can also be calculated for the repeat assays. For all 40
samples, a correlation of 0.997 was produced, and for the low grades samples, a
correlation of 0.985 was calculated. These are both almost perfect correlations.
3.4.2. Application of Gy Theory
3.4.2.1.

Determination of K

K was determined using the method detailed in Section 2.4.3.

The methodology

detailed is then applied to data gathered from the heterogeneity tests, and is shown
below:
K = Sampling Constant
Relative variance of individual fragment grades = variance / mean2 = 115.05 / 5.982
Average mass of rock pieces = 1703.44g
Average volume = mass / SG = 1703.44/3.36 = 506.98 cm3
radius of sphere = 4.95 cm therefore, diameter = 9.9 cm
Equivalent nominal size = 9.9/g1/3 = 9.9/0.63 = 15.71
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Figure C:11 – Coarse gold heterogeneity curve for Haddons, illustrating the reduced
heterogeneity in the samples when compared to the total gold
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Figure C:12 – Repeat Assays for Haddons

Figure C:13 – Low Grade Repeat Assays
for Haddons
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K = (mass * variance) / equivalent d n 1.5
K = (1703.44 * 3.22) / (15.71)1.5
K = 5484.5 / 62.27
K = 88.08 g/cm1.5
3.4.2.2.

Calculation of FSE

Using Equation [C:1], the FSE can be calculated for the current sampling regime for
Haddons.
2
σ FSE
= (1 / M S − 1 / M L ).K .d α

[C:1]

M S , M L , and d vary with each sampling stage, and so are not constants. The error at
each stage and the FSE for the current sampling regime are included as Table C:6.
The majority of the error in this sampling regime occurs in the first stage. The crushing
and grinding of the sample produces very little error. Using equations [C:9] and [C:10],
the precision and grade limits (GL) at 95% CL can be calculated:

Precision = ([2*0.56]/5.98)*100
= 18.63%
CL

= (2*5.98*0.56)
= 6.66 g/t

The mean of the heterogeneity samples was 5.98 g/t. Therefore it can be said that the
precision of this grade is 5.98 g/t ± 18.63%. This corresponds to a grade limit of ± 6.66
g/t. Therefore the grade of the ROM pile could vary between 0 and 12.64 g/t at the
95% CL. However, this quantified error only includes the FSE, and other sources of
error such as analytical errors would increases the level of error, which is clearly
unacceptable.
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Table C:6 - Fundamental Sampling Error for current sampling protocol for Haddons
(slight differences between the error from individual sampling stages and the FSE can
be attributed to rounding)

Stage

Error σ2

From 90t take 5kg

0.55704

Crush 5kg to 25mm

0.00000

Crush 5kg to 10mm

0.00000

Grind 5kg to 75 microns

0.00000

Split to 1.2kg for assay

0.00004

Total FSE

0.55704

If the precision calculations are carried out for a series of grades, ranging from 1 g/t to
100 g/t, the results can be plotted on a graph (e.g. Figure C:16) of precision versus
grade. Therefore, for any grade, the precision can be predicted. The level of error in
the current sampling regime is unacceptably high. If the ROM pile grades at 1 g/t, it
would have a precision of, at best, ± 111.41%. This error is generated through taking a
single sample and using it to predict the stockpile grade, taking more samples would
decrease the error, and so improve precision, as indicated by the following section.
This has a major impact on whether the pile is correctly assigned as ore or waste.
A Gy sampling nomogram was constructed for the current sampling regime and is
included as Figure C:14. The current sampling regime is breaching ‘Gy’s Safety Line’
demonstrating the errors present within the system. This shows how the practice of
grab sampling is introducing unnecessary errors.
3.4.2.3.

Proposed sampling regime

A sampling regime can be designed to minimise these errors and the methodology
must be the same for Haddons and Taurus, as well as other lodes at Golden Pig,
irrespective of their individual K values, in order for it to be practical. The majority of
error occurs in the first stage, where a sample of given weight is taken from the ROM
pile, therefore, it is this stage that must be modified.
associated errors are illustrated in Table C:7.

The proposed regime and
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Using the new regime, Haddons, at a grade of 5.98 g/t has a precision of 0.20% and
GL of ±0.07 g/t. The precision for various grades between 1 and 100 g/t can be
calculated and compared to the current regime; the results are illustrated in Figure
C:15. This shows how the new system would radically reduce errors incurred during
sampling.

A Gy sampling nomogram was constructed for the proposed sampling

regime and is included as Figure C:14.
Table C:7 - Proposed regime and associated errors (slight differences between the
error from individual sampling stages and the FSE can be attributed to rounding)
Stage

Error σ2

From 100t, take 1t

0.00276

Crush 1t to 0.5cm

0.000000

From 1t take 10kg

0.003083

Crush 10kg to 75 microns

0.000000

Take 1kg for assay

0.000051

FSE

0.005892

The proposed regime uses a much larger sample size (1t), which would have to be
collected by mechanical means.

However, this method would still contain some

residual bias as a small loader would not be able to pick up oversized rock fragments.
However, this bias is significantly smaller than the bias introduced when grab samples
are taken by hand.
Once the sample has been crushed to <0.5cm, 10 kg must be spilt off, and the entire
10 kg ground to <75 µm. A continuous feed type of pulverizer such as a mixer mill
could achieve these results. Once the sample has been ground, 1 kg can be split for
assay using accelerated cyanide leach. Accelerated cyanide leach was utilised by the
mine, as the larger sample size was thought to be more realistic for the erratic nature of
the Golden Pig ore.
The proposed sampling nomogram for Haddons shows how the sample preparation
pathway falls below ‘Gy’s Safety Line’. The Fundamental Sampling Error has been
reduced to acceptable levels.
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Figure C:14 – Sampling nomogram of the current sampling regime for Haddons
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Figure C:15 – Sampling nomogram of the proposed sampling regime for Haddons
Haddons Sampling Nomogram - proposed regime
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Figure C:16 – Precision vs. grade plots for current and proposed sampling regimes
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3.5. Conclusions - Haddons
Resource estimates are useless if the data used in the process contains unnecessary
errors. Statistical analysis has shown that the half and whole core populations are
different and the differences between the two datasets cannot be described through the
volume variance relationship. This shows that there are other factors influencing the
two populations. The statistical proprieties of the two populations maybe different as
bias can be introduced through cutting core in half, and inconsistency in which half of
the core is sent for assay. Factors such as keeping the visibly higher grade core, in
order to preserve the geological information may also be leading to a bias in the half
core population.
In the case of Haddons, combining whole and half core samples into a single database
maybe introducing errors.

Comparing the basic statistical properties of the two

datasets has shown that the two populations are different, and so should not be
combined.
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Variography on the Haddons data has shown the geostatisitical zone of influence to be
11.33 m, showing that the diamond drilling represents the grade of the orebody on
section, but not between sections.

The on-section drilling not only represents the

grade, but is also suitable for determining the geological continuity of the orebody.
However, drilling on 20 m sections means that the grade is not represented between
sections, and there is uncertainty as to whether the grade is continuous between
sections. There are areas between sections which are effectively unsampled for grade.
ROM pile sampling is used as a grade control method, but taking large numbers of
repeat samples has shown how variable the method can be. The Golden Pig ROM
grade was 56% higher than the repeat samples. The larger volume of repeat sample
had a higher variance than the GP sample, contrary to the volume variance
relationship, which can be attributed to the repeat samples having a higher range of
grades than the restricted GP dataset.

This demonstrates that the current ROM

sampling protocol is not representative of the ROM piles.
Taking more samples reduces the variability, as shown in Figure C:8, whereas only
taking 10 samples produces a highly variable mean grade. Taking larger numbers of
samples reduces the grade variability, but determining how large a sample must be to
adequately represent the ROM pile is done through calibrating the Gy Equation to the
individual deposit in question.
A heterogeneity test was carried out for the Haddons orebody and a K value of 88.08
g/cm1.5 was derived. Using this K value, it was shown that the current sampling regime
breaches “Gy’s Safety Line” and so is unsuitable. A new sampling regime based on
much larger samples was designed and tested using nomograms. From a 100 t ROM
pile, the minimum sampling size required as 1 tonne, which would then be crushed to
0.5 cm, and 10 kg taken for grinding. Once ground, 1 kg could be screened off and
sent for assay.

This new regime would not breach the Safety line, and the

Fundamental Sampling Error has been reduced to acceptable levels.
4. Case study – Taurus Lode, Golden Pig
4.1. Introduction
As discussed in Part A, Section 5.2.2, Golden Pig is hosted by intensely deformed
mafic and ultramafics, with intercalated banded iron formations (BIF) and sediments.
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The majority of the gold (98%) is located within BIF hosted lodes, such as Haddons.
However, gold is also located in shear-hosted lodes such as Taurus, which forms the
focus of this case study.
The Taurus (Lode) shear zone contains localised pods of high grades, and is the most
challenging to model and mine. Taurus is an anatomising north to northwest-trending
shear zone, proximal to the Eastern BIF. It forms part of the regional Fraser-Corinthia
Shear Zone, dipping 40 to 65° W, and is discordant to the stratigraphy (Nugus et al.
2003).
As detailed above, Golden Pig is currently experiencing problems reconciling grade
control grades with resource model grades. A thorough review of the current sampling
and grade control processes was undertaken at the mine, and several problem areas
highlighted. The aims of this case study are to optimise individual sampling protocols
that impinge on the Taurus lode, to determine whether grab sampling gives
representative samples and if not, to design a sampling regime that minimises the FSE
to acceptable levels.
4.2. ROM Sampling
4.2.1. Repeat ROM sampling
The same methodology as described for the Haddons ROM sampling (Section 2.4.2)
was applied to a Taurus ROM pile. 14 samples were taken from the Taurus ROM pile
as the mine grade, and 40 repeat samples were taken as the JCU grade. A top cut of
50 g/t was applied to both sets of data, so the effects of this are also investigated.
Table C:9 - Calculated ROM grades

uncut data

GP Grade
(g/t)
15.12

JCU Grade
(g/t)
5.35

Difference
(g/t)
9.77

%
Difference
+183%

cut data

10.76

4.55

6.21

+136%

As it can be seen in Table C:9, the grades from the repeat (JCU) samples are
significantly lower than the GP grades. This shows that the GP grades are being
heavily influenced by the erratic nature of the ore, with a single high-grade sample
having a major effect on the overall grade assigned to the pile. Taking more samples
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reduces this effect, and so reduces the overall grade. The GP grade is 183% larger
than the JCU grade. If the JCU grade is taken as the ‘true’ grade, the GP samples are
overestimating the grade by 183%. The bias towards low grade sampling in the repeat
(JCU) data may also be attributed to external factors. During ROM sampling, the GP
data was collected by Golden Pig personnel, who would obviously make more informed
choices over which samples would be taken. However, the JCU data was collected by
the author, who has significantly less experience within the operational framework of
the Golden Pig deposit.

This bias, where samples of high grade ore are taken

preferentially is termed operator bias and has been recorded in numerous industries
(e.g. mine sampling, Annels, 1991; soil sampling, Seaman, 2000)
The Taurus data is also subjected to cutting of individual high-grade samples, which
can lead to the under estimation of grades (Dominy and Annels 2001).

This is

especially true when an individual high grade sample is part of a dataset with very few
other grades. At Golden Pig, the problem of high-grade samples during ROM pile
sampling is treated by cutting the grades to a pre-determined level of 50 g/t.
The descriptive statistics (Table C:10) for the Taurus data are different for the GP data,
and the JCU data. The uncut and cut statistics are different, showing the impact that
cutting data has on the overall mean. The descriptive statistics for the JCU data has a
lower mean, median, standard deviation, and variance than the GP data. This is due to
the variability of grades within the Taurus orebody, where taking more samples will
lessen the impact of isolated high grades.
Table C:10 - Descriptive statistics for Taurus ROM pile samples

Statistic
Mean
Median
Mode
Standard Deviation
Variance
Kurtosis
Skewness
COV
Minimum
Maximum
Count

Uncut Data
GP data
JCU data
15.12
5.35
6.14
1.94
n/a
0.65
28.46
13.66
809.80
186.58
11.97
26.84
3.38
4.98
1.88
2.56
0.73
0.03
111.00
81.90
14.00
40.00

Cut Data
GP data
JCU data
10.76
4.55
6.14
1.94
n/a
0.65
13.26
9.32
175.79
86.79
5.85
16.67
2.29
3.97
1.23
2.05
0.73
0.03
50.00
50.00
14.00
40.00
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Histograms of the datasets were also constructed; these are included in Figures C:17
and C:18. As it can be seen, all of the histograms are similar, with a high positive
skew, and isolated high grades. Cutting the grades to a predetermined level merely
reduces the value of the high grades in the tail, and has no effect on the body of the
population. If the JCU grades are taken as the ‘true’ distribution of grades in the pile, it
can be seen that potential sample grades can vary from 0 g/t to 111 g/t.
If any 14 samples are taken from the ROM pile, the average grade for those 14
samples will be highly variable. If the ROM pile contains the 54 samples taken for this
study (JCU + GP), a range of grades is possible. The 14 lowest grade samples have
an average grade of 0.66 g/t, but the highest 14 samples have an average grade of
25.16 g/t. With the cut factor applied to the highest grades, the average for the 14
highest samples is 18.52 g/t. This is significant as if the lowest 14 samples had been
picked, the pile would have been discarded as waste, but if the highest 14 had been
chosen, the pile would have been sent to the mill as ore.
54 individual samples were collected from the Taurus ROM pile. A hypothetical ROM
pile containing just these 54 samples was randomly sampled by taking 14 samples at a
time using the binominal coefficient, 3.2x1012 different sets of 14 samples can be drawn
from 54 individual numbers.

For practical purposes, 200 10 sample sets were

randomly selected from the 54 samples, and the mean grade calculated. When these
mean grades are sorted, they can be plotted to demonstrate the variability in grade,
which is illustrated in Figures C:19 and C:20. The range of grades is relatively high
with a minimum grade of 1.41 g/t, and the maximum, 25.44 g/t. As two of the grades in
the 54 samples would have been cut to 50 g/t, the same experiment was conducted for
cut data (Figure C:20). The minimum grade obtained from the cut data remains the
same, 1.41 g/t, but the highest grade is reduced to 16.52 g/t.
As with Haddons (Section 3.3.3) the same experiment was carried out for 10 sets of
20, 30 and 40 samples, and the variability of these samples is displayed as Figure
C:21. The grade variability decreases as the number of samples taken increases, but
the decrease in grade variability is not as marked as is the case with Haddons which
can be attributed to the more variable nature of the Taurus ore. These curves show
that even more samples or larger samples would need to be taken to see a difference.
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Figure C:17 – Histograms of GP and JCU produced ROM pile grades (uncut) for
Taurus
Comparison of JCU (n=40) and GP (n=14) repeat ROM sampling (uncut data)
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Figure C:18 – Histogram of GP and JCU produced ROM pile grades (cut) for Taurus
Comparison of JCU (n=40) and GP (n=14) repeat ROM sampling (cut data)
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Figure C:19 – 200 10 sample set means (uncut data)
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Figure C:20 – 200 10 sample set mean grades (cut data)
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4.3. Heterogeneity Analysis and Gy Theory
4.3.1. Heterogeneity tests
A heterogeneity test was carried out on a Taurus ROM pile, using the methodology
detailed in Section 2.4.2. The Taurus heterogeneity test was identical to the Haddons
heterogeneity test, except 60 individual samples were taken, not 40.

The larger

number of heterogeneity samples taken for the Taurus orebody was due to the more
complex geology of the orebody, which required a more information about the
heterogeneity of the ROM pile from which to draw conclusions. All samples were taken
from a single stock pile.
Figure C:21 – Illustration of the 20, 30, and 40 randomly selected samples for Haddons
plotted against mean grade, which demonstrates the reduction in variability of total
sample grade as the number of samples taken increases.
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Statistical analysis of the data comprised descriptive statistics (Table C:11),
histograms, cumulative frequency plots and log probability plots, which are included in
Appendix C.

The data has a mean grade of 1.75 g/t, with a high variance and very

high coefficient of variation. The grade histogram exhibits some high grade extreme
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values and possible multiple populations. Heterogeneity curves for the entire dataset
and the coarse gold fraction are included as Figures C:22 and C:23.
Figure C:22 demonstrates that out of the 60 samples collected, 48 of them contained
less than 2 g/t gold, and so would be classified as waste. 57 of the samples contained
less than 10 g/t gold.

The highest grade sample contained 21.59 g/t gold.

The

samples collected are significant lower grade than the samples collected for Haddons.
The Taurus sample grades have a lower range than the Haddons data, and there is a
significantly higher concentration of low grades. The coarse gold fraction (Figure C:23)
is less heterogeneous than the total gold. This curve demonstrates that out of the 60
samples collected, 33 of them contained less than 10% coarse gold and 47 of the
samples contained less than 20% coarse gold. The highest percentage of coarse gold
was 63.46%. This shows that there is a higher level of coarse gold within Taurus than
in Haddons.
Table C:11 - Descriptive Statistics for the gold grades for Taurus
Statistic

Value

Mean

1.75

Median

0.17

Mode

0.08

Standard Deviation

4.14

Variance

17.16

Kurtosis

14.59

Skewness

3.75

COV

2.36

Count

60.00

Repeat assays were analysed for the Taurus data. The comparison plots are included
in Figures C:24 and C:25.

This demonstrates that there is good reproducibility

between the two pulps. This indicates that once the coarse fraction has been removed,
the two assays contain similar amounts of gold. Therefore, the scoops removed for
assaying can be deemed representative of the pulp. In Figure C:25, it can be seen that
there is some spread away from the best-fit line; this could be due to the presence of
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Figure C:22 – Heterogeneity curve for Taurus
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Figure C:23 – Coarse gold heterogeneity curve for Taurus
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Figure C:24 – Repeat assays for Taurus
Comparison of Repeat Assays - Taurus
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Figure C:25 – Low grade repeat assays for Taurus
Comparison of Low Grade Repeat Assays - Taurus
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gold fragments just below the screen size (150 µm). This would produce a slightly
more erratic spread away from the best-fit line.
The correlation coefficient for all 60 samples was 0.997, which is extremely good. For
the low grades samples, a correlation of 0.989 was calculated. These are both almost
perfect correlations.
4.3.2. Gy Theory
4.3.2.1.

Determination of K

K was determined using the same method as the Haddons case study (Section
3.4.2.1). The results for Taurus are shown below:
K = Sampling Constant
Relative variance of individual fragment grades = 17.16 / 1.752
Average mass of rock pieces = 1741.33 g
Average volume = mass / SG = 1741.33/2.98 = 584.23 cm3
radius of sphere = 5.18 cm therefore, diameter = 10.36 cm
Equivalent nominal size = 10.36/g1/3 = 10.36/0.63 = 16.44
K = (mass * variance) / equivalent d n 1.5
K = (1741.33 * 5.60) / (16.44)1.5
K = 9757.13 / 66.66
K = 146.38 g/cm1.5
4.3.2.2.

Calculation of FSE

Using Equation [C:8], Section 2.4.2, the FSE can be calculated for the current sampling
regime for Taurus. The error for each stage and total FSE is shown in Table C:12.
The current sampling regime for Taurus has the highest error in the first stage. The
crushing stages contain very little error, but when the sample is split for grinding and
assay, further errors are introduced, but these errors are significantly smaller than the
first sampling stage. Therefore it is the first stage of the sampling regime that needs to
be carefully considered.

The mean of the heterogeneity samples was 1.75 g/t.
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Therefore it can be said that the precision of this grade is 1.75 g/t ± 58.78%. This
corresponds to a grade limit of ± 1.8 g/t. Therefore the grade of the ROM pile could
vary between 0 and 3.55 g/t. This is an unacceptable level of error.
When the precision for a range of grades between 1 and 100 g/t is calculated and
plotted against grade, the precision for any specified grade can be predicted. This is
illustrated in Figure C:28.
unacceptably high.

The level of error in the current sampling regime is

If the ROM pile grades at 1 g/t, it would have a precision of

±314.87%. This would have a major impact on whether the pile was correctly assigned
as ore or waste. A Gy sampling nomogram was constructed for the current sampling
regime and is included as Figure C:26. The current sampling regime is breaching ‘Gy’s
Safety Line’ demonstrating the errors present within the system.
Table C:12 – Fundamental Sampling Error for current sampling protocol for Taurus
(slight differences between the error from individual sampling stages and the FSE can
be attributed to rounding)

4.3.2.3.

Stage

Error σ2

From 150t take 9kg

0.51429

Crush 9kg to 25mm

0.00000

Crush 9kg to 10mm

0.00000

Split to 4.5kg and grind to 0.075

0.00001

Split to 1.2kg for assay

0.00006

FSE

0.51436

Proposed sampling regime

Using the new regime, as proposed in Section 3.4.2.3, the Gy sampling nomogram for
Taurus was constructed and is included as Figure C:27.

As with Haddons, the

proposed method sampling nomogram shows how the sample preparation pathway
falls bellows ‘Gy’s Safety Line’. The proposed sampling regime is suitable for both
types of mineralisation present within the mine.
Using Equations [C:9] and [C:10], Taurus, at a mean grade of 1.75 g/t has a precision
of 1.12% and GL of ±0.03 g/t. The precision for various grades between 1 and 100 g/t
can be calculated and compared to the current regime; the results are illustrated in
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Figure C:26 – Sampling nomogram of the current sampling regime for Taurus
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Figure C:27 – Sampling nomogram of the proposed sampling regime for Taurus
Taurus Sampling Nomogram - proposed regime
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Figure C:28 – Precision vs. grade plots for current and proposed sampling regimes

Comparison of Precision - Current Vs Proposed (Taurus)
1000

Current Regime
Proposed Regime

Precision (%)

100

10

1

0.1

0.01
0

10

20

30

40

50

60

70

80

90

100

Gold Grade (g/t)

Figure C:27.

This shows how the new system would significantly reduce errors

incurred during sampling.
4.4. Conclusions – Taurus
The ROM pile grab sampling has been shown to produce a high level of variability
(Table C:10), and a new sampling protocol has been designed that reduces this to an
acceptable level. The new sampling method involves taking much larger samples, and
splitting the samples when the fragments in the sample have been reduced to a smaller
size. Splitting the sample in this way removes several of the biases that are present in
the current technique.
Taking much larger samples is costly and time consuming, and potentially impractical.
In order to reduce the sampling error to acceptable levels, 1 t of sample needs to be
taken for every 150 t of ROM pile. If the entire ROM pile was crushed to a much
smaller size, e.g. 1 or 2 cm, a smaller sample could be taken. Crushing large volumes
of rock requires expenditure on new items of crushing and sizing plant, so is
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impractical. This study has provided a sampling regime which is suitable for both
styles of mineralization at the Golden Pig mine. The new sampling regime is also
practical, and could be applied at the mine site with the minimum of expenditure on
new plant and machinery.
Grab sampling the ROM piles is used to determine whether the pile is sent to the mill
as ore, or stockpiled as waste, i.e. it used as a rudimentary reconciliation technique.
All reconciliation techniques rely on the resource evaluation technique being carefully
optimised and reconciliation is used as a test for the model. In the case of Taurus,
grab samples were taken to see whether the ROM pile is assigned as ore or waste,
due to the lack of confidence in the geological and resource models.

Improving

confidence in the geological interpretation (e.g. Nugus et al. 2003) and the resource
evaluation technique (Part D, this volume) means that less emphasis is placed on the
ROM sampling, due to a general improvement in the understanding of the deposit.
5. Case Study – Boulder Lode, Marvel Loch
5.1. Introduction
As discussed in Part A, Section 5.2.3, the Marvel Loch deposit is hosted by a northnorthwest trending lithology parallel shear zone (Ridley and Hagemann 1999), the
Marvel Loch shear zone.

The shear zone separates two sequences, the steeply

eastern dipping Western Sequence, and the westward steeply dipping Eastern
Sequence (Nugus and Dominy 2003).
predominantly

mafic

metavolcanics

and

The host rocks at Marvel Loch are
ultramafics

sills,

metamorphosed

to

amphibolite facies (Mueller 1991).
The Boulder Lode is located in the South Pit of the Marvel Loch mine, and is hosted by
one of a number of well developed shear zones to the west of the Marvel Loch Shear
Zone. These smaller shear zones have a consistent orientation of 70/75°E, and strike
140-150°, and are considered to be of a similar age to the Marvel Loch shear zone
(Nugus 2001). Lodes such as Boulder are considered to have formed at the junction of
the S-C fabrics that are pervasive throughout the deposit (Nugus and Dominy 2003).
The current sampling technique at the mine is to take grab samples either from the
ROM pad, or from the blasted, but in-situ ore. Grab samples are taken for grade
control, and have variable mass and fragment sizes. The previous case studies have

C-52

Part C – Sampling Optimisation

shown that grab sampling is a flawed methodology, and the aim of this case study is to
determine whether the sampling regime designed for the Golden Pig lodes is as
applicable in a different style of mineralisation
5.2. Heterogeneity Tests
A fifty piece heterogeneity test was carried out on a Boulder Lode ROM pile, using a
methodology consistent with the other case studies presented. Statistical analysis of
the heterogeneity test data comprised descriptive statistics (Table C:13), histograms,
and cumulative frequency plots. These figures are included as Appendix C.
Statistical analysis of the heterogeneity data shows a mean grade of 6.50 g/t, with a
high variance and COV. The grade distribution also contains several high-grade
extreme values. Heterogeneity curves were constructed for the entire dataset (Figure
C:29) and for the coarse gold fraction (Figure C:30).
Table C:13 - Descriptive Statistics for the gold grades for Boulder Lode
Statistic

Value

Mean
Median

6.50
0.66

Mode

0.42

Standard Deviation

22.08

Variance

487.72

Kurtosis

27.70

Skewness

5.10

COV

3.40

Minimum

0.03

Maximum

137.66

Count

50

Figure C:29 demonstrates that out of the 50 samples collected, 35 of them contained
less than 2 g/t gold and 46 of the samples contained less than 10 g/t gold. The
highest-grade sample contained 137.66 g/t gold. The shape of the curve demonstrates
how the samples collected contained variable amounts of gold. If the orebody were
relatively homogenous, the samples would have significant less variability, indicating
that Boulder Lode is heterogeneous.
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As Figure C:30 shows, the coarse gold fraction is less heterogeneous than the total
gold, with there being a more even spread of coarse gold percentages than gold
grades. This curve demonstrates that out of the 50 samples collected, 18 of them
contained less than 10% coarse gold and 32 of the samples contained less than 20%
coarse gold. The highest percentage of coarse gold was 88.33%.

Plotting repeat assays allows the reproducibility in the fine fractions to be determined
(Figures C:31 and C:32). There is good reproducibility between the two pulps as once
the coarse fraction has been removed, the two assays contain similar amounts of gold
particles. Therefore, the fractions that are assayed can be determined representative
of the pulp. This good reproducibility would be expected, as the coarse fraction has
been screened off.
The Coefficient of Correlation can also be calculated for the repeat assays. For all 50
samples, a correlation of 0.999 was produced, which is extremely good and for the low
grades samples, a correlation of 0.992 was calculated. These are both almost perfect
correlations.
5.3. Application of Gy Theory
5.3.1. Determination of K
K was determined using the method detailed in Section 3.4.2.1, applied to data
gathered from the heterogeneity tests, and is shown below:
K = Sampling Constant
Relative variance of individual fragment grades = variance / mean2 = 487.72 / 6.502
Average mass of rock pieces = 2016.57 g
Average volume = mass / SG = 2016.57/2.97 = 677.97 cm3
radius of sphere = 5.45 cm therefore, diameter = 10.90 cm
Equivalent nominal size = 10.90/g1/3 = 10.90/0.63 = 17.30
K = (mass * variance) / equivalent d n 1.5
K = (2016.57 * 11.53) / (17.30)1.5
K = 323.23 g/cm1.5

C-54

Part C – Sampling Optimisation

Figure C:29 – Heterogeneity curve for Boulder
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Figure C:30 – Coarse gold heterogeneity curve for Boulder
Boulder Lode - Coarse Gold Heterogeneity Curve
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Figure C:31 – Repeat assays for Boulder
Boulder Lode - Comparison of Assay Data
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Figure C:32 – Low grade repeat assays for Boulder
Boulder Lode - Comparison of Low Grade Assay Data
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5.3.2. Proposed Sampling Regime
A sampling regime can be designed to optimise the sampling process to fall within
acceptable limits. The methodology must be the same for Boulder and East Lodes, in
order for it to be practical. As with Haddons and Taurus, a 100 t ROM pile is assumed,
with an average fragment size of 10 cm. The proposed regime and associated errors
are illustrated in Table C:14.
Using the new regime, Boulder, at a mean grade of 6.50 g/t has a precision of 0.67%
and GL of ±0.28 g/t. The precision for various grades between 1 and 100 g/t can be
calculated; the results are illustrated in Figure C:33. The Gy sampling nomogram for
the proposed sampling regime is included as Figure C:34.
Table C:14 - Proposed regime and associated errors (slight differences between the
error from individual sampling stages and the FSE can be attributed to rounding)
Stage

Error σ2

From 100t, take 1t

0.010119

Crush 1t to 0.5cm

0.000000

From 1t take 10kg

0.011314

Crush 10kg to 75 microns

0.000000

Take 1kg for assay

0.000189

FSE

0.021622

As with the results for the Haddons and Taurus Lodes, the proposed sampling regime
for the Boulder Lode uses a much larger sample size (1 t), which would have to be
collected by a front end loader. This method would still contain a residual bias, but is a
significant improvement on collecting small, unrepresentative grab samples.
The proposed method for the Boulder Lode is the same as that proposed for the
Haddons and Taurus lodes. Figure C:34 shows how the sample preparation pathway
falls bellows ‘Gy’s Safety Line’ and that the Fundamental Sampling Error has been
reduced to acceptable levels.
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Figure C:33 – Precision vs. grade plots for proposed sampling regime
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Figure C:34 – Sampling nomogram of the proposed sampling regime for Boulder
Boulder Sampling Nomogram - proposed regime
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5.4. Conclusions – Boulder Lode
An optimised sampling process can be designed and modelled by using a
heterogeneity test to calibrate the Gy Equation. A K value of 323.23 g/cm1.5 was
derived for the Boulder Lode and a new sampling regime was plotted on a nomogram.
From a 100 t ROM pile, the minimum sampling size required as 1 t, which would then
be crushed to 0.5 cm, and 10 kg taken for grinding. Once ground, 1 kg could be
screened off and sent for assay. This new regime does not breach the Safety line, and
the Fundamental Sampling Error has been reduced to acceptable levels.
6. Case study – East Lode, Marvel Loch
6.1. Introduction
As noted previously (Part A, Section 5.2.3, and Part C, Section 5.1), the Marvel Loch
deposit is comprised of several individual lodes, hosted by the north-northwest trending
Marvel Loch shear zone (Ridley and Hagemann 1999). East Lode also occurs in the
south of the deposit, and is hosted in a similar structural setting to Boulder, being
hosted by 70 to 75°E dipping shears. East Lode is hosted by ultramafics, and is
structurally constrained (Nugus 2001).
Consistent with Boulder, the current sampling technique grab sampling from the ROM
pad, or from the blasted, but in-situ ore. The aim of this case study is to determine
whether the sampling regime designed for the Golden Pig lodes, and proved suitable
for Boulder is applicable for a different lode within the Marvel Loch deposit.
6.2. Heterogeneity Tests
A fifty piece heterogeneity test was carried out on an East Lode ROM pile, using the
same methodology as applied in all other case studies.

Statistical analysis of the

heterogeneity test data comprised descriptive statistics (Table C:15), histograms, and
cumulative frequency plots which are included in Appendix C.
Statistical analysis of the heterogeneity data shows a mean grade of 2.81 g/t, with a
relatively high variance and COV, the variance is significantly lower than Boulder. The
population has a positive skew and high kurtosis.

Heterogeneity curves were
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constructed for the entire dataset (Figure C:35) and for the coarse gold fraction (Figure
C:36).
Table C:15 - Descriptive Statistics for the gold grades for East Lode
Statistic

Value

Mean
Median

2.81
1.43

Mode

n/a

Standard Deviation

6.13

Variance

37.60

Kurtosis

37.35

Skewness

5.80

COV

2.18

Minimum

0.02

Maximum

42.50

Count

50

Figure C:35 demonstrates that out of the 50 samples collected, 30 of them contained
less than 2 g/t gold and 49 of the samples contained less than 10 g/t gold. The
highest-grade sample contained 42.495 g/t gold. This shows how the presence of a
single high-grade sample can influence the mean grade, and heterogeneity of the
dataset. The samples collected were relatively homogenous, except for a single highgrade sample, and this is reflected in Figure C:34.

As Figure C:36 shows, the coarse gold fraction is less heterogeneous than the total
gold, with there being a more even spread of coarse gold percentages than gold
grades. This curve demonstrates that out of the 50 samples collected, 29 of them
contained less than 10% coarse gold and 38 of the samples contained less than 20%
coarse gold. The highest percentage of coarse gold was 63.11%.

Repeat assays were analysed using screen fire assays. The two graphs produced are
included in Figures C:37 and C:38. There is good reproducibility between the two
pulps as once the coarse fraction has been removed, the two assays contain similar
amounts of gold particles. Therefore, the fractions that are assayed can be determined
representative of the pulp. This good reproducibility would be expected, as the coarse
fraction has been screened off. The Coefficient of Correlation can also be calculated
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Figure C:35 – Heterogeneity curve for East Lode
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Figure C:36 – Coarse gold heterogeneity curve for East Lode
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Figure C:37 – Repeat assays for East Lode
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Figure C:38 – Low grade repeat assays for East Lode
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for the repeat assays. For all 50 samples, a correlation of 0.997 was produced, which
is extremely good. For the low grades samples, a correlation of 0.989 was calculated,
which is very high.
.
6.3. Application of Gy Theory
6.3.1. Determination of K
K was determined using gathered from the heterogeneity tests, and is shown below:
K = Sampling Constant
Relative variance of individual fragment grades = variance / mean2 = 37.60 / 2.812
Average mass of rock pieces = 1993.05 g
Average volume = mass / SG = 1993.05/2.93 = 679.66 cm3
radius of sphere = 5.45 cm therefore, diameter = 10.91 cm
Equivalent nominal size = 10.91/g1/3 = 10.90/0.63 = 17.32
K = (mass * variance) / equivalent d n 1.5
K = (1993.05 * 4.75) / (17.32)1.5
K = 131.31 g/cm1.5
6.3.2. Proposed Sampling Regime
An optimised sampling regime can be designed, but the methodology must be the
same as for Boulder Lode, in order for it to be practical. As previously stated, a 100 t
ROM pile is assumed, with an average fragment size of 10 cm. The proposed regime
and associated errors are illustrated in Table C:16.
Table C:16 - Proposed regime and associated errors (slight differences between the
error from individual sampling stages and the FSE can be attributed to rounding)
Stage

Error σ2

From 100t, take 1t

0.004111

Crush 1t to 0.5cm

0.000000

From 1t take 10kg

0.004596

Crush 10kg to 75 microns

0.000000

Take 1kg for assay

0.000077

FSE

0.008784
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Using the new regime, East Lode, at a mean grade of 2.81 g/t has a precision of 0.62%
and GL of ±0.05 g/t. The precision plot for various grades between 1 and 100 g/t is
illustrated in Figure C:39. The Gy sampling nomogram for the proposed sampling
regime is included as Figure C:40.
The proposed method for the East Lode is the same as that proposed for the Haddons,
Taurus and Boulder lodes. The proposed method sampling nomogram for East Lode
shows how the sample preparation pathway falls bellows ‘Gy’s Safety Line’.

The

Fundamental Sampling Error has been reduced to acceptable levels.
6.4. Conclusions – East Lode
As with the other case studies in this chapter, an optimised sampling process was
designed for the East Lode. A heterogeneity test was carried out for the Boulder Lode,
and a K value of 131.13 g/cm1.5 was derived. A new sampling regime was designed
and tested. Consistent with the methodology proposed for Boulder, from a 100t ROM
pile, the minimum sampling size required as 1 t. The new regime does not breach the
Safety line, and the Fundamental Sampling Error has been reduced to acceptable
levels.

This methodology has been seen to be a suitable sampling system for

Archaean orogenic gold deposits.
7. Discussion
The case studies in this Thesis Part show how the methods discussed in Section 2 can
be applied to a wide variety of mineralisation styles, and are not restricted to a single
type of ore deposit. The case studies also demonstrate several specific findings that
are of interest.

As Part C focuses on the optimisation of sampling processes for

different mine sites, comment is made on the relative merits of the current sampling
regime.

However, this discussion will focus on the outcomes of the research, as

opposed to the auditing of the sampling practices of each mine, for a discussion on the
auditing process; the reader is directed to Bettenay and Shaw (1990) for a brief review.
The whole and half core datasets from within the Haddons Lode show a bias, which
cannot be explained through the volume variance relationship.

Comparing the

statistical properties of the two datasets shows that mean of the whole core database is
3.90 g/t, but for the half core, 2.09 g/t. The variance for whole core (168.50) is higher
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Figure C:39 – Precision vs. grade plots for proposed sampling regime
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Figure C:40 – Sampling nomogram of the proposed sampling regime for East Lode
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than for half core (56.44), which is contrary to the volume-variance relationship.
Variography of the Haddons data has shown a geostatistical zone of influence of 11.33
m, therefore the drilling on 20 m sections does not represent the grade of the orebody
along strike.

However, the drill spacing on section does accurately represent the

grade.
Repeat sampling of the Haddons and Taurus ROM piles has shown that the technique
produces highly variable results. The variable nature of grab sampling means that the
samples taken are not representative. Larger sample sizes are required, which can be
achieved by taking more samples per truckload. In order to determine the optimum
sample size, the Gy Equation can be calibrated through Gy “50 piece” tests. These
tests were carried out for all four lodes, and a K value determined for each.

A

summary of all K values determined for each case study is included in Table C:17.
Using the individual K values, a new sampling regime was designed and then tested
using Gy nomograms. All K values calculated in this study were through applying an
assumed α value and liberation size, and so are directly comparable.

The new

sampling regime is based on a much larger sample size from a 100 t ROM pile, the
minimum sampling size required as 1 t, which would then be crushed to 0.5 cm, and 10
kg taken for grinding. Once ground, 1 kg could be screened off and sent for assay.
The same sample size is suitable for all mineralisation styles encountered in this study.
Table C:17 – Summary of K values for case studies, compared to maximum
percentage of coarse gold
Maximum %

K Value

Optimised

Coarse Gold

(g/cm )

FSE

Haddons

35.17

88.08

0.006

Taurus

63.46

146.38

0.010

Boulder

88.33

323.23

0.022

East

63.11

131.31

0.008

Lode

1.5
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Figure C:41 – Correlation of sampling constant and percentage coarse gold in the four
deposits studied in this volume, compared to the data presented by Dominy and
Petersen (2005). A positive correlation is observed.
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Figure C:43 –Comparison of heterogeneity curves of all deposits studied
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As Table C:17 shows, high K values are associated with higher quantities of coarse
gold in the orebody. When the data presented in this volume is compared to that
presented by Dominy and Petersen (2005) (Figure C:41) the relationship between the
K value and the percentage coarse gold is inconsistent.

However, the data from

Dominy and Petersen (2005) is sourced entirely from Bendigo-style deposits, which are
characterised by extremely (visible) coarse gold. The gold within the two deposits
studied for this volume was rarely visible, especially in the Haddons and East lodes.
Of the four deposits studied, Boulder Lode contained the highest percentage of coarse
gold (88.33%), and also the highest K value. This is also echoed by the heterogeneity
curves, as Figure C:43 shows.
However, the relationship between the two variables may not be as simple as a purely
linear or non-linear curve (as illustrated by the curve in Figure C:41). If this is the case,
significantly more research into this relationship is required to derive a predictive model
for Archaean orogenic gold deposits. There maybe differing relationships between the
two variables for differing mineralisation styles. Unfortunately, the majority of published
work in this area does not include data on the levels of coarse gold observed within the
heterogeneity samples, with the K value presented for comparison. The correlation
between the K value and the proportion of coarse gold within a deposit has been
recognised previously (e.g. Dominy, 2004) where a link between an erratic distribution
and high levels of coarse gold and extremely high K values is discussed.

The

relationship between the K value and the geological characteristics of the deposit could
provide a more amenable methodology for determining the K value for gold deposits.
Francois-Bongarcon (1991) recommends a value of 470 g/cm1.5 when no calibration of
the Gy Equation has been undertaken, which would prove to be a conservative
estimate of the K value for all four deposits investigated in this study. If the correlation
between the percentage coarse gold and the K value were to prove to be sufficiently
constant, a methodology based on previous studies for “safe” K values for different
styles of mineralisation within the Archaean orogenic gold classification scheme could
be presented.
Sketchley (1998) presents K values from 35 globally distributed gold deposits, and a
selection are included in Table C:18 for comparison.

Using the classification

presented, three of the deposits investigated here would be classified as “Routine” i.e.
no problems would be anticipated. However, Boulder, which exhibits higher levels of
coarse gold, would be classified as “Monitor” i.e. local problems anticipated.

This
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classification, and the placement of the four Golden Pig and Marvel Loch lodes are
illustrated in Table C:18.

The classification presented by Sketchley (1998) would

appear to suggest that the two Golden Pig lodes, as well as East Lode form Marvel
Loch should not suffer from any sampling issues. However, it has been demonstrated
that this is not the case. Despite the low K values for these three lodes all experience
issues with sampling the ROM piles, marked by the need of a large primary sample (1
t) in order to reduce errors to acceptable levels. Boulder, which is typified by higher
grades and increased coarse gold, has a higher classification (“Monitor”) which reflects
the different characteristics, but the same-sized sample is required in order to reduce
these sampling errors.
Table C:18 – K values presented for globally distributed gold deposits. All K values are
approximate for a 1 cm particle size. The classification presented by Sketchley (1998)
describes “Routine” as “no problems anticipated” (<150), “Monitor” as “local problems
anticipated” (between 150 and 500) and “Problem” as “major problems anticipated”
(>500)

Deposit name

Oyu Tolgoi
Kidston

Deposit Type
Cu-Au porphyry
system
Carbonate basemetal Au

Haddons

Archaean orogenic

(Golden Pig)

gold (Yilgarn)

Batu Hijau

Cu-Au porphyry
system

Charters

Intrustion-realted

Towers

gold

East

Archaean orogenic

(Marvel Loch)

gold (Yilgarn)

Taurus

Archaean orogenic

(Golden Pig)

gold (Yilgarn)

K Value
(g/cm1.5)

Sketchley
(1998)

Reference

Classification

60

Routine

80

Routine

88.08

Routine

Sketchley and
Forster (2005)
Sketchley
(1998)
This volume
Dominy and

120

Routine

Petersen
(2005)
Dominy and

120

Routine

Petersen
(2005)

131.31

Routine

This volume

146.38

Routine

This volume
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Granny Smith

Archaean orogenic
gold (Yilgarn)

Osbourne

Iron-oxide Cu-Au

Boulder

Archaean orogenic

(Marvel Loch)

gold (Yilgarn)

Porgera
(altered)
Big Bell

Epithermal gold
Archaean orogenic
gold (Yilgarn)

170

Monitor

270

Monitor

323.23

Monitor

480

Monitor

910

Problem

Sketchley
(1998)
Sketchley
(1998)
This volume
Sketchley
(1998)
Sketchley
(1998)
Dominy and

Nalunaq

Slate hosted gold

1900

Problem

Petersen
(2005)
Dominy and

Tarnagulla

Slate hosted gold

3,700

Problem

Petersen
(2005)

Dome
Unknown

Archaean orogenic
gold (Canada)
“extreme nugget gold
ore”

>10,000

Problem

23,500

Problem

Sketchley
(1998)
Dominy
(2004)
Dominy and

Ballarat

Slate hosted gold

89,700

Problem

Petersen
(2005)
Dominy and

Bendigo

Slate hosted gold

193,000

Problem

Petersen
(2005)

As Table C:17 and Figure C:41 illustrate, the value of K is related to the proportion of
coarse gold in the deposit, which is a direct result of the mineralisation system which
generated the deposit. Archaean orogenic gold deposits within the Yilgarn tend to
have lower K values (between 88.08 for Haddons and 910 for Big Bell), which means
that they are more challenging to sample than deposits of lower grade, and finer gold
(e.g. copper-gold porphyry stems such as Oyu Tolgoi), but not as challenging as
deposit styles marked by extreme nugget effects and coarse gold (e.g. Dominy, 2004).
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The FSE is partly a function of the mass and particle size of the lot being sampled, so
taking a smaller sample (in the region of 2 kg) results in an extreme error. The FSE
can never equal zero as it is related to the intrinsic heterogeneity of the ore, therefore if
gold particles are assumed to be randomly distributed throughout the orebody, the FSE
is also related to the concentration of these gold particles (Pitard 1993). In order to
compensate for the variable nature of Archaean orogenic gold mineralisation, the
sampling procedure should be designed for the worst case scenario encountered
(Boulder, in this case). This provides a conservative sampling regime for all other
mineralisation styles.
The main focus of this study has been on Archaean orogenic gold deposits, and the
variation in K value has shown that at an arbitrary approach to sampling is not suitable.
The K value varies considerably, even in similar mineralisation styles within the same
deposit (e.g. Boulder and East Lodes, Marvel Loch), as it is dependant on the
individual samples collected within the confines of the heterogeneity study, and the
geological properties of the orebody. Heterogeneity studies and the application of Gy
Theory have been shown to be suitable in a variety of mineralisation styles. However,
minimising the FSE is the first stage in reducing the errors in a sampling regime.
Errors can also be included during transportation, sample preparation and assaying of
samples.

These factors must also be considered, and correct QA/QC standards

implemented to reduce sampling errors to the least possible value. Taking larger,
better quality samples is only the first stage in producing accurate and precise data for
use in further geostatistical estimates, and in monitoring the performance of the
estimate throughout the life of the mine.
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Part D:
Resource Evaluation Optimisation in Archaean Orogenic Gold Deposits
In Part D, the discussion of geostatistical techniques (Sections 2.3 to 2.10) is based on
parts of Roberts (2004) provided in Appendix A, and used with permission of the
Economic Geology Research Unit (James Cook University). Parts of the Haddons
case study, presented in Sections 3.1 to 3.4 were also first published in Roberts
(2004).
Abstract
.Resource evaluation techniques were also optimised for four different mineralisation styles: the Haddons and
Taurus orebodies from Golden Pig, and the Undaunted and Sherwood orebodies from Marvel Loch. Resource
evaluation techniques used both estimation and simulation, and all case studies included an optimised
estimation method. In three of the case studies, conditional simulation models are also presented. Quantitative
Kriging Neighbourhood Analysis (QKNA) was used to determine a suitable search area for the individual
orebodies. Each of the orebodies was modelled using a variety of techniques and search areas, and
comparisons were made between the global mean grade of the model with the declustered mean grade of the
input data, individual blocks from the model, and trend plots and grade tonnage curves of the individual models.
The Haddons case study was also reconciled with a known bulk sample grade to illustrate the suitability of the
modelling technique. The optimised evaluation technique is different for every orebody, illustrating how a
blanket approach to resource evaluation is unsuitable.

1. Introduction
The evaluation of mineral resources is a vital part of any mining project. Modelling the
contained gold within a deposit is critical in determining whether a project will be able to
be run as a project. Modelling the resource effectively is the first step in this process.
The term “resource evaluation” is used to include all methodologies of resource
estimation, simulation and interpolation. Due to the wide range of techniques that are
currently available to the experienced practitioner, the term “resource evaluation” is
used as a blanket term to cover the entire process. Optimising resource evaluation
procedures is often a long process, due to the large numbers of variables that must be
considered. Unfortunately, the historical method of resource evaluation optimisation
has been to follow defaults in software, or a historically derived process. An optimised
resource evaluation procedure must take into account the geological nature of the data,
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as well as the statistical properties of the given dataset.

The most useful set of

optimisation tools are geostatistics, and were first published by Georges Matheron in
1963. Since then the subject has expanded exponentially to become a well-accepted
practice within the mining industry. However, there are numerous examples of poor
evaluation practices (e.g. Burmeister 1988), and these can have catastrophic effects on
the industry (e.g Bre-X; Danielson and Whyte 1997), and at a wider level. Optimising
resource evaluation procedures have been documented in the literature (e.g. Annels
and Boakye 1989; Armitage and Robinson 1992; Moorhead et al. 2001). This study
aims to illustrate how a generalised approach to ore modelling is unsuitable and each
deposit and mineralisation style must be treated on an individual basis.
The process of optimising the resource model contains several logical steps and the
effect of poorly evaluated resource model cannot be understated. A description of the
resource evaluation method, and the assumptions used therein are key criteria for
reporting Resource and Reserve estimates under the JORC Code (JORC 2004). This
study aims to illustrate the errors that can occur during ore modelling, and how these
errors can be reduced through applying effective protocols. This Thesis Part takes the
form of a literature review of the techniques utilised in this section, and four case
studies, two from an underground operation, and two from an open pit operation.
2. Review of Literature
2.1. Introduction
The choice of the correct grade evaluation technique must be based on a thorough
understanding of the mathematical basis, and inherent assumptions, as well as
detailed knowledge of the geology of the deposit.

Applying any technique,

geostatistical or otherwise, will be flawed without a good understanding of the method.
In the context of resource evaluation, optimisation is the process of determining the
most suitable methodology for the deposit in question.

The optimum evaluation

strategy is one that has made best use of the data, and is best suited to the geological
characteristics of the deposit.
2.2. Statistics, Geostatistics and Mining Geology
The science of statistical analyses is a useful tool as it allows the operator to easily
organise, present and summarise data (Isaaks and Srivastava 1989). The practice of
statistical analysis is concerned with the magnitudes of the data, and the spatial
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position of each point is ignored (Annels 1991). Geostatistics is defined as “…a branch
of applied statistics dealing with phenomena that fluctuate in space” (Olea 1991).
Geostatistics is an extension of statistical theory where the spatial position of the data
points is also considered.

Both statistics and geostatistics have a long history of

application within mining geology. The science has been continuously evolving since
its inception and gaining greater acceptance within the industry.
2.3. Inherent assumptions: Randomness and Regionalised Variables
Statistics relies on two major assumptions, that the individual data within a set are
random and unrelated to each other. However, this is rarely the case in geology. A
geological dataset contains data that are related to each other, due to the processes
that formed the orebody.

Unfortunately, these processes are rarely understood

sufficiently, so the process that generates the orebody is often considered a random
process (Isaaks and Srivastava 1989).
Sample grades in an orebody will often correlate with each other. Mineralisation will
often contain a spatial pattern of grades, such as preferential orientation of high
grades, or evenly mineralised zones (Vann et al. 2001). The aim of evaluation is to
characterise the random process that has generated these data.

Matheron (1973)

used the term Regionalised Variable (RV) to describe a variable that is distributed in
space, and the result of a random process (Shaw 2002). The magnitude of an RV is
partly dependant on its geographical location in space, and partly dependant on its
support (Annels 1991). Support is defined as “…the volume, shape and orientation” of
a RV. The value of any sample at a certain point will be different dependant on the
sampling technique used. For example, the grade of a diamond drill hole will differ
from a channel sample taken from the same geographical location (Annels 1991).
2.4. Stationarity
The most important assumption in mining geostatistics is that of stationarity.
Stationarity is defined as “[when] a random function is homogenous and self repeating
in space” (Vann et al. 2001). The assumption of stationarity allows inferences to be
drawn between regionalised variables.
Stationarity can be achieved in two ways: through strict stationarity, or weak or secondorder stationarity. Strict stationarity assumes that all samples are drawn from the same
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statistical distribution (Clark 1979). Weak or second-order stationarity assumes that
the mean and covariance of a pair of samples are constant, and that the covariance is
only dependant on the distance and direction between the two points.

When the

separation of the two points is zero, the variance must be constant (Vann et al. 2001).
In the field of geological applications, these assumptions can rarely be satisfied. When
this is the case, the assumption of stationarity is weakened to “the intrinsic hypothesis”.
This assumes that the mean and variance are independent of location (Vann et al.
2001). The assumption of the intrinsic hypothesis can be tested through slicing the
grade data into horizontal, vertical, and strike-parallel planes, and calculating the
descriptive statistics for each. The weakest form of stationarity possible is that of
“quasi-stationarity”, where stationarity can only be proved for the limits of the kriging
search area (Vann et al. 2001).
2.5. Variography
Variograms are used to model the spatial continuity of the data, and are plots of the
relationship between ‘difference in sample value’ and ‘distance between the samples’
(Clark 2001). This is expressed by (Isaaks and Srivastava 1989):

γ * ( h) =

1
(v x − v y ) 2
∑
2 N ( h) ( x , y ) h ≈ h

[D:1]

xy

Where:
v x and v y are sample points separated by a distance h
Variograms are produced by comparing all data values a fixed distance away from
each other (lag distance).

The lag distance is then increased and all points that

distance away compared. The gamma value (γ*h) is then plotted against lag distance
to produce an experimental variogram (Annels 1991).

Variograms can be

omnidirectional - regardless of direction, or directional, for specified orientations within
the orebody. A mathematical model is then fitted to the experimental variogram. As h
increases, γ*(h) also changes; the mathematical model of the experimental variogram
must consider this. The most common model for a variogram is spherical, which is the
most commonly applied in mining geostatistics. The spherical model is represented by
the following mathematical expression:
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h3 
 h
γ (h) = Co + C 1.5 − 0.5 3 
a 
 a

for h<a
[D:2]

γ (h) = Co + C

for h>a

Co, C and a are the variogram parameters, as defined below, h is the lag distance. For
a more detailed discussion of these parameters see David (1977).
The Nugget Variance (Co) represents the random proportion of the total variance of
the data. The gamma value for a variogram at h=0 should be equal to zero, but
several factors such as poor sampling or short scale variability can cause a jump at the
origin. Discontinuous behaviour near the origin, shown by the presence of the nugget
variance is indicative of irregular behaviour at very short distances.
The Spatial Variance (C) is the remaining variance within the data, and represents the
proportion of the variance that can be modelled with spatial correlation.
The sill (Co+C) is the sum of the nugget and spatial variances, and is equal to the
variance of the input data.
The Range (a) is the distance at which there is no longer a relationship between
samples.

As h increases, the γ(h) also increases, but eventually, the increase in

separation distance does not cause an increase in γ(h). The variogram reaches a
constant value. The distance at which the variogram reaches this plateau is the range.
The Nugget Effect (ε) is calculated thus:

ε =(

Co
) * 100
Co + C

[D:3]

The nugget effect is a ratio of the nugget variance to the spatial variance, expressed as
a percentage.

Numerous authors have discussed the nugget effect, and its influence

on resource estimation, including David (1977); Isaaks and Srivastava (1989); Pittard
(1993); and Francois-Bongarcon (1993).
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However, there are discrepancies in the literature over term “nugget effect”.

The

nugget effect as defined above is numerical expression of the ratio of nugget variance
to total variance, as determined from the variogram using equation [D:3]. There have
been numerous references to the nugget variance (Co) as the “nugget effect” (e.g.
David 1977).

In his excellent paper, Pittard (1993) describes the seven types of

variability that comprise the “nugget effect”, but careful reading reveals that these
variabilities affect Co, which is termed nugget variance in this thesis.
Therefore, the composition of the nugget variance, Co is discussed below. Pittard
(1993) lists the seven types of variability as:
1. The true in-situ, small scale random variability
2. Variability introduced during all sampling and sub-sampling stages, which is a
function of fragment size, and sample / sub-sample mass
3. Variability through ore segregation after communition of the material during all
sampling and sub-sampling stages
4. Variability through biased sampling and sub-sampling
5. Variability through poor recovery during sampling and sub-sampling
6. Variability through contamination, loss, physical / chemical alteration and
human error during sampling and sub-sampling
7. Variability introduced by the analytical procedure utilised
The variabilities that are caused by poor sampling practice (numbers 2 to 6) can be
quantified through Sampling Theory (Part C). These variabilities are then expressed as
variances (e.g. Fundamental Sampling Error).
David (1977) discuses the proportion of the nugget variance caused by highly erratic
mineralisation at small scales, which is listed as (1) in Pittard (1993)’s classification.
David (1977) describes this as the “Chaotic Component”, which is inversely
proportional to the volume of samples. An example of this in practice is that the nugget
variance for a variogram of 2m samples will be less than a variogram of 1m samples.
The nugget variance can be reduced through carefully optimised sampling regimes
(e.g. Roberts et al. 2003), through generating variograms using larger sample supports
(e.g. 2m composites vs. 1m composites, Vann et al. 2001), or through careful
geological studies (e.g. Raine 2005)
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When a variogram is described as exhibiting a Pure Nugget Effect (PNE), the
variogram shows random fluctuations around a horizontal line, at the input data
variance (sill). PNE variograms reflect a random grade distribution, with no spatial
correlation between individual samples, but PNE variograms can be generated when
too wide sampling grids are employed, or as a product of noise from skewed data or
extreme values. Poor domaining of the data, based on poor geological understanding
can also produce false PNE variograms (Annels 1991). When a deposit displays PNE
variograms, careful consideration of these factors must be undertaken before classical
statistical methodologies are employed.
Directional variograms can be modelled with different parameters in different directions,
and this property is termed anisotropy. There are two types of anisotropy, geometric
and zonal. Geometric Anisotropy occurs when the sill of the variograms remains the
same, and the range differs. When plotted as a function of direction, the variogram
ranges will occur as an ellipse in two dimensions, or an ellipsoid in thee dimensions
(Isaaks and Srivastava 1989; Vann et al. 2001). Zonal Anisotropy occurs when there
distinct zonation occurs between high and low grade areas. Zonal anisotropy occurs
when the direction parallel to the zonation has significantly less variability than
directions perpendicular to the zonation (Vann et al. 2001). It is shown by changing
variogram sills, but consistent variogram ranges, as direction changes (Krajewski and
Gibbs 1996).
2.6. Noisy Variograms and Data Transforms
Once the assumption of stationarity has been tested, the next stage in applying any
geostatistical method is to derive a stable variogram.

Unfortunately, in the case of

gold deposits, this can be relatively difficult. Dominy and Annels (2001), give a review
of the application of geostatistics to gold deposits, and indicate that the most common
problem encountered in modelling variograms is the presence of erratic high grades
(extreme values). Extreme values are a perennial problem in gold deposits, and can
be dealt with in several ways. The grades can be removed completely (filtered, e.g.
Journel and Arik 1988), the grades can be reduced to a specified level (cutting, e.g.
Dominy et al. 1999) the grades can be utilised as a separate distribution (extreme
value theory, e.g. Caers and Rombouts 1996), or the whole dataset can be
transformed into a more amenable distribution.

Part D – Resource Evaluation Optimisation

D-8

A noisy experimental variogram can also be produced artificially, through the choice of
an incorrect lag distance (Guibal 2001). Mixed populations can also cause noise in an
experimental variogram, so variograms should ideally be produced for a single
statistical population (Vann et al. 2001). Noise on a variogram can also be attributed to
a lack of samples or a concentration of samples in a particular geographic location
(Dominy and Annels 2001).

The spatial distribution of grades, expressed as a

variogram may be inherently noisy. If this is the case, the operator may have no choice
other than to resort to more robust methodologies such as pairwise relative variograms,
or data transformations (LN or gaussian). A brief review of these approaches is given
below.
2.6.1. Pairwise Relative Variograms
When computing a pairwise variogram, the γ*(h) value is calculated by dividing the
square of the differences of each pair by the square of the mean of the two values
(Annels 1991). This is expressed as (Bleines et al. 2001):

(Z a − Z β ) 2
1
γ * ( h) = ∑
2n n Z a − Z β 2
(
)
2

[D:4]

Where:
n = number of pairs separated by the considered distance
Z a and Z β = Value of the variable at two points constituting a pair
Calculating pairwise variograms has the effect of reducing the noise on the variogram
through removing small scale variations within the individual sample pairs, through
adjusting each sample pair. Pairwise variograms produce a clearer representation of
the spatial continuity of the dataset, reducing the inherent noise in the variogram, but
still reflecting the variation across the orebody (Isaaks and Strivistava, 1989). Once
pairwise variograms have been computed, the variograms can be used in kriging.
Isaaks and Srivastava (1989) mention a problem that occurs when the two data points
in the pair have a zero value, and hence a zero mean. In this case γ*(h) becomes
equal to infinity. To avoid this, zero values should be set to a small positive value (e.g.
0.001).
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2.6.2. “Normal Equivalent” Pairwise Relative Variograms
Annels (1991) presents a technique for deriving the “Normal Equivalent” of the nugget
variance (Co) and spatial variance (C) values of a pairwise variogram. The Co and C
values are multiplied by the ratio of the sill (input variance: σ2) to the pairwise sill. The
modified Co and C values can then be used to model an omnidirectional variogram,
and used to generate a kriged model.
2.6.3. Log or LN Data Transforms
Raw grade data can be transformed using natural logs (LN) or logs to the base-10
(log 10 ).

If data if truly log normal, the log transformation will result in a perfectly

normally distribution.

The main factor to be considered in log transformation is

consistency. There is still a belief that all positively skewed distributions in mining
geology are lognormal.

In general, grade distributions are not lognormal, but do

approach log-normality after log transformation (Dominy and Annels 2001).
2.6.4. Gaussian Transforms and Back Transformation of Variograms
Gaussian transformation (or anamorphosis) is simply the transformation of a dataset
that results in a normal histogram. A gaussian transformation can be made for any
distribution of grades. The process “de-skews” the distribution, in order to observe the
underlying structure. The gaussian transformation results in a normal histogram, with a
mean of zero, and a variance of 1.0.

Therefore, the sill of any variogram of the

gaussian transformed data will also be at 1.0 (Vann et al. 2001). A full description of
the gaussian transformation is given by Journel and Huijbregts (1978) and case studies
are presented by Rivoirard (1994). In summary, there are two methods of gaussian
transformation, the first is graphical, and the second through Hermite polynominal
expansion (Journel and Huijbregts 1978).

The Hermite polynominal transform is

(Bleines et al. 2001):
∞

∑ψ
i =0

i

H i (Y )

where (Journel and Huijbregts 1978):
Ψ = anamorphosis model

[D:5]
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H(Y) = Hermite polynominals
Once a variogram of the gaussian variables has been produced, the gaussian
variogram γ γ (h) can be back transformed to the “raw” variogram γ Z (h), under the
assumption that pairs of Gaussian transformed values [Y x ,Y x+h ] are bigaussian at any
distance h. The relationship between the gaussian variogram and the raw variogram is
then (Guibal 1987):
N

γ Z (h) = ∑ψ n2 [1 − {1 − γ γ (h)}n ]

[D:6]

n =1

where:
γ Z (h) = “raw” variogram
γ γ (h) = gaussian variogram
ψ = anamorphosis model
Gaussian transformation is preferable to log transformations; it will often perform better,
as a log transformation cannot guarantee a normal distribution. Log transformation will
only result in a gaussian transformation when the data is strictly log normal, which is
rarely the case in mining (Vann et al. 2001).
2.7. Selection of search areas
Once a variogram has been calculated and modelled successfully, the variogram
parameters are used in geostatistical techniques such as estimation and simulation.
One of the most important factors in any resource evaluation process is determining
the search area.

The search area is defined by the user, and is often based on

geological knowledge of the deposit, through a “rules of thumb”, (e.g., two-thirds
maximum extent of samples, e.g. Annels 1991) or accepting defaults within the
software.
However, Vann et al. (2003) present a technique for assessing the suitability of a
search area; this technique is termed Quantitative Kriging Neighbourhood Analysis
(QKNA). QKNA is applied in order to ensure ‘conditional unbiasedness’ in the resulting
estimates. ‘Conditional unbiasedness’ is defined by David (1977) as “…On average, all
blocks Z which are estimated to have a grade equal to Z o will have that grade” The
criteria considered when evaluating a search area through QKNA, in order of priority,
are (Vann et al. 2003):
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1. The slope of regression of the ‘true’ block grade on the ‘estimated’ block grade;
2. The weight of the mean for a simple kriging;
3. The distribution of kriging weights, and proportion of negative weights
4. The kriging variance
Under the assumption that the variogram is valid, and the regression is linear, the
regression between the ‘true’ and ‘estimated’ blocks can be calculated. The actual
scatter plot can never be demonstrated, as the ‘true’ grades are never known but the
covariance between ‘true’ and ‘estimated’ blocks can be calculated. This regression
provides the slope of the line, derived from (Vann et al. 2003):

Cov( Z v , Z V* )
a=
Var ( Z V* )

[D:7]

Where:
a=

the slope of regression

ZV =

the true block grade

Z V * = the estimated block grade
The slope of regression should be as close to one as possible, implying conditional
unbiasedness. If the slope of regression equals one, the estimated block grade will
approximately equate to the unknown ‘true’ block grades (Vann et al. 2003).
During Ordinary Kriging (OK), the sum of the kriging weights is equal to one. When
Simple Kriging (SK) is used the sum of kriging weights is not constrained to add up to
one, with the remaining kriging weight being allocated to the mean grade of the input
data. Therefore, not only the data within the search area is used to Krige the block
grade, but the mean grade of the input data also influences the final block grade. The
kriging weight assigned to the input data mean grade is termed “the weight of the
mean”. The weight of the mean of a Simple Krige is a good indication of the search
area as it shows the influence of the Screen Effect. A sample is ‘screened’ if another
sample lies between it and the point being estimated, causing the weight of the
screened sample to be reduced. The screen effect is stronger when there are high
levels of continuity denoted by the variogram. A high nugget effect (low continuity) will
allow weights to be spread far from a block in order to reduce bias (Vann et al. 2003).
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The weight of the mean for a SK demonstrates the strength of the Screen Effect the
larger the weight of the mean, the weaker the Screen Effect will be. The general rule is
that the weight of the mean should be as close to zero as possible.

QKNA is a

balancing act between maximising the slope of regression, and minimising the weight
of the mean for a SK (Vann et al. 2003). The margins of an optimised search will
contain samples with very small or slightly negative weights. Visual checks of the
search area should be made in order to verify this. The proportion of negative weights
in the search area should be less than 5% (Vann et al. 2003).
Kriging Variance (KV) can also be used as a measure of the quality of a search area.
The KV of a block shows how well informed it is in respect to data density / geometry
(Annels 1991). Generating maps of KV can demonstrate areas within the block model
that are less well informed (Vann et al. 2003). In order to determine the optimum
search area for a given variogram / dataset, these parameters can be calculated for a
range of individual blocks:
 Well informed blocks, with samples within the block to be estimated, and surrounded
by a high density of samples
 Reasonably informed blocks, with samples surrounding the block, but less well
informed than above, and
 Poorly informed blocks, e.g. blocks with few samples surrounding, or on the edge of
domains
QKNA provides a useful technique that uses mathematically sound tools to optimise a
search area. It is an invaluable step in determining the correct search area for any
estimation or simulation exercise.

Due to the nature of Archaean orogenic gold

deposits, where high nugget effects and poor continuity are common, the application of
the search area has an enormous effect on the outcome of any geostatistical study.
Therefore, QKNA is recommended as an important step in the optimisation of resource
estimation for this deposit style.
2.8. Estimation
In geostatistical estimation, the primary objective has traditionally to be estimate block
grades from sample point data. There are numerous types of estimation, ranging from
linear (Ordinary or Lognormal Kriging) to non-linear (Indicator Kriging). The choice of
which estimator to apply should be based on a careful study of the deposit in question.
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Brief reviews of several geostatistical estimators are provided below. A review of the
non-geostatistical estimator, IDW is also included. For a more detailed description of
the mathematical basis of geostatistical estimation see Isaaks and Srivastava (1989)
and Journel and Huijbregts (1978).
2.8.1. Inverse Distance Weighting (IDW)
The basis for this estimation technique is ‘weighting’ by a linear or exponential distance
function.

For each point, usually located at the block centre, the influence of the

surrounding samples varies inversely with distance. The weighting factor applied is the
inverse of the distance between the sample and the point, raised to a power ‘n’, where
n usually varies between 1 and 3 (Annels 1991). This is represented by the following
equation:
n

ZB =

Zi

∑(d
i =1

n

n
i

∑ (1/ d
i =1

)
n
i

)

[D:8]

Where:
Z B = Block Grade
Z i = Grade at each sample location
n = power chosen by the user
2.8.2. Ordinary Kriging (OK)
Geostatistical estimators differ from ‘classical’ estimators as they are based on a model
of the continuity of the data given by the variogram, as opposed to an arbitrary model
as used by IDW. In kriging, weights are assigned to each sample point based on the
distance from the block being estimated (like IDW). However, the weights are also
dependant on the sampling pattern and density, and the 3D position of the sample in
relation to the block (Annels 1991).
The values of the weights are affected by the variogram parameters, Co and C, and by
the anisotropic ratios of the variogram ranges in different directions (Annels 1991). As
the variogram parameters are derived from the sample data from the orebody, the
nature of the mineralisation is accounted for during estimation, whereas IDW effectively
ignores the underlying spatial characteristics of the orebody.
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Kriging can be summarised by the acronym BLUE, or Best Linear Unbiased Estimator
(Modified from Vann et al. 2001):
Best – Kriging has the minimum expected squared difference between the estimate
and true value for any linear estimator, i.e. it is the ‘best’.
Linear – The samples are weighted in a linear fashion. IDW and polygonal methods
are also linear.
Unbiased – The expected error is equal to zero, so it is unbiased. This is satisfied if
the sum of the kriging weights is equal to one.
Estimator – Kriging is used to estimate a value for an area where the true grade is
unknown.
In summary, kriging can be represented mathematically by:
n

Z B = ∑ λi .Z i

[D:9]

i =1

where:
Z B = Block Grade
λ i = Kriging Weights
Z i = Grade at each sample location
The kriging variance (σ2 K ) of the block can be expressed as:
n

σ K2 = σ v ,v + µ − ∑ K i .σ i ,v

[D:10]

i =1

where:
σ v,v = average covariance between all possible pairs of points in the block to be
estimated
σ i,v = average covariance between a point i and all discretization points in the
block V to be estimated
μ = Lagrange Multiplier
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All linear estimation methodologies (e.g. polygonal, IDW and kriging) that are based on
a weighted average of the data will smooth the data. The inherent variability of the
data will not be replicated. This means small-scale features of the mineralisation will
not be represented in the grade model, however, the model should reflect the input
data. It should be remembered that the outcome of a kriged model, is a model, and so
the geological knowledge of the operator must be taken into account.
2.8.3. Lognormal Kriging (LK)
LK has the same basic methodology as OK, except all statistical and variographic
analyses are calculated using the logarithms of the data. Once log-variograms have
been calculated, Simple Kriging (SK) is used to estimate the block values, which are
then back calculated to raw grades (Annels 1991).

The most important factor in

applying LK is that the data has a perfectly lognormal distribution. True lognormality is
essential in order to avoid ridiculous estimates (Annels 1991).

Without true

lognormality, LK can produce biased estimates (Vann and Guibal 2001).
If raw data variograms are excessively noisy, LN variograms can also be calculated
and back transformed, for use in OK (Annels 1991).

This technique is termed

Lognormal Shortcut Kriging (LSK). Co/C of the log-variogram and the sill value (σ2) of
the raw variogram are used to estimate Co and C values of the raw variogram. This is
illustrated by the following example from Annels (1991):
1)

CoRAW + CRAW = 60

2)

CoLOG / CLOG = 0.571

From (2) CoLOG = 0.571 x CLOG
Substituting (1) 1.571CLOG = 60
Hence CRAW = 38.2 and CoRAW = 21.8
The estimated raw values are then used to krige the raw data, which removes the need
for back calculation of the block estimates.
2.9. Geostatistical simulations
2.9.1. Basic Principals

D-16

Part D – Resource Evaluation Optimisation

Variability in an ore deposit can be modelled through the application of geostatistical
simulations (Journel and Kyriakidis 2004).

There are two types of geostatistical

simulation, unconditional and conditional, and conditional simulation is discussed here.
Conditional simulation is a specific type of geostatistical simulation where the actual
data is used to ground the simulation in reality – the simulation is “conditioned” by the
true data (Vann et al. 2003).
The main difference between simulation and estimation is that estimation is aimed at
local accuracy, whereas simulation aims for both local and structural accuracy (Journel
and Kyriakidis 2004). The main aim of estimation is to produce a grade which is as
close as possible to the true grade. Simulation aims to not only to do this, but to also
reflect the spatial structure of the entire entity. A simulated model will not only produce
a good correlation between true and simulated grades, but also the model will echo the
input histogram and variogram (David 1988).

Simulation is a stochastic approach

which generates any number of alternative sets of values, as opposed to the single set
generated through estimation (Shaw 2002). Each of these equiprobable results of a
simulation algorithm is termed a realisation, or an image, and should reflect not only
the input data but also the histogram and variogram (Journel and Kyriakidis 2004). A
simulation model comprises any user-defined number of realisations, and is
theoretically infinite (Khosrowshahi and Shaw 2001).
Simulation is often based on a Gaussian transform of the raw data and in order to
determine whether a Gaussian transform (anamorphosis) is applicable to a dataset,
three statistical tests must be conducted and passed. Humphreys (1998) gives an
example of these tests being applied to the Wandoo project, Boddington gold mine,
and a summary of these tests is given here.
The first and most important test is to check whether indicator residuals have spatial
correlation, as shown by cross variograms. Rivoirard (1994) gives the theoretical basis
and a case study to illustrate the calculation of indicator residuals. If all indicator
residuals show spatial correlation, than a Gaussian approach to simulation is justified, if
there is a breakdown in spatial correlation, than a Gaussian approach with under
perform, giving biased results.
Deutsch and Lewis (1992) present a test which is based on normalised indicators. If
the Gaussian reconstructed indicator variograms are the same as those calculated
from the raw data, then a Gaussian approach is warranted. The ratios of indicator
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variograms should also be investigated. If the ratio of cross variogram to variogram
increases with distance, then a Gaussian approach to simulation can be justified
(Humphreys 1998). If these conditions cannot be satisfied, then another approach to
simulation must be applied.
2.9.2. Varieties of Conditional Simulation
As with estimation based algorithms, simulation comes in numerous varieties. Two of
the main conditional simulation methodologies are Turning Bands and Sequential
Gaussian Simulation, which are discussed briefly here. The reader is directed to Dowd
(1991) and Journel and Kyriakidis (2004) for a detailed review of the mathematical
basis of these two techniques.
2.9.2.1.

Turning Bands (TB)

TB was the one of the first simulation methods presented in the literature, and is a twophase process. The approach is based on simulating grades in one dimension, and
then rotating the images through three dimensions, to project the simulated variable
onto the spatial coordinates. The values for each of the specified points are then
averaged to give the required 3D value (Shaw 2002). The second phase is to condition
the simulation through a separate kriging step. The main drawbacks of this method are
that the conditioning is dependant on kriging, and so has the same disadvantages are
discussed previously, and that not all types of variogram model can be simulated.
However, as the spherical model can be simulated, this is not a fundamental failure of
the technique (Guibal 2002). One of the most widely publicised errors encountered in
TB simulation is the production of artefacts, or banding in the realisations (e.g. Journel
and Huijbregts 1978), but this was later rectified (Dowd 1992).
2.9.2.2.

Sequential Gaussian Simulation (SGS)

The SGS algorithm consists of several steps (Dowd 1992):
1) Transform conditioning data into Gaussian values (Gaussian Anamorphosis)
2) Calculate and model the variogram of the transformed data
3) Determine a grid of points onto which values will be simulated, and define a
random path through all n grid points
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4) At each simulation point, Ordinary Krige a value from all sample points captured
in the search area, the samples can be real (the conditioning data), or
previously simulated values
5)

Use the kriged value and kriging variance to form a distribution of all the
conditioning values and simulated point, and choose a random value, assign
this value to the point

6) Return to step (4) until simulated values have been assigned to all grid points
7) Take the inverse transform of the Gaussian data, to return the values to
meaningful grades
The SGS methodology is relatively simple, and can be implemented quickly and easily.
However, the method can be time consuming if large datasets are being simulated.
Guibal (2002) lists several uncertainties with the method, such as the effect of the
random path on the simulation, and variogram and search area issues.
2.9.3. Applications in the mining industry
Conditional simulation has many applications in the mining industry, and the
conditioning process, which honours the input data, is a major factor in this. As a
simulated model is a reflection of the conditioning data, it provides a representation of
the local data density and variability (Shaw 2002).
One of the focuses of conditional simulation modelling is on the investigation of risk
and uncertainty in mining operations. Typical applications of conditional simulation
include risk modelling (e.g. Sans et al. 2002), modelling geological boundaries (e.g. Liu
and Oliver 2003), mine planning (e.g. Edwards 2003) and optimising grade control (e.g.
Shaw 2002).

There are also numerous examples of conditional simulation being

applied to non-mining geological phenomena (e.g. soil variability, Dimitrakopoulos and
Mackie 2003; tree species distribution, Lister et al. 2000), and the technique is steadily
gaining acceptance across a wide range of industries.
2.10.

Reconciliation

Reconciliation is the processes of comparing models to actual production figures.
Reconciliation is considered a useful tool for determining the impact of changing
parameters on the resultant block model. Mine reconciliation is defined by Schofield
(2001) as “…the practice of comparing the tonnage and grade of material processed by
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the mill, with the tonnage and grade of ore in the reserve model”. Comparing the
estimated resource / reserve tonnes and grade with the mill tonnes and grade gives an
excellent measure of the suitability of the estimation technique.
The most common reconciliation method is to compare the resource model to the
production figures for a specified period.

The quantity of metal produced can be

measured directly through the amount of gold poured, or indirectly from mill feed
samples (Schofield 2001). Tonnage reconciliation is especially difficult, as the ore
outline in the resource model is rarely the ore outline that is mined. Often the tonnage
mined can be accurately predicted through careful stope design and blast hole
sampling (Schofield 2001). Grade reconciliation however, is often more fraught with
problems.
Reconciliation studies can be used to test three areas of the resource estimation
process.

These include validation of the input data or modelling technique, and

checking the final resource model (Sides 1992). The most important aspect for the
purpose of this study is checking the final model against known orebody grades. The
known grade can be derived from production (e.g. over a given period), or against a
known bulk sample grade.

All grade reconciliation is based on two assumptions

(Schofield 2001):
 The mill is able to measure the ore grade and tonnage with more accuracy than the
resource estimation procedure
 The reconciliation processes takes into account all sources of error
One of the biggest issues encountered during reconciliation studies is that data used in
the comparisons are often derived from numerous sources, and obtained from different
calculation techniques. Therefore, the data may not be directly comparable. However,
as long as these limitations are recognised, comparing the resource model grade to
known grades is a useful technique for showing the effectiveness of the estimation
methodology.
3. Methodology
This Thesis Part consists of four case studies, with similar methodology which is
discussed below. Variations from the general methodology are detailed in each case
study.
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Stage 1 – Data Validation
Data is extracted from a grade model of the orebody being studied. The dataset is
then checked for composites of less than 1 m length, which are excluded.

If the

dataset contains more than one type of sample, these data points are also excluded.
Stage 2 – Statistical Analysis
Statistical analysis was carried out for datasets derived for each orebody. Descriptive
statistics, histograms, cumulative frequency plots and probability plots are calculated.
The data are also cut into horizontal, vertical and strike parallel slices of a uniform
thickness, and the statistical parameters were derived for each slice, in order to test the
assumption of stationarity.
Stage 3 – Variography
Both omnidirectional and directional variograms are calculated and modelled. Various
variographic and data transforms are attempted in order to model a variogram that is
suitable for estimation and simulation. The data transforms include taking the natural
log of the data and gaussian anamorphosis. Pairwise, back calculated pairwise and
LSK variograms were also calculated.
Stage 4 – Kriging Methods
Various estimation techniques were applied, using search areas derived from QKNA.
A large search area (“Unique”) which encompasses all the data is also utilised to
estimate the block grade. Estimation methods used throughout this Thesis Part include
IDW (1 – 6), OK using raw grade variograms, pairwise variograms, “normalized”
pairwise variograms and gaussian transformed and back-calculated variograms, LK
using LN grade variograms and LSK using back transformed LN Variograms.

All

numerical models were calculated for an identical block model, which has dimensions
of 10 x 5 x 5 m. The average sample spacing along strike is 20 m, and the block size
was set at half the average sample spacing. The sample spacing down dip varied
between 1 and 5 m, and a block size of 5 m was chosen to incorporate as many
samples as possible per block. All block models were discretised to grid of 5x10x5, so
each discretisation point represents 1 m3.
Stage 5 – Estimated Model Comparisons
The block models produced were compared in several ways, through comparison
between the estimated model global mean and the declustered mean grade of the
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input data, through extracting individual block grades from different areas of the
orebody, and through the production of trend plots and grade tonnage curves. The
block models were also compared to a known bulk sample as a type of reconciliation
method.
Stage 6 – Conditional Simulation
Conditional simulation models were computed for the individual datasets. Methods
applied include TB and SGS. The variograms used for estimation in Stage 4 were also
used to condition the TB simulations. TB and SGS were also carried out in Gaussian
space, and back transformed.
Stage 5 – Simulated Model Comparisons
Comparing simulations generated with various variogram parameters can be
accomplished using the same techniques as described for comparing estimated
models. The mean simulation of the 50 realisations is taken, and compared through
global mean grades, individual blocks, trend plots and grade tonnage curves.
4. Case Study – Haddons Lode, Golden Pig
4.1. Introduction
As discussed in Part A, Section 5.2.2, the Haddons Lode, Golden Pig is hosted by
intensely deformed mafic and ultramafics, with intercalated banded iron formations
(BIF) and sediments. The majority of the gold (98%) is located within BIF hosted lodes,
such as Haddons, which forms the focus for this case study. Gold is also located in
shear-hosted lodes (e.g. Taurus, Nugus et al. 2003) which contain 2% of the total gold
within the Golden Pig deposit as a whole (McBeath and Whitworth 2002).
Mineralisation at Golden Pig is predominantly stratabound, within tight to isoclinally
folded and sheared BIF’s. Four BIF’s have been identified, which strike between 140°
and 150°, dip between 50° and 80°W and vary in thickness from between 0.5 and 10
m. Economic mineralization is located in both the limbs and folds of the BIF’s (McBeath
and Whitworth, 2002). Haddons is located on the western limb of the folded Eastern
BIF; it strikes 160°, and dips 65° to 70° to the west and is extensively folded. Fold axial
planes strike between 140° and 160°, and dip west at 70° to 80° (Nugus et al. 2003).
The BIF is bounded in the hangingwall by ultramafics and in the footwall by mafics
(Whitworth 2002).
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Choosing the most suitable resource estimation procedure is an important factor in any
resource estimation process. There are always numerous considerations to be taken
into account before the optimum technique can be determined. Therefore, the aims of
this case study is to determine the most suitable estimation technique for the orebody,
and to determine whether changing the support of the dataset has an appreciable
effect on the resultant block model. The block models will then be reconciled to a
known bulk sample to test whether the optimised technique produces a realistic grade
model of the orebody.
4.2. Methodology
The datasets used in this case study are summarised in Table D:1.
Table D:1 – Review of data types used in Haddons case study
Data Type
Sample
Data
Composite
Data

Surpac Function
“Extract Sample
Data within
Geology”
“Composite by
Geological
Constraints”

Sample Length
Variable
0.75m to 1m

Comments
Samples from geologically
controlled sampling –
inconsistent lengths
Composited data from
geologically controlled
sampling

Constant
Support?
No
Yes

Stage 1 – Data Validation
The Sample data comprises samples logged within geological constraints, and is
therefore of various lengths. This Sample data was composited to 1 m lengths, to
generate the “Composite” dataset. The Sample and Composite datasets comprised
the same data, in the same geographical locations. The Sample dataset being the
original geology based samples, and the Composite dataset being the sample data
composited to 1 m intervals. Each dataset was then checked for RC and sludge drilled
holes, and these samples and composites were excluded. All composites less than 75
cm were also removed. For the Sample dataset, 109 RC samples were removed, at a
mean grade of 7.05 g/t and in the Composite data, 93 RC samples at a mean grade of
8.61 g/t were removed.
Stage 3 – Variography
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Both omnidirectional and directional variograms were calculated for the Sample and
Composite raw datasets. Omnidirectional variography produced good results, which
could be successfully modelled whereas directional variograms were extremely noisy.
Omnidirectional variograms were also computed for LN data, producing experimental
variograms that could be easily modelled. A similar result was obtained from pairwise
relative variograms. The variograms produced for this case study are included as
Appendix D.
Stage 4 – Kriging Methods
Six different search parameters were used for estimation for the Haddons dataset. The
search area parameters are included in Table D:2. An optimised search area (Search
10) was derived through the application of QKNA on the Composite data. The QKNA
statistics for these search areas are shown in Table D:3, demonstrating the suitability
of Search 10. Search areas 1 to 4 differ through the number of angular sectors, and
the minimum and maximum number of samples stipulated. This method divides each
search area into the required number of sectors, and searches for the nearest specified
number of samples. Using a sector search can reduce bias from a high density of
samples in an area of the orebody (Annels 1991). The “Unique” search area was also
applied.
Table D:2 – Search area parameters for moving search areas
Search Area

Dimensions
(x,y,z)(m)

Rotation
(x,y,z)

No of
Sectors

Search 1
Search 2
Search 3
Search 4
Search 10

20x80x20
20x80x20
20x80x20
20x80x20
15x70x15

027,0,-5
027,0,-5
027,0,-5
027,0,-5
027,0,-5

1
4
8
16
16

Minimum
No of
Samples
1
5
5
10
10

Table D:3 – QKNA Statistics for search areas

Search
1
2
3
4
10

Slope of
Regression
Well
Poorly
informed
informed

0.84
0.93
0.96
0.99
0.98

0.30
0.43
0.44
0.50
0.40

SK
Weight of the Mean
Well
Poorly
informed
informed

0.17
0.14
0.12
0.13
0.14

0.75
0.75
0.77
0.77
0.77

Maximum
No of
Samples
10
10
10
100
100
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Search
1
2
3
4
10

Percentage
Negative Weights
Well
Poorly
informed
informed

0.00
0.39
3.12
7.80
6.88

0.00
0.00
0.00
0.00
0.00

Kriging
Standard Deviation
Well
Poorly
informed
informed

6.88
5.77
5.42
5.26
5.29

46.32
36.75
36.36
35.03
37.75

4.3. Model Comparisons
4.3.1. Statistical Analysis
Statistical analysis of both the Composite and Sample datasets shows that the data
does not exhibit a lognormal population. When natural logs (LN) of the data are taken,
the data moves towards lognormality, but is not actually lognormal. The descriptive
statistics for both the Composite and Sample datasets are included as Table D:4.
Histograms, cumulative frequency and Q-Q plots (Appendix D) show that the
distribution may contain several populations. It is to be noted that as the distribution is
not perfectly lognormal, LK will produce biased estimates (Annels 1991).
Table D:4 – Descriptive statistics for Composite and Sample datasets

Statistic
Mean
Median
Mode
Standard Deviation
Variance
Kurtosis
Skewness
COV
Count

Composite Data
Raw
LN
6.41
0.99
2.72
0.99
0.25
-1.39
10.17
1.41
103.48
1.99
17.71
0.03
3.72
-0.29
1.59
1.42
818
818

Sample Data
Raw
LN
5.98
0.58
1.74
0.55
1.00
0.00
13.04
1.65
170.15
2.72
54.04
-0.19
6.06
-0.16
2.18
2.84
1082
1082

Stationarity testing of both the Sample and Composite datasets was carried out. The
results are included as Appendix D.

As usually the case (Vann et al. 2001) the

datasets do not demonstrate strict or second order stationarity, but the mean and
variance are correlated sufficiently to allow an assumption of the intrinsic hypothesis to
be made. The assumption of the intrinsic hypothesis is the weakest level of stationarity
that can be applied in meaningful geostatistical studies.
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4.3.2. Estimation Parameters
The variogram parameters utilised during estimation are included in Table D:5. Each
method was applied to both Sample and Composite data, using the six search areas
detailed in Table D:2.
Table D:5 – Variograms and kriging methodologies
Data Type

Variogram Type

Co

C

a

ε (%)

Kriging Method

Sample
Sample

Omnidirectional
Pairwise

92.00
0.79

78.15
0.11

21.00
9.50

54.07
87.58

OK
OK

Sample

“Normalized” Pairwise

149.02

21.13

9.50

87.58

OK

Sample

Gaussian BT

PNE

PNE

PNE

100

OK

Sample

LN Omnidirectional

2.10

0.60

10.00

77.78

LK

Sample

Transformed LN

37.81

132.33 10.00

22.22

LSK

Composite

Omnidirectional

55.00

53.21

17.00

50.83

OK

Composite

Pairwise

0.52

0.30

9.00

63.41

OK

Composite

“Normalized” Pairwise

65.62

37.86

9.00

63.41

OK

Composite

Gaussian BT

90.00

18.00

11.00

83.33

OK

Composite

LN Omnidirectional

1.10

0.89

8.00

55.28

LK

Composite

Transformed LN

59.90

48.31

8.00

55.36

LSK

4.3.3. Model Comparisons
4.3.3.1.

Declustered Mean Grade

The declustered statistics for the Composite and Sample datasets are included in
Table D:6. The window dimensions for the declustering were kept at 80m along strike,
and 20m along and across dip, which is consistent with the dimensions of Searches 1
to 4.
Table D:6 – Declustered Means for Composite and Sample datasets

Statistic
Mean
Standard Deviation

Composite Data
Raw
Declustered
6.55
5.85
10.4
9.66

Sample Data
Raw
Declustered
5.98
5.73
13.04
12.8

The global mean can be calculated for each block model, and compared to the
declustered mean of the corresponding datasets.

As kriging performs a level of
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declustering during estimation (Snowden 2004), it is vital that the global mean of the
estimate is compared to a declustered mean of the raw data. In this study, the block
sizes estimated were kept constant, and so the mean grade can be compared. The
mean grades for the various estimation methods are included as Figures D:1 and D:2.
The most striking trend that can be identified is that the Composite data produces
higher mean grades than the sample data. Across each method, the mean grade
remains relatively constant, between 5.24 and 6.09 g/t for Sample data, excluding LK,
and between 5.52 and 6.62 g/t for Composite data. The LK results for the sample data
show highly variable grades, which is not echoed by the Composite data, and can be
attributed to the smoothing of the data during compositing.
The global mean grade should reflect the declustered mean grade of the input data in a
“good” estimation (Isaaks and Srivastava 1989). In the case of Sample data, the effect
of kriging with a pure nugget effect model, and a Unique neighbourhood is to assign
the Sample data mean grade (5.98 g/t) to every block. This is demonstrated by the
back transformed Gaussian individual block grade being the same as the global mean
grade. However, when a moving search area is applied, the best results are produced
when the QKNA optimised search area (Search 10) is used. As shown by Table D:6,
the declustered mean of the Sample data is 5.73 g/t and the gaussian back
transformed OK model has a global mean grade of 5.82 g/t.

OK with pairwise

variograms gives a global mean grade of 5.79 g/t and using IDW6 produces a global
mean grade of 5.75 g/t.
In the case of Composite data, the declustered mean grade (Table D:6) of the input
data is 5.85 g/t. Once again, the QKNA optimised search (Search 10) is required to
produce a “good” estimate. IDW4 produces a mean grade of 5.83 g/t, which is the best
estimate from all the IDW models. The best estimate from the kriged models was from
OK with pairwise variograms, at 5.87 g/t, and the gaussian transformed OK model at
5.92 g/t.
The percentage difference from the declustered mean for each of the models was
calculated, and plotted as a difference from the base case (Figures D:3 and D:4). This
demonstrates the impact of an inappropriate estimation methodology, as well as
applying an unsuitable search area. This is especially apparent in Figure D:4 where
applying the wrong search and estimation technique e.g. Search 4, and IDW1
produces a global grade that is 10.48% greater than the declustered mean. As the n
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Figure D:1 – Declustered mean grade vs. global estimation grade (Sample data)
Estimation method vs. declustered mean - Sample data
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Figure D:2 – Declustered mean grade vs. global estimation grade (Composite data)
Estimation method vs. declustered mean - Composite data
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Figure D:3 – Difference from declustered mean, expressed as a percentage (Sample
data)
Estimation method vs. declustered mean - Sample data
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Figure D:4 – Difference from declustered mean, expressed as a percentage
(Composite data)
Estimation method vs. declustered mean - Composite data
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value increases, the percentage difference decreases for Searches 2, 3, and 4.
However, even with IDW6, and Search 2, the difference is still 1.84%. Using Search
10, and OK with pairwise variograms, the percentage difference is reduced to 0.38%.
The effect of using unsuitable search areas and estimation methods is more obvious
with the Composite data, which demonstrates the amount of care required in choosing
these parameters.
Comparing the global means for all models and the declustered means shows that the
only way to replicate the input data is through the application of a carefully optimised
search. The effect of a randomly selected search area is clearly shown. The choice of
estimation technique is also important with IDW underperforming when compared to
OK based methodologies.

The optimum technique for the Haddons orebody was

shown to be OK with back transformed Gaussian variograms, with Composite data and
Search 10.
4.3.3.2.

Individual block grades

For each block model, three individual block grades were extracted for comparison.
The (x, y, z) coordinates of these blocks are included as Table D:7.
Table D:7 – Individual block positions for Haddons
Block name
H1
H2
H3

Level of information
Reasonably informed
Well informed
Poorly informed

x (m)
4775
4800
4780

y (m)
14500
14400
14400

z (m)
1245
1245
1260

Of the three blocks, H2 is the most well informed, being in the centre of the orebody,
with samples within the block. H3 is the most poorly informed of the blocks, occurring
on the edge of the orebody, with no samples within the actual block, it is estimated
purely by samples within the search area. H1, although not as well as informed as H2,
is located in the high-grade area of the orebody, so the plots of individual block grade
for H1 are included as Figures D:5 and D:6, and the plots of H2 and H3 are included in
Appendix D. Several trends become apparent from observing the block grades, the
most significant is that the Composite block grades are higher than the Sample block
grades. This is due to the Composite data having a higher input mean grade than the
Sample data.
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Figure D:5 – Individual block grade vs. estimation method for D1 (Sample data)
Estimation method vs. single block grade (D1) - Sample data
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Figure D:6 – Individual block grade vs. estimation method for D1 (Composite data)
Estimation method vs. single block grade (D1) - Composite data
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In general, it can be seen that regardless of the n value, IDW produces a higher
individual block grade than all of the other techniques. At the highest n value, 6, a
similar block grade is calculated no matter what Search is applied. When very high n
values are used, the result of the estimation is similar to a polygonal estimate, where all
samples except the closest are effectively ignored. Using the QKNA optimised search
(Search 10) and Composite data produces constant results for IDW, the grade only
varying by 0.84 g/t. The Sample data produces higher grades than the Composite data
when IDW is applied. This shows how the IDW technique is smoothing the individual
high grades within the Sample database, thus increasing the grade. Compositing the
data has removed these high grades, effectively top cutting the input data.
“Normalizing” the pairwise relative variograms has no effect on the grade of the block,
and so would appear to be an unnecessary step. The main advantage in taking this
step, however, is that the result is a raw grade variogram, as opposed to a relative
variogram. A pairwise relative variogram would produce spurious variance calculations
during the kriging process (Bleines et al. 2001).
The most variable grade when changing the search parameters occurs when the
lognormal kriging method is applied. This shows that the method is highly susceptible
to the samples collected by the search area, and so the search area needs careful
consideration.

This method will also contain an inherent bias, as the underlying

distributions are not perfectly lognormal. Lognormal kriging was used historically in
South Africa, but the strictness of the lognormal hypothesis means that it is rarely used
today (Vann and Guibal 2001). LK is also based on a Simple Krige algorithm, which
has unacceptably high stationarity conditions, making it doubly unsuitable for
application to mining data (Vann et al. 2003).
The back transformed Gaussian variogram for Sample data shows pure nugget effect,
and the lack of spatial correlation means that the kriging procedure is more like a
simple averaging of the available data (Isaaks and Srivastava 1989). In the case of the
Sample data, the change in the block grade is a function of the available data
changing. This is further demonstrated by the Composite data, which has been kriged
using a variogram model with a nugget effect of 83%, and the block grades being
significantly less variable.
The individual block grades are more variable when calculated using Sample data, as
opposed to the Composite data. This shows that compositing the data has reduced the
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effect of the high-grades present in the sample database. The high grades in the
sample database are causing the block grades to be more variable, as they are
weighted, and used in calculating the individual block grade. This effect is not present
in the composite data, as the high-grade samples have been effectively removed from
the dataset.
4.3.3.3.

Trend Plots

Trend plots of the individual block models are produced by plotting northing (y) against
the average grade for that northing. The resultant trend plots are then compared to the
input trends of the data, to determine whether the estimation is honouring the data.
Trend plots also illustrate how grade changes along strike, and how the estimation
technique has performed over all.
The OK with a back transformed gaussian variogram had the best comparison with the
declustered mean, so these trend plots are included as Figures D:7 and D:8.

The

trend plots from the other estimation techniques are included in Appendix D. The
models show similar trends to the input data, illustrating that the estimation technique is
honouring the input data correctly. The trend plots of the input data show how the
Composite data has less variation than the Sample Data. The maximum peak is higher
for Sample data than it is for Composite data. The Composite trend plot is smoother
than the Sample trend plot, showing how the erratic nature of the data has been
reduced through compositing. Both the Sample and Composite trend plots have a
major peak at 14500, which echoes the input data.

Search 1, the most tightly

constrained search area, has the most variability as the block grades are heavily
influenced by grades close to the block. The Unique search area, which uses every
data point to estimate the grade, shows a high degree of smoothing, as the grade
hardly varies along strike. Search 10 provides a compromise between the high levels
of smoothing experienced by using the Unique search area, and the extreme variability
of Search 1.
Trend plots are useful technique for comparing different estimation techniques, and the
impact of changing the n value of IDW is especially apparent. This is demonstrated in
Figure D:9, which is a comparison of IDW1 and IDW6, using Search 10 with Composite
data. As Figure D:9 shows, the higher the n value, the less smoothed the estimate and
the height of the peaks increases. As smoothing within the model decreases, the
impact of the closer spaced samples is having more of an impact on the final estimate.
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Figure D:7 – Trend plot for OK using back transformed gaussian variograms (Sample
data)
Trend Plots for OK with back transformed gaussian variograms (Sample data)
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Figure D:8 – Trend plot for OK using back transformed gaussian variograms
(Composite data)
Trend Plots for OK with back transformed gaussian variograms (Composite data)
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4.3.3.4.
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Grade-tonnage Curves

Grade-tonnage curves are created by calculating the number of blocks (and hence
tonnage) above a specified cut off grade. Grade-tonnage curves indicate which blocks
are above the cut off grade, and so will be mined as ore, and which are below, to be
mined as waste (David 1972). Grade-tonnage curves are a useful tool for observing the
selectivity within each block model (Snowden 2004). As David (1972) asserts, gradetonnage curves are based on the estimated grades, and so do not represent reality, but
a model of reality. Grade-tonnage curves were calculated for each of the search areas,
for each estimation technique. A comparison of the Sample and Composite curves,
(OK with back transformed gaussian variograms) is included as Figure D:10. All other
grade tonnage curves are included as Appendix D.
Selectivity is represented on a grade tonnage curve by the gradient of the line. The
curves in Figure D:10 show that the Sample data produces a model of the orebody that
has higher selectivity than the Composite data. At higher cut of grades (e.g. 6 g/t),
estimating using the Sample data produces less tonnes, but at a higher mean grade.
The Sample data produces a model with 30.47% of the tonnage above the 6g/t cut-off,
with a mean grade of 10.47 g/t. The Composite model has 41.58% of the tonnes
above the 6g/t cut-off, but a mean grade of 8.97 g/t. These trends are reflected in the
other grade tonnage curves (see Appendix D). In general, the Sample data produces
models with a higher mean grade, but less tonnes than the Composite data. This
echoes the findings of previous tests in this case study.
4.3.3.5.

Reconciliation

The test of any estimation method is reconciliation (Pitard 2001).

In the case of

Haddons, reconciliation between the different block models and a known bulk sample
is possible.

The methodology utilised for reconciliation is detailed below, and is

consistent with the methodology presented by Pevely (2001).
A bulk sample was taken from a single stope in the Haddons orebody and processed
as a batch sample at the Marvel Loch mill. The grade for the bulk sample was then
determined from the quantity of gold produced by the mill, and back calculated to
grams per tonne. This method assumes that there is no gold being locked into, or
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Figure D:9 – Comparison between IDW1 and IDW6, showing the effect of smoothing
the data
IDW1 vs IDW6 for Composite data (Search 10)
12.00
IDW1
IDW6
10.00

Grade (g/t)

8.00

6.00

4.00

2.00

0.00
14300

14350

14400

14450

14500

14550

14600

14650

14700

Y(m)

Figure D:10 – Comparison of Grade Tonnage Curves for Sample and Composite data
(back transformed gaussian OK – Search 10)
Grade-tonnage Curves for Sample and Composite Data - Search 10
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released by, the mill. This assumption is important to understand, as no processing
plant is 100% efficient.
Each of the block models was tested by comparing a cavity monitoring system (CMS)
generated model of the batch sample against the estimated grade model. As the batch
sample only intersects parts of some of the individual blocks, a weighted grade of the
proportions of the blocks within the batch model was calculated.

This concept is

illustrated in Figure D:11. The weighted grade was determined by the percentage of
the block within the batch model. For instance, if 100% of the block was within the
batch, 100% of the block grade was included in the estimate.
Once all of the proportions of the grades had been determined, the reconciled mean
grade can be determined. This grade can then be compared to the back calculated
batch grade as an indicator as to how well the estimation has performed. The batch
grade was back calculated by Sons of Gwalia Ltd as 4.69 g/t. The actual batch grade
is compared to each of the estimated batch grades in Figures D:12 and D:13. The
Sample data underestimates the grade with the only exception being LK, with a very
small search area (Search 1). The Composite data is more variable, with grades being
over estimated when a low n value IDW strategy is applied, and when inappropriate
searches are used with kriging methodologies. Again, using LK and a small search
area produces peculiar results.
It has been shown previously that Search 10 produces the best quality estimation, and
in the case of Sample data, estimates the batch grades to within 10% when IDW1,
IDW2, IDW3 and OK with back transformed gaussian variograms are applied. Figure
D:13 shows that with Composite data the batch grade is estimated to within 10% by
IDW3 and IDW4, and to within 12% by IDW5 and OK with back transformed gaussian
variograms.

Although good reconciliation between the actual batch grade and the

estimated batch grade is indicated, IDW has been shown previously to be an
unsatisfactory estimator, due to the smoothing both local and global scales. This is
further represented here as a low n value produces the best results with Sample data,
and a high n value with Composite data.

OK with back transformed gaussian

variograms produces good reconciliations with both Sample and Composite data.
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Figure D:11 – Partial stoping of resource blocks, leading to the generation of a
reconciled grade
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Figure D:12 – Undiluted estimated vs. actual batch grades (Sample data)
Estimation method vs. undiluted batch grade - Sample data
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Figure D:13 – Undiluted estimated vs. actual batch grades (Composite data)
Estimation method vs. undiluted batch grade - Composite data
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4.4. Conclusions - Haddons
Statistical analysis of the Sample and Composite data show that both show a near
lognormal distribution with multiple populations within this distribution. The Sample
data is more highly skewed, and has a higher coefficient of variation than the
Composite data. Stationarity testing has shown that the data does not exhibit second
order stationarity, but the intrinsic hypothesis can be applied.
When variography is carried out on both data sets, it becomes obvious that the
composite data variograms always display a smaller nugget effect, no matter what type
of variogram is calculated, i.e. the volume-variance relationship. The clearest and
easiest to model variograms are produced through a relative pairwise variogram, and
through gaussian transformation of the data.

Back transformation of the gaussian

variograms produces raw variograms with significantly higher nugget effects than the
gaussian variograms. After back transformation, the sample data gives a pure nugget
effect variogram, but the composite data gives a nugget effect of 83%. The nugget
effect can be further reduced through the optimisation of sampling regimes (Roberts et
al. 2003), and through the better understanding of the geological characteristics of the
deposit (Nugus et al. 2003; Raine 2005).
Applying the series of geostatistical tools termed QKNA has produced a mathematical
valid search area. Search 10 has similar extents to the arbitrary searches (Searches 1
to 4), but is slightly smaller.

Each dataset was then estimated using a variety of

techniques and the 6 searches, and several comparisons were made.
The Composite data produces higher mean grades than the Sample data and the
mean grade for the block models remains relatively constant across each estimation
method, with the exception of LK. Using LK to estimate Sample data produces highly
variable results that are not echoed by the Composite data. The only way that the
input data can be accurately reproduced is through optimising the search area using
QKNA. The most accurate results for Composite data were produced using OK with
pairwise variograms, or OK with gaussian back transformed variograms. In general
IDW based estimation techniques under perform when compared to OK based
methodologies.
Changing the search area has a dramatic effect on the individual block grade. This is
especially apparent when using Composite data. The compositing lessens the effect of
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isolated high-grades, but raises the mean grade substantially.

The Composite

individual block grades are significantly higher than the corresponding block for Sample
data. Applying IDW to Composite data produces a higher block grade than all other
techniques. At the highest n value, 6, a similar block grade is calculated no matter
what search area is applied. Individual block grades are more variable for the Sample
data than the Composite data, reflecting the presence of isolated high grades within the
Sample grade distribution. When the Sample data is composited, these high grades
are smoothed out, reducing their influence when estimated into a block model of
Composite data.
The most suitable estimation technique has been shown to be OK with back
transformed gaussian variograms. When trend plots are produced for this technique,
the models reflect the trends of the input data. Very small search areas such as
Search 1 produce a highly variable model, whereas Unique produces a highly
smoothed model. The QKNA derived search, Search 10 results in a model that falls
between the extreme variability and extreme smoothing of the two end members.
Grade tonnage curves for each of the block models show that the Sample data
produces models with higher mean grades than the Composite data at high cut off
grades. Composting the Sample data applies a level of smoothing to the data that is
further smoothed by kriging, resulting in less high grade blocks above the cut-off, but a
higher mean grade overall.
Estimated models of the Sample data consistently underestimate the grade when it is
reconciled with the known bulk sample; this illustrates the lack of accuracy in the
estimates of the Sample data. The Composite data is less precise, with grades being
over estimated when a low value n IDW is used, and when inappropriate searches are
used with OK based methods. LK produces nonsensical results. When estimating with
Composite data and Search 10, the grade can be estimated to within 10% (IDW3 and
IDW4), and to within 12% (IDW5 and OK with back transformed gaussian variograms).
The Composite data produces results that may have less precision (i.e. a higher
spread away from the declustered mean of the input data, but are significantly more
accurate, in that the input data is more consistently replicated. OK-based
methodologies are preferred over IDW methods as OK uses variograms based on the
underlying data to estimate the grade, as opposed to an arbitrary linear model as in
IDW.
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Using carefully optimised search areas is necessary to replicate the input data mean
grade on a global scale.

Using Composite data not only fulfils the assumption of

constant sample support, but also reduces the variability in the resultant block models.
In general, IDW produces a variable individual block grade, which is consistently higher
grade than the OK models. Using LK with the Sample data produces both variable
individual block grades, and global mean grade, showing the unsuitability of this
method to this dataset.

A comparison of all the block models has shown that

Composite data produces the most consistent results, and kriging with back
transformed variograms, with a QKNA optimised search area, the most comparable
global mean.

Using Composite data, the correct search, and a carefully selected

estimation technique has resulting in reconciliation between the resource model, and a
know bulk sample as being within 12% for the OK with gaussian back transformed
variograms.
The most suitable resource estimation procedure for this data set is Composite data,
with a QKNA optimised search (Search 10), and OK with back transformed gaussian
variograms. Using these parameters produces a block model that reflects the input
mean, has consistent individual block grades, with an allowable level of smoothing and
selectivity, and reconciles with a known bulk sample to within 12%.

The level of

discrepancy between the bulk sample grade and the modelled grade can be attributed
to the nature of a kriged estimate.

No estimated model will accurately reflect the

variability inherent in all orebodies which is a major drawback for all modelling
techniques.
5. Case Study – Taurus Lode, Golden Pig
5.1. Introduction
As discussed in Part A, Section 5.2.2, Golden Pig is hosted by intensely deformed
mafic and ultramafics, with intercalated banded iron formations (BIF) and sediments.
The majority of the gold (98%) is located within BIF hosted lodes, such as Haddons.
However, gold is also located in shear-hosted lodes such as Taurus, which forms the
focus of this case study. The interpretation and localisation of the grade shoots in the
Taurus orebody is discussed by Nugus et al. (2003), and the model presented is used
throughout this case study.
The aims of this case study are to determine the most suitable estimation technique for
the orebody, to demonstrate whether modelling the orebody with directional variograms
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an effect on the resultant block model, and to show whether local estimation through
conditional simulation is a suitable methodology for this orebody.
5.2. Methodology
The methodology utilised in this case study is as discussed in Section 3. Aspects of
the methodology that are unique to this case study are included.
Stage 1 – Data Validation
Composite data was extracted from a grade model of the Taurus lode. All RC, sludge,
and composites less than 75cm were removed from the dataset, a total of 419 samples
were removed, at a mean grade of 0.42 g/t.
Stage 4 – Kriging Methods
QKNA was used to optimise the search areas, and the best (Search 12), median
(Search 4) and worst case (Search 1) scenarios were used to Krige the data.

A

summary of these search areas are included in Table D:8. The QKNA statistics for the
search areas are included as Table D:9.
Table D:8 – Search area parameters for moving search areas
Search Area

Dimensions
(m)

Rotation
(x,y,z)

No of
Sectors

Search 1
Search 4
Search 12

40x60x10
70x100x10
60x120x10

(0,-45,0)
(0,-45,0)
(0,-45,10)

1
16
16

Minimum
No of
Samples
2
5
5

Maximum
No of
Samples
25
50
100

Table D:9 – QKNA Statistics for search areas

Search
1
4
12

Well
informed
0.54
0.94
0.92

Slope of
Regression
Reasonably
informed
0.34
0.78
0.76

Poorly
informed
0.00
0.00
0.00

SK
Weight of the Mean
Well
Reasonably
Poorly
informed
informed
informed
0.58
0.79
1.00
0.54
0.79
1.00
0.54
0.54
1.00
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Search
1
4
12

Percentage
Negative Weights
Well
Reasonably
Poorly
informed
informed
informed
0.00
0.00
0.00
0.03
0.02
0.00
0.00
0.00
0.00

Kriging
Standard Deviation
Well
Reasonably
Poorly
informed
informed
informed
0.23
0.27
0.32
0.19
0.23
0.25
0.04
0.23
0.25

The rotation parameters for Search 12 were derived from the orientation of oreshoots
with Taurus, as proposed by Nugus et al. (2003). The dimensions of a search area
were also proposed by Nugus et al. (2003), but these dimensions produced unsuitable
QKNA statistics. This search area was modified into Search 12, which reflects the
geological interpretation, as well as having adequate QKNA statistics.
5.3. Model Comparisons
5.3.1. Statistical Analysis
Statistical analysis of the Taurus dataset shows that the data do not exhibit a normal
distribution, when natural logs (LN) are taken, the distribution moves towards
lognormality, but is not strictly lognormal. This is illustrated by the descriptive statistics
in Table D:10. Histograms, cumulative frequency, and probability plots (Appendix D)
show that the distribution may contain multiple populations.
Table D:10 – Descriptive statistics for Taurus dataset
Statistic
Mean
Median
Mode
Standard Deviation
Variance
Kurtosis
Skewness
COV
Count

Raw
7.12
2.93
1.00
11.98
143.44
24.60
4.23
1.68
789

LN
1.06
1.08
0.00
1.44
2.07
0.21
-0.31
1.36
789

Using the same methods as detailed in Section 2.4, the Taurus data was tested for
stationarity.

The mean and variance of the individual slices through the orebody

correlated sufficiently for the intrinsic hypothesis to be applied.
5.3.2. Estimation and Simulation Parameters
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Using the variograms derived from the Taurus dataset, several estimation and
simulation methods were trailed which are detailed in Table D:11. Both omnidirectional
and directional variograms were used to produce kriged and conditionally simulated
models. All numerical models were calculated using the three search areas detailed in
Table D:8 and the Unique search area detailed in Section 3.
Table D:11 – Variograms and kriging methodologies
Variogram

Variogram Type

Method

Co

C

a

ε (%)

Omnidirectional
Omnidirectional

Raw Grade
Pairwise

OK / TB
OK / TB

65
0.7

78.436
0.15

2
10

45.32
82.35

Omnidirectional

Gaussian BT

OK / TB

75

68.436

2.6

52.29

Omnidirectional

Gaussian

TB / SGS

0.3

0.7

2.4

30.00

Omnidirectional

Transformed LN

LSK / TB

41.6 101.86

2.4

29.00

Omnidirectional

LN Grade

LK

0.6

1.469

2.4

29.00

Variogram

Variogram Type

Method

Co

C

ax

ay

az

ε (%)

Directional
Directional

Raw Grade
Pairwise

OK / TB
OK / TB

65
0.7

78.436
0.15

1
5

2
15

5
2

45.32
82.35

Directional

Gaussian BT

OK / TB

75

68.436

2

2

4

52.29

Directional

Gaussian

TB / SGS

0.3

0.7

2

2

4

30.00

Directional

Transformed LN

LSK / TB

41.6

101.86

5

2

2

29.00

Directional

LN Grade

LK

0.6

1.469

2

2.5

7

29.00

5.3.3. Estimated Model Comparisons
5.3.3.1.

Declustered Mean Grade

The declustered statistics for the Taurus data are included in Table D:12. The window
dimensions for the declustering were consistent with Search 12, being 100m along
strike, 60m down dip and 10m across dip.
Table D:12 – Declustered Mean for the Taurus dataset
Statistic
Mean
Standard Deviation

Raw
7.12
11.97

Declustered
6.73
10.75

A comparison between block models generated from omnidirectional and directional
variograms was also made are illustrated in Figures D:14 and D:15. The difference
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Figure D:14 – Declustered mean grade vs. global estimation grade (omnidirectional
variograms)
Estimation method (omnidirectional) vs. declustered mean - Taurus
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Figure D:15 – Declustered mean grade vs. global estimation grade (directional
variograms)
Estimation method (directional) vs. declustered mean - Taurus
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between omnidirectional and directional variogram based block models is negligible,
with the global mean remaining relatively constant, between 6.09 and 7.08 g/t
(excluding LK). LK results are higher being between 8.06 and 8.27 g/t, illustrating the
biased nature of the method. Kriging with directional variograms produces slightly
higher mean grades than the omnidirectional variograms, due to emphasising the
grade trends present within the orebody.
All kriging based methodologies produce lower mean grades than the IDW based
methods, showing that this type of deposit cannot be accurately modelled using a
linear distribution of grades, which is the basis of the IDW methodology.

Kriging,

however, is based on a variogram which is an expression of the underlying geology of
the deposit. None of the IDW models produces a mean grade that is comparable to
the input data, the closest being 6.38 g/t, through IDW1, and Search 4.
The percentage difference from the declustered mean is included as Figures D:16 and
D:17. LK produced the most variable results, with percentage differences of between
+37.77 and +41.43. Of all the search areas and algorithms trailed, the combination
that best reflects the input data was OK using directional variograms and Search 4. As
mentioned previously, the kriging based algorithms have a tendency to underestimate
the grade, for example the optimised combination underestimates the mean grade by 3.98%, with omnidirectional variograms, OK, and Search 4 producing a mean grade of
-4.25% less than the declustered grade.
QKNA statistics have shown that Search 12 should be the best search area for this
dataset, but this has proved to be not the case. The main difference between Search 4
and Search 12 is that the Search 12 ellipse has a component of plunge rotation (10°S).
The input data contains a strong trend in this direction which is due to the plunge of
oreshoots within the Taurus shear zone. This trend is also replicated in the directional
variograms. Kriging with anisotropic variograms (i.e. variograms which contain a trend)
cause samples along the direction of maximum anisotropy to receive the highest
weights (Isaaks and Srivastava 1989).

Search 4 is missing the plunge component of

the rotation, but the direction of maximum anisotropy is included through the
variograms. Therefore, it can be seen that setting the anisotropy direction through
careful variography is as important as aligning the search area. Search 12, with the
plunge direction would have been considered the optimum search, as it is aligned to
the grade trend but combining the search area and directional variograms in this case
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Figure D:16 – Difference from declustered mean, expressed as a percentage
(omnidirectional variograms)
Estimation method (omnidirectional) vs. percentage difference from declustered mean - Taurus
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Figure D:17 – Difference from declustered mean, expressed as a percentage
(directional variograms)
Estimation method (directional) vs. percentage difference from declustered mean - Taurus
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would appear to overstate the effect of individual high grades, producing a less realistic
model.
Comparing the global means for all models with the declustered mean shows that the
best way to replicate the input data is through directional variography.

Using

omnidirectional variograms produces slightly lower mean grades than the directional.
The choice of estimation technique is also important; with IDW, producing nonsensical
results compared to OK based methodologies. LK has been shown once again to
produce spurious results. The technique that best reflects the input data mean is OK
with directional variograms, and Search 4. The most important aspect that should be
included in a kriged resource model is the geology, and the best method for introducing
this is through careful modelling of anisotropic variograms.
5.3.3.2.

Individual Block Grades

The (x, y, z) coordinates of three individual block grades extracted for comparison are
included as Table D:13.
Table D:13 – Individual block positions for Taurus
Block name
T1
T2
T3

Level of information
Well informed
Reasonably informed
Poorly informed

x (m)
4850
4580
4840

y (m)
14140
14200
14230

z (m)
1245
1250
1245

T1 is estimated with the most information, being in the centre of the orebody, with
samples within the block.

T3 is the most poorly informed of the blocks, with no

samples within the actual block, it is estimated purely by samples within the search
area. The plots of individual block grade for T1 are included as Figures D:18 and D:19,
and the plots of T2 and T3 are included in Appendix D.
The individual block grades illustrate the effect of different techniques on the data
within the search area. The most apparent trend is the difference between IDW and
kriging based methods.

Using IDW, with a large search area (Searches 4, 12 and

Unique) produces a relatively constant grade, between 5.88 g/t (IDW3, Unique) and
6.83 g/t (IDW1, Search 12). Using IDW1 produces a higher grade than IDW2 to 6.
The high grade produced with IDW1 is a result of high grades far from the block having
a higher weighting applied than when IDW with a higher n is applied. Applying higher n
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Figure D:18 – Individual block grade vs. estimation method for T1 (omnidirectional
variograms)
Estimation method (omnidirectional) vs. single block grade (T1) - Taurus
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Figure D:19 – Individual block grade vs. estimation method for T1 (directional
variograms)
Estimation method (directional) vs. single block grade (T1) - Taurus
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values steadily increases the grade, a function of the weighting focussing on closer,
high-grade samples.
When applying Search 1, a significantly lower grade than the other searches is
produced, this is independent of the estimation technique applied.

Search 1 is

significantly smaller than the other searches, and therefore the block estimate is based
on less data.

As shown by the QKNA statistics (Table D:9), Search 1 can be

considered the “worst case” scenario for estimation, which is echoed by the biased
results illustrated here.
Using omnidirectional variograms produces less variable grades than using directional
variograms. This is due to the additional smoothing implied using isotropic variograms
within the search ellipsoid. Estimating with directional variograms takes into account
the trend present within the data, and so produces grades that are more variable.
Grades from using directional variograms are fractionally higher than grades from
omnidirectional variograms due to the anisotropic variograms giving high-grade
samples along the direction of the variogram more weighting. This is especially true as
the variograms are aligned the high-grade trends within Taurus.

Using directional

variograms would appear to have little effect on the resource model, but this is not the
case. Using anisotropic variograms is always preferable to omnidirectional variograms
as the geology of the orebody will be better represented at a local scale.
5.3.3.3.

Trend Plots

Trend plots of the individual block models are produced by plotting northing (y) against
the average grade for that northing as in the Haddons case study. As the OK with
directional variograms had the best comparison with the declustered mean, the OK
model trend plot is included as Figure D:20. The trend plots from the other estimation
techniques are included in Appendix D.
The orebody contains several high-grade shoots, with low-grade areas in between; the
input data has a very spiky distribution. Therefore, any technique (IDW or kriging
based) will smooth the data to produce trend plots as shown in Figure D:20. The OK
model shows that there is a high level of smoothing, but still reflects the input data.
There is a high-grade peak in the centre of the orebody (14200), which is the same as
the input data. The overall trend of the OK data is similar to that of the input data,
being high grade in the centre and lower grade on the edges.
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Using OK and directional variograms, the highest variability in grade is produced
through Search 1, the most tightly constrained search. This is because less data is
used to estimate each individual block, so there is less smoothing overall. Unique,
which uses all of the data to estimate the block has the highest level of smoothing,
producing a similar grade for every increment along strike. Searches 4 and 12 provide
a compromise between these two extremes.
As with the Haddons case study, increasing the n value for IDW models produces
increasingly spiky models. A comparison between IDW1 and IDW6 is included as
Figure D:21. The IDW6 model reflects the spiky nature of the input data. Although this
would be a desirable attribute for a block model, in this case it produces an estimate
which does not reflect the global input grade, and so has over-emphasised the variable
nature of the grade data.
5.3.3.4.

Grade-tonnage Curves

Grade-tonnage curves were produced for each of the estimation techniques, and for
each of the search areas. The OK with directional variograms grade-tonnage curves
are included in Figure D:22 and all other grade-tonnage curves are included in
Appendix D.
The highest selectivity occurs when kriging with Search 1, and lowest with Unique. For
example, using Search 1, 43.48% of the orebody is above a cut-off grade of 6 g/t, but
for Search 12, this rises to 55.55%. Search 4 has 61.16% of the tonnage above a cutoff grade of 6 g/t, with a mean grade of 7.8 g/t. It can be seen from Figure D:22 that
using an inappropriate search strategy results in unachievable levels of selectivity
within the model. The search area Unique however has the opposite effect, producing
unacceptable levels of smoothing, which is not an accurate model of reality.
A comparison of omnidirectional and directional OK block models produced using
Search 4 is included as Figure D:23. The directional variogram based block model
shows slightly higher selectivity than the omnidirectional model. At a cut-off grade of 6
g/t, the omnidirectional model has 60.73% of the tonnage above the cut off grade, at a
mean grade of 7.76 g/t, compared to 61.16% at 7.8 g/t of the directional model. Using
directional variograms has produced a model that has less tonnes, but at a marginally
higher grade.
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Figure D:20 – Trend plot for OK using directional variograms
Trend Plots (Taurus) for OK with directional variograms
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Figure D:21 – Comparison between IDW1 and IDW6, showing the effect of smoothing
the data (Search 4)
IDW1 vs IDW6 for Taurus data (Search 4)
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Figure D:22 – Comparison of grade-tonnage curves for OK with directional variograms,
using various searches
Grade-tonnage Curve (Taurus) for OK with directional variograms
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Figure D:23 – Comparison of grade-tonnage curves for omnidirectional and directional
variograms (OK – Search 4)
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5.3.4. Simulation comparisons
5.3.4.1.

Global Mean Grade

The percentage differences from the declustered mean grade for the various simulation
techniques are included as Figures D:24 and D:25. Plots of the global mean grade are
included in Appendix D. These figures show how simulating with Gaussian data and
back transforming the simulations produces inaccurate results. There is significant
deviation from the declustered mean grade of the input data. This may be due to the
assumption that the data fulfils the assumption that the discrete model is applicable in
this case (Humphreys 1998).

Before applying the Discrete Gaussian model, and

simulating in Gaussian space, three tests should be completed, 1) spatial correlation of
indicator residuals, 2) whether gaussian reconstructed indicator variograms are the
same as those from the raw data (Deutsh and Lewis 1992), and 3) checking the ratios
of indicator variograms. In the case of Taurus, the assumption was made that these
conditions were satisfied, but the bias in the results shows that this was probably not
the case.

The reader is directed to Section 2.9.1, for more information on the

application of these statistical tests.
In order to replicate the input data declustered mean, two approaches can be taken.
Using omnidirectional raw grade variograms, and Search 4, the global mean grade of
the mean simulation is within 4% of the input data. However, using directional pairwise
variograms, and the QKNA optimised Search 12, the global mean has a percentage
difference of -4.04%. Using omnidirectional variograms produces a global mean grade
of 6.48 g/t, whereas the pairwise directional variograms produces a result of 6.46 g/t.
Using directional variograms that display the geological characteristics of the orebody
is the best way to introduce geological phenomena into the simulation process, and
using pairwise variography is the best way of reflecting the underlying variogram
structure that may be hidden by noise.

In the case of Taurus, using pairwise

variograms that reflect the underlying geological structure, and a search based on the
structural analysis of the orebody produces an excellent result.

Omnidirectional

variograms cannot best reflect the geology, as they use a model of covariance that is
spherical in three-dimensional space (isotropic). Directional variograms reflect the true
anisotropy of the orebody. Therefore, using directional variograms is always preferable
to omnidirectional, but only if they can be modelled accurately. Although the mean
grade of the two models is very similar, the anisotropic variograms maybe influencing
the model on a local scale, thus producing a more realistic model.
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Figure D:24 – Difference from declustered mean, expressed as a percentage
(omnidirectional variograms)
Simulation method (omnidirectional) vs. percentage difference from declustered mean - Taurus
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Figure D:25 – Difference from declustered mean, expressed as a percentage
(directional variograms)
Simulation method (directional) vs. percentage difference from declustered mean - Taurus
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5.3.4.2.

Individual Block Grades

As with the estimated block models, individual blocks from the mean simulations were
compared. Individual grades from block T1 are included as Figures D:26 and D:27,
and blocks T2 and T3 are included in Appendix D.
TB with omnidirectional variograms produces individual block grades that are relatively
similar, (except Search 1), reflecting the smoothing of the omnidirectional variogram.
The directional variograms produce more variable block grades, with the pairwise
blocks being lower than the other techniques. The directional variograms follow the
same trends as the estimation, as the effect of different variogram treatments on the
TB algorithm is similar to that of the estimated block models.

This is due to the

conditioning phase of the simulation being a separate kriging step, and kriging and TB
having a similar mathematical basis. Therefore, the conditioning of the simulation can
only be as good as the kriging.
5.3.4.3.

Trend Plots

Trend plots for the mean simulations were produced, and the pairwise directional
variogram trend plot is included as Figure D:28. All other trend plots are included as
Appendix D.

The directional pairwise trend plot shows similar features to the

estimation plots, showing extreme levels of smoothing when using the Unique Search,
and a good correlation between the input data and the output block model.
5.3.4.4.

Grade-tonnage Curves

Grade-tonnage curves were produced for each of mean simulation models, and for
each of the search areas. A comparison of omnidirectional and directional variogram
generated mean simulation grade tonnage curves is included as Figure D:29. These
curves were calculated using pairwise relative variograms, and Search 12. All other
grade-tonnage curves are included in Appendix D.
The directional variogram based mean simulation shows slightly higher selectivity than
the omnidirectional model. At a cut-off grade of 6 g/t, the omnidirectional model has
53.47% of the tonnage, at a mean grade of 8.15 g/t, compared to 55.10% at 8.18 g/t of
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Figure D:26 – Individual block grade vs. estimation method for T1 (omnidirectional
variograms)
Simulation method (omnidirectional) vs. single block grade (T1) - Taurus
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Figure D:27 – Individual block grade vs. estimation method for T1 (directional
variograms)
Simulation method (directional) vs. single block grade (T1) - Taurus
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Figure D:28 – Trend plot for Turning Bands using directional pairwise variograms
Trend Plot (Taurus) for Turning Bands with directional pairwise variograms
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Figure D:29 – Comparison of grade-tonnage curves for omnidirectional and directional
variograms generated simulations (Turning Bands – Search 12)
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the directional model. Using directional variograms has produced a model that has
less tonnes, but at a marginally higher grade.
Figure D:30 illustrates the effect of different searches on the grade tonnage curve. The
highest selectivity within a model occurs through simulating with Search 1, and lowest
with Unique. For example, using Search 1, 45.14% of the orebody is above a cut-off
grade of 6 g/t, but for Search 12, this rises to 55.10%. Search 4 has 60.56% of the
tonnage above a cut-off grade of 6 g/t, with a mean grade of 7.71 g/t. It can be seen
from Figure D:30 that using an inappropriate search strategy results in unachievable
levels of selectivity within the model.

The search area Unique however has the

opposite effect, producing unacceptable levels of smoothing.
A major assumption in simulation is that each realisation of the orebody is
equiprobable, so the likely range of grade and tonnage of the orebody can be
illustrated.

This is shown in the minimum, maximum and mean simulation grade-

tonnage curves in Figure D:31. At a cut-off grade of 6 g/t, the mean grade of Taurus
ranges between 7.95 g/t and 8.50 g/t. All three curves in Figure D:31 have a similar
gradient, showing that the selectivity of the models remains constant, as opposed to
the changing search areas (Figure D:30). The curves in Figure D:31 also illustrate that
these models are producing relatively consistent grades, but highly variable tonnages;
this orebody is heavily grade dependant, as shown by the presence of high-grade
shoots within the shear zone.
5.4. Conclusions – Taurus
Statistical analysis of the Taurus data shows a near lognormal distribution, with multiple
populations within this distribution. Stationarity testing has shown that the mean and
variance correlate sufficiently to allow the intrinsic hypothesis can be applied.
Variography of the Taurus data showed a relatively low nugget effect, in the region of
30 to 50%. Pairwise relative variograms produced the highest nugget effect at 82.35%,
but the models were the easiest and clearest to model. The lowest nugget effect
variograms were produced through back transforming gaussian variograms.

Both

omnidirectional and directional variograms could be modelled and the pairwise
variograms indicate the direction of maximum continuity to be in the plunge direction
(10°S), which is consistent with the geological model (Nugus et al. 2003).
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Figure D:30 – Comparison of grade-tonnage curves for different searches using
directional variograms (Turning Bands – Search 12)
Grade Tonnage Curves (Taurus) for Turning Bands with directional pairwise variograms
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Figure D:31 – Grade Tonnage Curves for minimum, mean and maximum simulations
generated through pairwise relative directional variograms (Search 12)
Conditional Simulation Grade Tonnage Curves (Taurus) for
Turning Bands with directional pairwise variograms and Search 12
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Applying QKNA and the structural model (Nugus et al. 2003) has produced an
optimised search area. The four search areas utilised had varying dimensions, with
Search 12 being the largest, and plunging in the direction of the oreshoots within the
orebody. Each dataset was then estimated using a variety of estimation and simulation
techniques, using all four searches, and comparisons were made.

As mentioned

previously, optimising the search area is vital, and this is reflected by the effect that
different search parameters have on the global mean and individual block grades.
There is little difference in the global mean grades of block models generated through
estimating with omnidirectional or directional variograms.

In general, IDW based

methodologies produced higher grades than kriging based, and so over estimated the
global mean grade of the deposit. Kriging based estimation tends to underestimate the
global grade, with the estimation technique that best reflects the declustered input data
being OK with directional variograms, and Search 4. This combination underestimates
the grade by -3.98%. In comparison, OK with omnidirectional variograms and Search
4, underestimates the grade by -4.25%.
The most suitable estimation technique has been shown to be OK with directional
variograms, using Search 4. When a trend plot is produced for this technique, and
compared to the input data, the estimated model reflects the trends of the input data.
As the data has a highly irregular distribution, being localised pods of high grade in a
low-grade background, all techniques will smooth the data.
Simulation replicates more of the variability of the data, but as TB is based on kriging,
there is still a level of smoothing apparent.

Simulating with omnidirectional and

directional variograms produces results that are slightly more variable. Simulating in
gaussian space and back transforming the results produces highly irregular results as
the required assumptions have not been tested, and the bias in the global mean shows
that the conditions were not met by the data. Simulating in raw grade space, however,
was more successful. The input mean could be replicated to within 4% using two
approaches. Simulating using omnidirectional raw grade variograms and Search 4
produces a global mean grade of -3.77%, and directional pairwise variograms, a global
mean grade of -4.04%. In this case, the pairwise variograms are a better expression of
the underlying geology, and Search 12 is based on the structural analysis of the
orebody. Therefore, this combination is a better reflection of the orebody than the
omnidirectional variogram based combination.
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Changing the search area has a dramatic effect on the individual block grade. Applying
Search 1 when estimating or simulating produces significantly lower block grades than
any of the other search areas. Omnidirectional variograms produce smoother grades
than directional variograms with both estimation and simulation, reflecting the
directional variograms giving samples along strike more weight, which does not happen
with the isotropic omnidirectional variograms.
Grade-tonnage curves for each of the estimated block models show that the highest
selectivity occurs when Search 1 is applied.

Using an inappropriate search area

produces models with unfeasible levels of selectivity. Grade-tonnage curves aim to
reflect reality, and this is not the case when an unsuitable search is applied.
Directional variograms produce a marginally higher level of selectivity than
omnidirectional variograms, producing models with less tonnes, at a slightly higher
grade. Simulation has the advantage of generating a series of grade-tonnage curves,
and a range of possible grades and tonnages for a given cut-off grade can be
determined.

Using directional pairwise variograms produces models with similar

selectivity, with relatively consistent grades, but variable tonnages.

Taurus is

characterised by high-grade shoots within a low-grade background, and the gradetonnage curves reflect this.
This case study has shown that once again, a carefully optimised search area is a
mandatory step if the input data is to be replicated on a global scale. In the case of
Taurus, there are two methods that can be deemed to be the optimum resource
evaluation strategy. With kriging based estimation methodologies, the most suitable is
OK of raw data with directional variograms, and Search 4.

In the case of TB,

directional pairwise variograms, and the QKNA optimised Search 12 is the most
effective combination.
As mentioned throughout the literature (e.g. Khosrowshahi and Shaw 2001),
conditional simulation has both advantages and disadvantages over kriging, the most
important being the capability to generate numerous realisations of the orebody, from
which grade-tonnage curves can be calculated. Therefore, in the case of Taurus, as
similar results are achievable through estimation and simulation, TB is the best
methodology. Using Turning Bands with directional variograms and a QKNA optimised
search, a resource model that reflects the input mean, has consistent individual block
grades, and strikes a balance between smoothing and selectivity is produced.
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6. Case Study – Undaunted Lode, Marvel Loch
6.1. Introduction
As discussed in Part A, Section 5.2.3, the Marvel Loch deposit is hosted by a northnorthwest trending lithology parallel shear zone (Ridley and Hagemann 1999), the
Marvel Loch shear zone. Undaunted is located in the North Pit of the Marvel Loch
mine, and is hosted by an intersection of the dominant S and C fabrics of the Marvel
Loch shear zone.

Undaunted trends towards the northwest, and is tightly folded.

Mineralisation is predominantly vein quartz in mafic and ultramafic rocks, with
overprinting calc-silicate and potassic-calc silicate alteration (Nugus and Dominy 2003).
The aims of this case study are to determine the optimum estimation technique for the
orebody, and to show whether local estimation is viable in a restricted dataset. The
effect of directional variography on the estimated and simulated models is also
investigated.
6.2. Methodology
The methodology utilised in this case study is similar to that for the Haddons and
Taurus case studies and the individual steps are detailed below.
Stage 1 – Data Validation
Composite data was extracted from the grade model of Undaunted. For this case
study, only data from between the 780 and 820 levels were used. The grade model
was developed by the mine site personnel, based on geological mapping and
interpretation of the Undaunted Lode. The dataset only comprises RC data, and two
composites of less than 1 m were removed, with a mean grade of 0.83 g/t.
Stage 4 – Kriging Methods
QKNA was used to optimise the search areas, and the best (Search 6), median
(Search 5) and worst case (Search 1) scenarios were used to krige the data.

A

summary of the search areas are included in Table D:14 and the QKNA statistics for
the search areas are included as Table D:15.
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Table D:14 – Search area parameters for moving search areas
Search Area

Dimensions
(m)

Rotation
(x,y,z)

No of
Sectors

Search 1
Search 5
Search 6

5x20x5
20x50x20
17x40x17

(0,0,-5)
(0,0,-5)
(0,0,-5)

1
4
4

Minimum
No of
Samples
5
5
5

Maximum
No of
Samples
50
75
75

Table D:15 – QKNA Statistics for search areas

Search
1
5
6

Search
1
5
6

Poorly
informed
0.00
0.00
0.00

SK
Weight of the Mean
Well
Reasonably
Poorly
informed
informed
informed
0.55
0.76
1.00
0.55
0.76
1.00
0.55
0.76
1.00

Percentage
Negative Weights
Well
Reasonably
Poorly
informed
informed
informed
0.00
0.00
0.00
1.02
0.55
0.00
0.78
0.00
0.00

Kriging
Standard Deviation
Well
Reasonably
Poorly
informed
informed
informed
6.53
9.01
11.03
5.40
6.61
7.32
5.47
6.87
7.60

Well
informed
0.52
0.82
0.79

Slope of
Regression
Reasonably
informed
0.26
0.57
0.46

Search 6 is slightly smaller than Search 5, with slightly poorer QKNA statistics as
variography of the LN data showed the presence of drift after 40m lag distance. As
suggested by David (1977), the search area is therefore restricted to remove samples
that would be affected by drift. As this dataset is relatively small (76 samples), larger
search areas may include the majority of samples within the orebody to estimate a
single block. However, as there is spatial correlation between individual samples (see
Table D:17) this was deemed to be suitable.
6.3. Model Comparisons
6.3.1. Statistical Analysis
As with the Haddons and Taurus datasets, the Undaunted dataset does not have a
normal distribution, when natural logs (LN) are taken, the distribution moves towards
lognormality, but is not strictly lognormal. This is illustrated by the descriptive statistics
in Table D:16. Histograms, cumulative frequency, and probability plots (Appendix D)
show that the distribution may contain multiple populations.
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Table D:16 – Descriptive statistics for Undaunted dataset
Statistic
Mean
Median
Mode
Standard Deviation
Variance
Kurtosis
Skewness
COV
Count

Raw
6.65
1.32
0.75
13.30
176.94
6.14
2.64
2.00
76

LN
0.29
0.27
-0.29
1.93
3.73
-0.01
-0.06
6.67
76

Using the same methods as detailed in Section 2.4, the Undaunted data was tested for
stationarity.

The mean and variance of the individual slices through the orebody

correlated sufficiently for the intrinsic hypothesis to be applied; however, as the grade
of the orebody is higher at the base and decreases with elevation, drift was observed in
the LN variograms. The variograms produced for this case study are included as
Appendix D and the variogram parameters are included as Table D:17.
6.3.2. Estimation / Simulation Parameters
Several estimation and simulation methods were trailed on the Undaunted orebody,
which are detailed in Table D:17. All numerical models were calculated using the three
search areas described in Table D:14 and the Unique search area discussed in Section
3.
Table D:17 – Variograms and kriging methodologies
Variogram

Variogram Type

Co

C1

Omnidirectional

Raw Grade

65.00

109.94

Omnidirectional

Pairwise

0.21

0.30

Omnidirectional

Transformed LN

38.55

136.39

Omnidirectional

LN Grade

0.80

Omnidirectional

Gaussian

Omnidirectional

Gaussian BT

C2

a1

a2

ε (%)

Method

37.16

TB /OK

24.14

TB / OK

14

22.04

TB / LSK

2.83

14

22.04

LK

0.16

0.84

15

16.00

TB / SGS

53.00

35.00

30.47

TB / OK

6.5
0.36

85.94

2.4

7

8

15
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Variogram

Co

C1

Directional Raw

65.00

109.94

Directional Pairwise

0.21

0.30

Variogram Type

C2
0.36

a x (1) a x (2) a y(1) a y(2) a z (1) a z (2)

Directional Raw

2

Directional Pairwise

1

7
3

8

2

3

2

ε (%

Method

37.16 TB / OK
7

24.14 TB / OK

6.3.3. Estimated Model Comparisons
6.3.3.1.

Declustered Mean Grade

The declustered statistics for Undaunted are included as Table D:18. The window
dimensions for declustering were equivalent to Search 6, i.e. 40m along strike, and
17m down and across dip.
Table D:18 – Declustered Mean for the Undaunted dataset
Statistic

Raw

Declustered

Mean

6.65

5.87

Standard Deviation

13.21

12.74

The comparison between the declustered mean and the global mean grade is
expressed as a percentage and illustrated in Figure D:32. A plot of the global mean
versus estimation method is included in Appendix D.

The global mean grade is

consistently between 4.80 and 7.02 g/t, except for LK, which shows higher grades.
This again shows the bias and unsuitability of the LK method. Kriging with directional
variograms also produces higher grades than kriging with omnidirectional variograms.
This bias can be attributed to the directional variograms being heavily influenced by the
data.

The Undaunted dataset only contains 76 data points, and the directional

variograms show the directions of maximum continuity to coincide with the positioning
of the RC samples. Therefore, the directional variograms are reflecting the spatial
distribution of the individual samples, rather than the underlying geology controlling the
samples. When the biased directional variograms are used in kriging, the weighting
applied to the samples overemphasises the effect it should have on estimating a single
block, producing a higher grade, and so increasing the global grade. The directional
variograms overestimate the global mean grade by +8.27% for OK and +7.72% for OK
with pairwise variograms, compared to +1.76% and +3.27% respectively for
omnidirectional variograms.
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With the exception of LK, all kriging based estimation methods produced lower mean
grades than IDW based methods. The grade distribution in this orebody cannot be
represented by a linear distribution as assumed by IDW. None of the IDW based block
models has a mean grade that is comparable to the declustered mean grade of the
input data, the closest being IDW6, and Search 6, with the global mean grade being
13.64% higher than the declustered mean grade. Kriging based methodologies are
also overestimating the grade, with the exception of OK with Gaussian back
transformed variograms.

However, the global mean grades of the kriging based

models are significantly more comparable than the IDW models.
Search 6 has been shown to have slightly less optimal QKNA statistics than Search 5
and this is demonstrated in the global block models. For example, OK produces a
global mean grade of 5.95 g/t (+1.26%) with Search 5, and 5.97 g/t (+1.76%) with
Search 6. However, in reducing the search areas so that the drift component identified
in the LN variograms is removed, the search would be more suitable for local
estimation as incorporating samples that are affected by drift can lead to inaccuracies
(Annels 1991).

For local estimation to be possible, extreme accuracy must be

sacrificed on a global scale. A highly constrained search (e.g. Search 1) shows how a
larger search must be applied in this case as the tightly constrained search results over
estimated global grades e.g. +13.33% for OK with Search 1.
Comparing the global means for all models and the declustered mean of the input data
shows that the best way to replicate the input data is through OK with Gaussian back
transformed variograms. Using directional variograms overestimates the global mean,
due to a bias in the variogram modelling. The technique that best reflects the input
data mean is OK with omnidirectional Gaussian back transformed variograms, and the
QKNA optimised search, Search 6.
6.3.3.2.

Individual Block Grades

The (x, y, z) coordinates of the three individual block grades extracted for comparison
blocks are included as Table D:19.
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Table D:19 – Individual block positions for Undaunted
Block name
U1
U2
U3

Level of information
Well informed
Reasonably informed
Poorly informed

x (m)
4785
4780
4785

y (m)
10870
10850
10880

z (m)
790
800
805

U1 is estimated with the most information, being in the centre of the orebody, with
samples within the block. U2 has samples close to, but not actually within the block,
and U3 is the most poorly informed of the blocks, with no samples within the actual
block, it is estimated purely by samples at the edge of the search area. The plot of
individual block grade for U1 is included as Figure D:33, and the plots of U2 and U3 are
included in Appendix D.
Comparing individual block grades illustrates the effect of changing the estimation
method on the samples caught within the search area. As the IDW n value increases,
the grade produced becomes less variable. When IDW6 is applied, the same grade
(0.27 g/t) is produced no matter what search is applied. This is due to the closest
samples, such as the samples within the block, having the highest weighting, and all
other samples being ignored, which is an example of the screen effect. In general, IDW
produces grades slightly lower than kriging based methods.
A highly constrained search (Search 1) produces a similar grade (0.50 to 0.27 g/t)
regardless of the n value. This is a function of the search area containing very few
samples, and the block is estimated on less data than the larger search areas. A
highly constrained search is considered the most unsuitable for estimation, as shown
by the QKNA statistics (Table D:15) and this is illustrated by the biased results
presented here.
Kriging with directional variograms overestimates the global mean grade, and this is
echoed in the individual block grades. The directional variograms are producing a
higher block grade than the omnidirectional variograms.

All of the kriging-based

estimators (with the exception of LK) are affected by the search area. With smaller
search areas, the grade is more consistent across all of the estimation methods with
Unique, being the largest, having the most variable grades.
Using LK produces a similar grade no matter what search area is applied. This is
consistent with Haddons and Taurus, where the inherently biased method produces
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Figure D:32 – Difference from declustered mean for estimated models, expressed as a
percentage
Estimation method vs. percentage difference from declustered mean - Undaunted
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Figure D:33 – Individual block grade vs. estimation method for U1
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unrealistic results.
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This is due to the underlying distribution not being perfectly

lognormal.
6.3.3.3.

Trend Plots

Trend plots of the individual block models were produced consistent with the Haddons
and Taurus methodologies. The OK with back transformed Gaussian variograms had
the best comparison with the declustered mean, so this trend plot is included as Figure
D:34. The trend plots from the other estimation techniques are included in Appendix D.
The trend plot of the raw data shows two distinct high-grade peaks, one at 10850, and
the other at 10890, with a low-grade area in-between. As kriging and IDW are both
smoothing based estimators, the trend plot should reflect the input data, without
mirroring it exactly.

This is case with the OK with back transformed Gaussian

variograms. The second high grade peak (10890) is echoed with a slight increase in
grade, but there is a high level of smoothing.
Search 1 produces an accurate reflection of the input data, but over emphasises the
grade, leading to an over estimation of the global mean. Due to the small number of
data in the Undaunted dataset, a high level of smoothing is to be expected, as high
grades are smeared into areas that are not well sampled. This high level of smoothing
means that even with restricting the search area, the block models are not suitable for
local estimation, because of the low quality global estimation.
6.3.3.4.

Grade-tonnage Curves

Grade-tonnage curves were produced for each of the estimation techniques, and for
each of the search areas. The OK with back transformed Gaussian variograms gradetonnage curves are included in Figure D:35 and all other grade-tonnage curves are
included in Appendix D. The highest selectivity occurs with Search 1, and the lowest
with Unique. Search 6, the QKNA optimised search has the effect of reducing the
selectivity, without resorting to extreme smoothing as indicated by the trend plots. For
example, using Search 1, 26.47% of the orebody is above a cut-off grade of 6 g/t, but
for Search 6, this rises to 32.23%, with a mean grade of 13.01 g/t. These gradetonnage curves are an excellent method of illustrating the effects of an unsuitable
search area on the Undaunted dataset.
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Figure D:34 – Trend plot for OK with back transformed Gaussian variograms
Trend Plot (Undaunted) for OK with back transformed Gaussain variograms
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Figure D:35 – Comparison of grade-tonnage curves for OK with back transformed
Gaussian variograms, using various searches
Grade Tonnage Curves (Undaunted) for OK with back transformed Gaussian variograms
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6.3.4. Simulation Model Comparisons
6.3.4.1.

Declustered Mean Grade

The percentage difference from the declustered mean grade for the various simulation
techniques is illustrated in Figure D:36, and the global mean grade is included in
Appendix D. In the case of Undaunted, in accordance with the methodology suggested
by Humphreys (1998), and discussed by Rivoirard (1994), the spatial correlation of
indicator residuals was tested.

As Figure D:37 shows, there is very little spatial

correlation between the indicator residuals, as shown by the lack of structure in the
indicator residual cross variograms. As the first of the three assumptions could not be
met, it was assumed that the other tests (see Section 2.9.1) would also not be met. A
Gaussian approach to simulation is therefore unsuitable, and produces inaccurate
results. This is shown by the extreme deviation from the declustered grade for both TB
with Gaussian back transformation, and with SGS.
Directional variograms have a similar effect on the simulations as the estimated
models.

The directional variograms, both raw grade and pairwise relative, over

estimated the grade. This again, is a function of the variograms reflecting the drill
spacing, as opposed to modelling the underlying geology.

Aligning the directional

variograms to the drill spacing gives the drill spacing extra weighting, causing a bias.
Poor variography can only result in poor modelling of the orebody. The only way to
replicate the input mean of the data is through TB using omnidirectional raw grade
variograms, and Search 6. The mean simulation has a global mean grade of -1.44% of
the input data declustered mean. This shows the importance of the search area, as the
same technique, with Search 1 produces a global mean grade of +15.86% from the
declustered grade.
6.3.4.2.

Individual block Grades

As with the estimated block models, individual blocks from the mean simulations were
compared. Individual grades from block U1 are included as Figure D:38, and blocks
U2 and U3 are included in Appendix D.
The directional variograms produce higher grades than the omnidirectional variograms,
which is a reflection of the estimated models. The omnidirectional simulations,
however, are sensitive to the search area, showing that a carefully optimised search is
required in order to generate simulations that reflect reality. Applying Search 1
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Figure D:36 – Difference from declustered mean for simulated models, expressed as a
percentage
Simulation method vs. percentage difference from declustered mean - Undaunted
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Figure D:37 – Indicator residuals cross variograms showing lack of spatial correlation
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produces a similar grade no matter what simulation technique is applied, and the other
searches produce results that are more variable. A similar block grade is produced
when TB and SGS are carried out in Gaussian space, illustrating the unsuitability of the
Gaussian approach.
6.3.4.3.

Trend Plots

Trend plots for the mean simulations were produced, and the TB with omnidirectional
raw grade variogram plot is included as Figure D:39. All other trend plots are included
as Appendix D. The simulation trend plot is similar to the estimation plots, showing
extreme levels of smoothing due to a lack of data, but a good correlation between the
input data and the resultant simulation.
6.3.4.4.

Grade-tonnage Curves

Grade-tonnage curves were produced for each of mean simulation models, and for
each of the search areas. The grade-tonnage curves for TB with omnidirectional raw
grade variograms are included as Figure D:40, and a plot of the minimum, maximum
and mean grade tonnage curves for Search 6 is included as Figure D:41. All other
grade-tonnage curves are included in Appendix D.
The simulation grade-tonnage curves are similar to the estimation curves, with Unique
having an unacceptably high level of smoothing, and Search 1, an unrealistic level of
selectivity. For example, using Search 1, 30.88% of the orebody is above a cut-off
grade of 6 g/t, but for Search 6, this increases to 35.91%, with a mean grade of 12.93
g/t. The curves show that an inappropriate search area will result in a poor model of
reality, especially as simulation is highly susceptible to the search area, so it must be
carefully considered (Vann et al. 2003). Search 6 falls between Search 1 and Unique,
with an intermediate level of smoothing / selectivity.
Figure D:41 illustrates the range of tonnage and grades available from the
equiprobable conditional simulation realisations. At a cut off grade of 2 g/t, the mean
grade of Undaunted ranges from 8.9 g/t to 7.88 g/t, but the tonnage ranges from
51.38% to 93.74%. The three curves have a similar gradient, showing a consistent
level of selectivity throughout the models. The grade remains relatively consistent, but
the tonnage varies considerably.
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Figure D:38 – Individual block grade vs. simulation method for U1
Simulation method vs. single block grade (U1) - Undaunted
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Figure D:39 – Trend plot for Turning Bands using omnidirectional raw grade
variograms
Trend Plot (Undaunted) for Turning Bands with omnidirectional raw grade variograms
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Figure D:40 – Comparison of grade-tonnage curves for different searches using
omnidirectional raw grade variograms (Turning Bands – Search 6)
Grade Tonnage Curves (Undaunted) for Turning Bands with omnidirectional raw grade variograms
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Figure D:41 – Grade Tonnage Curves for minimum, mean, and maximum simulations
generated through omnidirectional raw grade variograms (Search 6)
Conditional Simulation Grade Tonnage Curve (Undaunted) for Turning Bands with omnidirectional raw grade
variograms (Search 6)
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6.4. Conclusions – Undaunted
Statistical analysis and stationarity testing of the Undaunted orebody shows neither a
normal or lognormal distribution, and that there maybe several populations within the
distribution. The data exhibits a break down in stationarity, as the grades are higher at
the base of the orebody than at the top, however, the intrinsic hypothesis was applied,
and drift accounted for in the variography and search parameters.
Variography showed a low nugget effect, of between 22.04% and 37.16%, indicating
good spatial correlation through the data. LN variograms showed strong drift after 40m
lag distance, so search areas were constrained to within the non-drift component of the
variogram. Directional variograms were strongly influenced by the drill spacing, with
the directions of maximum continuity identical to the position of drill holes in section,
long section and plan.
The optimum search area was derived through QKNA and accounting for the drift
observed in the LN variograms.

The Undaunted dataset was then estimated /

simulated using a variety of techniques with four search areas. The searches included
the worst case (Search 1), median case (Search 5) and best case (Search 6) and
Unique, which uses all of the data to model each block.
IDW over estimates the grade when compared to kriging based estimation
methodologies, with the optimum estimation technique being OK with Gaussian back
transformed variograms and Search 6. This technique underestimates the global mean
grade by -1.38%, and although suffers from extreme smoothing, has an average level
of selectivity. Checking the spatial correlation of indicator residuals has shown that a
Gaussian approach to simulation is unsuitable, which is also illustrated by the
nonsensical results obtained when the technique is applied. In order to replicate the
input data declustered mean, TB with omnidirectional raw grade variograms, and
Search 6 was used, which gives a grade difference of -1.44%.
When directional variograms are used for either simulation or estimation, the grade is
overestimated which is a function of the poorly modelled directional variograms. These
variograms are based on the 3D positions of the sample data, and do not reflect the
underlying geology due to the lack of data within the dataset.
simulation models based on these variograms are biased.

All estimation or
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In the case of Undaunted, the orebody only contains 76 samples, all of which are from
RC drilling. Although this case study has that shown it is possible to estimate the
grade, and reflect the global mean grade to within 2%, the lack of data, and the poor
quality of the existing data means that the accuracy of the estimation is still called into
question. It may only be possible to estimate the grade on a global scale, with more
data being required for local estimation to be viable. Therefore, although possible,
conditional simulation is probably not a necessary step in this case. The most suitable
estimation technique for Undaunted is OK with back transformed Gaussian variograms,
and the QKNA optimised search, Search 6.
However, if this orebody was being classified under the JORC Code (JORC 2004),
there would be serious concerns on whether it should be classed as a resource at all.
The data used in this estimation is purely RC, with unquantifiable smearing of grades,
and unknown sample collection protocols. Significantly more data collection, especially
diamond drilling would be required to improve confidence in this estimated block
model.
The suitability of these techniques to this dataset is entirely dependent on the quality of
the calculated and modelled variograms. The variograms derived from the Undaunted
dataset showed a low nugget effect, indicative of good spatial correlation between the
data points, and therefore estimation of a global resource was feasible. In restricted
datasets, variography can be challenging, and therefore estimation can be impossible.
In these cases, estimation techniques are usually restricted to non-geostatistical
estimators such as IDW. However, this is a poor technique, which does not take the
geology of the deposit into account, and a more favourable method would be to
increase data collection until viable variograms could be constructed.
7. Case Study – Sherwood Lode, Marvel Loch
7.1. Introduction
As discussed in Part A, Section 5.2.3, the Marvel Loch deposit is hosted by a northnorthwest trending lithology parallel shear zone (Ridley and Hagemann 1999), the
Marvel Loch shear zone. Sherwood is located in the North Pit of the Marvel Loch mine,
but has a significantly different mineralisation style to that of Undaunted. Sherwood is
hosted by internal shears within a strongly foliated gabbro, and trends towards the
north.

Mineralisation is related to plagioclase-sulphide±calc-silicate alteration, with

gold hosted by arsenopyrite and pyrrhotite (Nugus and Dominy 2003).

Sherwood is
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significantly lower grade than Undaunted, with gold grades in the region of 4.0 g/t,
compared to 20 g/t for Undaunted. The aims of this case study are to determine the
optimum estimation technique for the orebody, and to determine whether simulation is
a viable option with this dataset.
7.2. Methodology
The methodology for Sherwood is similar to the three previous case studies. Individual
changes to the steps are detailed below.
Stage 1 – Data Validation
Composite data was extracted from the grade model for Sherwood. The model was
developed through mapping and interpretation of drill data by the mine site personnel.
The model only covers between the area between 780 and 820 levels. The dataset
comprises both RC and DDH drill data, and the two datasets were compared using
descriptive statistics, histograms and QQ plots. The results of this are detailed in
Section 6.3.1. Only composites longer than 75cm were included, so 17 samples were
excluded from the database, with a mean grade of 1.19 g/t.
Stage 4 – Kriging Methods
Search areas were optimised through QKNA, and four searches were used for both
estimation and simulation (Table D:20). These search areas included “Unique” and
three moving searches. The QKNA statistics for the three moving search areas are
included as Table D:21.
Table D:20 – Search area parameters for moving search areas

Search Area

Dimensions
(m)

Rotation
(x,y,z)

No of
Sectors

Search 2
Search 3
Search 4

40x80x30
15x50x10
10x25x5

160,0,0
160,0,0
160,0,0

4
8
4

Minimum
No of
Samples
5
5
5

Maximum
No of
Samples
50
50
50
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Table D:21 – QKNA Statistics for search areas

Search
Unique
2
3
4

Search
Unique
2
3
4

Poorly
informed
0.00
0.00
0.00
0.00

SK
Weight of the Mean
Well
Reasonably
Poorly
informed
informed
informed
0.73
1.00
1.00
0.73
1.00
1.00
0.73
1.00
1.00
0.73
1.00
1.00

Percentage
Negative Weights
Well
Reasonably
Poorly
informed
informed
informed
0.23
0.00
0.00
0.15
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

Kriging
Standard Deviation
Well
Reasonably
Poorly
informed
informed
informed
1.24
1.42
1.42
1.25
1.42
1.44
1.34
1.51
1.55
1.43
1.77
2.03

Well
informed
0.79
0.76
0.54
0.43

Slope of
Regression
Reasonably
informed
0.00
0.00
0.00
0.00

Search 2 is the largest of the moving searches, with the most amenable QKNA
statistics. However, this large search area may suffer from smoothing, so the smaller
search, Search 3 maybe the preferable search strategy.
7.3. Model Comparisons
7.3.1. Statistical Analysis
Statistical analysis (Appendix D) of the RC and DDH datasets shows a bias. The RC
data has a higher mean grade than the DDH data, and a QQ plot of the two variables
shows the relationship to be uneven, so a correction factor cannot be applied.
However, the two datasets will be combined, and both RC and DDH data will be used
in estimation and simulation, due to the lack of data in the dataset. The DDH data
makes up 25% of the combined dataset, so excluding 75% of the data, despite its
questionable quality, would be leave 46 individual samples from which to draw
conclusions, which would clearly be remiss. The combined RC and DDH data does not
show a normal or lognormal distribution, which is illustrated by the descriptive statistics
included as Table D:22 and the histograms, cumulative frequency plots and probability
plots included in Appendix D.
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Table D:22 – Descriptive statistics for the Sherwood dataset
Statistic
Mean
Median
Mode
Standard Deviation
Variance
Kurtosis
Skewness
COV
Count

Raw
2.28
1.00
2.40
4.04
16.33
28.97
4.89
1.77
182

LN
0.03
0.00
0.88
1.33
1.78
1.98
-0.61
41.11
182

Stationarity testing of the Sherwood data has shown that the mean and variance
throughout the orebody correlate sufficiently for the intrinsic hypothesis to be applied.
These statistics are included in Appendix D. The variograms produced for this case
study are included as Appendix D. The variogram parameters are included as Table
D:23.
7.3.2. Estimation and Simulation Parameters
The estimation / simulation methods used to model Sherwood are detailed in Table
D:23. All block models were calculated using the four search areas detailed.
Table D:23 – Variograms and kriging methodologies

Variogram

Variogram Type

Co

C1

Omnidirectional
Omnidirectional

Raw Grade
Pairwise

11
0.34

5.33
0.17

Omnidirectional

Transformed LN

4.95

11.38

Omnidirectional

LN Grade

0.54

Omnidirectional

Gaussian

Omnidirectional

Gaussian BT

C2

a1

a2

ε (%)

Method

0.27

5.2
4.5

14

67.36
43.59

OK / TB
OK / TB

9

30.34

LSK / TB

1.24

9

30.34

LK

0.27

0.72

8

27.27

TB / SGS

7

3.5

43.75

OK / TB

5.5

4.5

8

7.3.3. Estimated Model Comparisons
7.3.3.1.

Declustered Mean Grade

The declustered statistics for Sherwood are included as Table D:24, the window
dimensions were equivalent to Search 3, i.e. 50m along strike, 15m across dip and
10m down dip.
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Table D:24 – Declustered Means for the Sherwood dataset
Statistic

Raw

Declustered

Mean

2.28

2.15

Standard Deviation

4.03

3.61

The percentage difference between the global mean for each block model and the
declustered mean are illustrated in Figure D:42. The global mean grade is relatively
constant, ranging between 2.04 g/t and 2.56 g/t, including LK. Not including LK, the
highest mean grade is 2.47 g/t, through IDW and Search 2. A grade of 2.47 g/t is
produced independent of the n value of IDW. The LK models are still more variable
than the other estimation techniques, but the variability is much less than with previous
case studies, which can be attributed to the smaller range in grade of the input data.
The highest-grade sample in the Sherwood dataset is 32.60 g/t (LN = 3.48), with a LN
variance of 1.78. The low variance of the input data means that the output model will
also not be so variable. However, LK is still a biased technique as the data is not
perfectly lognormal.
Kriging based methodologies (with the exception of LK) produce lower global mean
grades than IDW, again showing that the grade distribution of the Sherwood orebody
cannot be represented with a linear model, as assumed in IDW. The closest an IDW
estimator can come to representing the input grade is IDW6 and Search 3, which
overestimates the grade by 7.17%. Kriging is still overestimating the grade, but to a
much less extent than IDW. All of the techniques, when applied with a moving search
area overestimate the grade, which could be attributed to the inclusion of the two
incompatible sample types.
Search 3 has significantly lower QKNA statistics than Search 2, so it would first appear
that Search 2 would be the optimum search. This can be attributed to the fact that
Search 2 is relatively large, and is overestimating the high grades, through smoothing
into lower grade areas. LSK produces a global mean grade of 2.25 g/t with Search 2,
4.68% higher than the declustered mean grade, whereas Search 3 produces a global
grade of 2.24 g/t, 4.00% higher. Both Search 4 and Unique have been shown to be
unsuitable searches, Search 4 being too restricted, and Unique over-smoothing the
data.

D-83

Part D – Resource Evaluation Optimisation

This study has shown that the best way to replicate the input data is through LSK and
Search 3. All of the techniques overestimate the grade, but LSK is the most accurate.
Generating variograms of the LN data emphasises the underlying structure, by
reducing noise. Therefore, the variogram can be modelled accurately, but when this
variogram is used with LK, the result is a biased estimate. The transformed LN grade
variogram utilised with the unbiased estimator OK results in higher quality estimation,
and a more accurate result. In this case, LSK is also less susceptible from errors
caused by applying an unsuitable search area, making it the optimum estimation
technique for the Sherwood Lode.
7.3.3.2.

Individual Block Grades

Three individual block grades were extracted from each block model for comparison.
The (x, y, z) coordinates of these blocks are included as Table D:25.
Consistent with the methodology discussed previously, S1 is estimated with the most
information, as a drill trace passes through the block. S2 is reasonably informed, with
samples close to the block, without actually being inside it and S3 is estimated from
samples on the edges of the search area. The plot of individual block grades for S1 is
included as Figure D:43, and plots for S2 and S3 are included in Appendix D.
Table D:25 – Individual block positions for Sherwood
Block name
S1
S2
S3

Level of information
Well informed
Reasonably informed
Poorly informed

x (m)
4860
4860
4865

y (m)
10840
10830
10810

z (m)
780
785
795

The resource block S1 contains samples, with few samples in the search areas. This
means that the block is being predominantly estimated from the samples within the
block, therefore changing the search area has little effect. This is shown by the grade
variation for each estimation method being minimal. The search areas are having little
effect on the local estimates.
Increasing the n value for IDW increase the grade, due to high grade samples having
progressively higher weights attached to them. Samples that are more distant are
effectively ignored. As with the global mean grades, IDW methods produce higher
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Figure D:42 – Difference from declustered mean for estimated models, expressed as a
percentage
Estimation method vs. percentage difference from declustered mean - Sherwood
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Figure D:43 – Individual block grade vs. estimation method for S1
Estimation method vs. single block grade (S1) - Sherwood
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grades than kriging based methods, showing that the grade distribution is more subtle
than described by the linear model assumed when applying an IDW estimator.
7.3.3.3.

Trend Plots

Trend plots were constructed with the methodology utilised in the previous case
studies. The LSK trend plot is included as Figure D:44, and trend plots of the other
estimation techniques are included in Appendix D. Figure D:44 also includes the raw
grade trend plot for comparison.
The raw grade trend plot shows a high peak at 10770, with the grade steadily
decreasing towards the north.

There is also a smaller peak around 10820.

The

Search 3 plot echoes this trend, with a higher grade in the south, and decreasing grade
as the northing increases.

The trend plot parallels the input data, despite the

smoothing of the OK estimator. Search 3 forms an intermediate between the extreme
smoothing of the Unique search area, which assigns a similar grade to every block,
and the overestimation of Search 4.
7.3.3.4.

Grade-tonnage Curves

Grade-tonnage curves were calculated for each of the estimation techniques, and the
curves for LSK are included as Figure D:45.

All other grade tonnage curves are

included in Appendix D. The highest selectivity occurs with Search 4, echoing the
grade distribution illustrated by the trend plots. Unique has an almost flat gradient, due
to all of the estimated blocks having a similar grade. Search 3, reduces the selectivity,
without displaying the extreme smoothing displayed by the Unique curve. For example
using Unique, 0.74% of the orebody is above a cut off grade of 3 g/t, but for Search 3,
this rises to 19.41%. The mean grade of the resource blocks above the cut off grade
varies from 3.92 g/t to 4.88 g/t respectively.

The Search 3 grade tonnage curve

provides a good model of the perceived grade distribution of Sherwood, being relatively
low grade with higher grades in the south.
7.3.4. Simulation Model Comparisons
7.3.4.1.

Declustered Mean Grade

The indicator residuals were also tested for Sherwood, the results of the cross
variograms are included as Figure D:46. The cross variograms show that there is
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Figure D:44 – Trend plot for LSK

Trend Plot (Sherwood) for LSK
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Figure D:45 – Comparison of grade-tonnage curves for LSK, using various searches
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spatial correlations between the lower grades (indicators 0.5 and 1, and indicators 0.1
and 1.5), but no correlation between indicators 1 and 1.5.

The lack of spatial

correlation in the indicator variograms one of the underlying assumptions, therefore a
Gaussian approach to simulation maybe unsuitable and produce erroneous results
(Humpreys 1998). A plot of the percentage difference of the global mean from the
declustered mean is included as Figure D:47. A plot of the actual global mean of each
simulation is included in Appendix D.
The simulated models have similar features to the estimated models, a function of the
similarity of the mathematical basis of kriging and TB. However, using a Gaussian
approach produces erroneous results, showing that a Gaussian approach is defiantly
not suitable when the assumptions cannot be validated.

The input data can be

simulated to +3.94% by using the variogram calculated for LSK, and Search 3.
7.3.4.2.

Individual block Grades

Individual blocks from each of the mean simulations were compared, and the plot of the
individual grade for different simulation techniques for S1 is included as Figure D:48.
S2 and S3 are included in Appendix D. The individual block grades for the simulated
models display similar trends to the estimated models, with the grade being relatively
consistent across all of the models. The only exception being SGS, which produces
widely different block grades, which is due to the unsuitability of the simulation method.
The grade of the block is not overly sensitive to the search area as the block contains a
large amount of information close to the block. The block grade is not so susceptible to
the changing search area incorporating samples that are more distant.
7.3.4.3.

Trend Plots

Trend plots of the mean simulations are included in Appendix D, and the TB with the
LSK variogram is included as Figure D:49.

The trend plot is similar to the estimated

model, with a high level of smoothing, but reflecting the input data sufficiently well.
7.3.4.4.

Grade-tonnage Curves

Grade-tonnage curves for the mean simulation of TB with the LSK variogram are
included as Figure D:50 and the plot of grade-tonnage curves for the minimum,
maximum and mean simulations for Search 3 are illustrated in Figure D:51. All other
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Figure D:46 – Indicator residuals cross variograms showing lack of spatial correlation
for high grade indicators

Figure D:47 – Difference from declustered mean for simulated models, expressed as a
percentage
Simulation method vs. percentage difference from declustered mean - Sherwood
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Figure D:48 – Individual block grade vs. simulation method for S1
Simulation method vs. single block grade (S1) - Sherwood
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Figure D:49 – Trend plot for Turning Bands using LSK variograms
Trend Plot (Sherwood) fot Turning Bands with LSK variograms
6.00

Input Data
Unique
Search 2

5.00

Search 3
Search 4

Gold Grade (g/t)

4.00

3.00

2.00

1.00

0.00
10760

10780

10800

10820

10840
Y (m)

10860

10880

10900

Part D – Resource Evaluation Optimisation

D-90

simulation grade-tonnage curves are in Appendix D. The simulation grade-tonnage
curves (Figure D:50) of the different searches are similar to those for the estimation
technique with the same variogram parameters.
Figure D:51 shows the range of grades and tonnages that are equiprobable. At a cut
off grade of 3 g/t, the mean grade of blocks above the cut off ranges between 4.82 g/t
and 4.51 g/t, but the percentage tonnage above the cut off varies from 9.59% to 64.5%.
The tonnage is highly variable, reflecting the low-grade nature of the orebody. The
three curves vary in gradient, due to the range in selectivity that can be simulated. The
orebody is highly tonnage dependant, with a small change in tonnage radically
affecting the mean grade that can be extracted.
7.4. Conclusions – Sherwood
Statistical analysis of the Sherwood dataset shows a bias in the input data due to the
mixing of sample populations with inconsistent supports. The RC data has a higher
mean grade than the DDH data, and the relationship between the two sample supports
is not constant, so a correction factor cannot be applied. This leads to a database with
mixed sample support, but the restricted nature of the database means that excluding
the data would have resulted in a nonsensical result.

However, this case study

illustrates how even with mixed sample supports a global estimate can be made, but
mixing the two datasets would never be considered in a true Resource calculation.
The RC and DDH dataset was neither normal nor lognormal, and contained several
populations in the distribution. The mean and variance of the total dataset correlated
sufficiently so that the intrinsic hypothesis could be applied.
Applying QKNA resulted in a large search area, which used the majority of the data to
estimate the majority of blocks. Therefore, a smaller search area (Search 3) was
chosen, as it reduced the amount of smoothing, but still had adequate QKNA statistics.
The Sherwood dataset was estimated / simulated with a variety of techniques, using
four searches: Search 3 which is a restricted version of the QKNA suggested search,
Search 2 which was suggested by QKNA, Search 4 which is highly restricted, and the
Unique search which uses all of the data for estimation.
Only omnidirectional variograms could be modelled, and nugget effects varied between
27.27% (Gaussian data) and 67.36% (raw data). When LN data variograms are Figure
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D:50 – Comparison of grade-tonnage curves for different searches using LSK
variogram (Turning Bands – Search 3)
Grade Tonnage Curve (Sherwood) for Turning Bands with LSK variograms
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Figure D:51 – Grade Tonnage Curves for minimum, mean, and maximum simulations
generated through LSK variograms (Search 3)
Conditional Simulation Grade Tonnage Curve (Sherwood) for Turning Bands with LSK
variograms (Seach 3)
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transformed back to the raw data, the range of the two variograms varies from 5.2m for
raw data, to 9m for the LSK variograms.
IDW is an unsuitable estimation technique as it significantly over estimates the grade.
The kriging-based estimators also produce higher mean grades, which can be
attributed to the bias in the input data, and mixing populations. The technique that
produces the most comparable global mean grade is LSK, which estimates the grade
to +4.00%. The LSK variogram is a good representation of the grade, and so results in
high quality estimation. The other variograms are not reflecting the grade, and so do
not produce a sufficiently high level of estimation.

LK is an inherently biased

technique, due to the underlying population not being lognormal, and LK being based
on SK, which has unrealistically high stationarity assumptions that have not been met.
Therefore, LSK provides the benefits of the LN variograms, but avoids the introduced
biases of the LK methodology.
Verifying the spatial correlation of indicator residuals shows that there is a breakdown
at higher grades, so a Gaussian approach to simulation will produce erroneous results.
This was shown to be the case, and both TB and SGS in Gaussian space produced
nonsensical results. TB with transformed LN variograms produced the most suitable
results, due to the TB algorithm having similar advantages to kriging with the same
variograms.
In the case of Sherwood, good results could be determined through both estimation
and simulation, using the same variograms.

Simulating with the LSK variograms

produces a marginally more comparative grade, at +3.94%, as opposed to +4.00% for
estimation. Simulation also has the advantage of producing a range in grade and
tonnage estimates, through multiple realisations of the orebody. Therefore, in the case
of Sherwood, the best methodology is TB with the transformed LN variograms, and
Search 3. This technique produces a block model with a comparable global mean, and
reduces smoothing to an acceptable level, whilst incorporating selectivity.
All techniques utilised within this case study overestimate the grade, and therefore
cannot be deemed suitable. Over-estimation of the grade is always undesirable and
maybe caused by the mixing of sample supports in the input data. Optimisation of
resource evaluation protocols within this dataset is impossible without removing the
bias between the two datasets, or expanding the DDH dataset and removing the RC
composites entirely.
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8. Discussion
The case studies presented in this Thesis Part demonstrate how the methods
discussed in Section 2 are applicable in a wide range of mineralisation styles.
However, although each of the deposits studied can be classified as Archaean
orogenic gold deposits, the approaches to evaluating the mineral resource vary
considerably. The case studies presented here are summarised in Table D:26.
Table D:26 – Summary table for resource estimation case studies: Haddons, Taurus,
Undaunted and Sherwood
Haddons

Taurus

Undaunted
Sherwood
Quartz lode at S-C Sulphide locked
Mineralisation
Shear zone
fabric intersection Au, shear hosted
BIF hosted
in large shear
Style
(entire)
associated with
zone
alteration
Neither normal or
lognormal – bias
Grade
Neither normal or Neither normal or Neither normal or
due to
lognormal
lognormal
lognormal
Distribution
inconsistent
support
DDH data
Mixed RC and
Sample
1 m composites,
DDH data,
RC Data,
DDH data,
or variable length 1 m composites 1 m composites
Support
1 m composites
samples
No. of data

Samples - 1082
Composites - 818

789

76

182

Level of
Stationarity

Intrinsic
Hypothesis

Intrinsic
Hypothesis

Intrinsic
Hypothesis – drift
accounted for by
search area

Intrinsic
Hypothesis

Yes – Search 6

No – Search 3

Yes – Search 12
with simulation,
QKNA search? Yes – Search 10
Search 4 with
estimation
Search
parameters

70x15x15

60x120x10
(0,-45,10)

17x40x17
(0,0,-5)

15x50x10
(160,0,0)

Variography

Omnidirectional

Omnidirectional
and directional

Omnidirectional
and directional

Omnidirectional

Estimation
technique

OK with Gaussian OK with raw grade OK with Gaussian
back transformed
directional
back transformed
variograms
variograms
variograms

LSK
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Percentage
+1.27%
difference from
(-11.62% from
declustered
reconciled grade)
mean
Simulation
applicable?

No

-3.98%

-1.38%

+4.00%

Yes

No

Yes

Gaussian tests
valid?

No

No

Simulation
technique

TB with directional
pairwise relative
variograms

TB with
omnidirectional
LSK variograms

Percentage
difference from
declustered
mean

-4.04%

+3.94%

(6 g/t cut-off)
7.95 to 8.50 g/t
43.44 to 65.43%
tonnage

(3 g/t cut-off)
4.51 to 4.82 g/t
9.59 to 64.5%
tonnage

Ranges in
grade / tonnage

None of the mineralisation styles investigated in this study displayed normal or
lognormal grade distributions, and there were often multiple populations identified in
grade histograms and cumulative frequency plots. Statistical gold grade distributions
are often complex (Sinclair 1998), a result of the complicated process that produced
them, and often biased sampling of the orebody. Geological phenomena can rarely be
explained through statistical processes, which lead to spatial statistics and the field of
geostatistics being developed (Glacken and Snowden 2001).

These statistical

properties are echoed in the literature (e.g. Schofield 1998 for the Enterprise deposit,
and Shi et al. 2000 for a platinum deposit in South Africa). Testing of each of the
datasets showed how first or second order stationarity is often not a feasible
assumption in this style of mineralisation. The presence or absence of stationarity in a
geostatistical model is a much discussed issue (e.g. Phillip and Watson 1986;
Srivastava 1986; Myers 1989; Vann et al. 2001), and all geostatistical techniques are
based on the implicit assumption of stationarity, the lowest acceptable level being the
intrinsic hypothesis.

Having tested each of the orebodies for stationarity, through

deriving descriptive statistics, histograms and cumulative frequency plots for horizontal,
vertical and strike parallel slices through the datasets, the intrinsic hypothesis was
applied to all case studies, with drift in the experimental variograms being accounted
for in the search area (e.g. Undaunted).

Some types of kriging (e.g. SK) rely on a
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high level of stationarity as a key assumption (Vann et al. 2001), so this assumption
makes this type of kriging obsolete.
The set of statistical tests termed “QKNA” (Vann et al. 2003) have been demonstrated
to be very powerful tools for the optimisation of search areas, and used in conjunction
with geological knowledge provides excellent basis for evaluation. This technique is
discussed in the literature (David 1977; Rivoirard 1987) and Vann and co-authors
present an excellent synthesis in the 2003 paper.

Both Taurus and Sherwood

benefited from the QKNA search area being modified due to prior geological
knowledge.

In the case of Sherwood, Search 2 had the optimum QKNA statistics, but

was then modified into Search 3 to reduce smoothing. The larger Search 2 does not
produce an accurate reflection of the grade distribution in the Sherwood orebody.
Searches 4 and 12 for Taurus were similar, with the main difference being Search 12
having a plunge component (10°S). This rotation reflects the plunge of oreshoots in
the shear zone, as modelled by Nugus et al. (2003). Both Searches 4 and 12 provided
accurate models, but Search 12 proved to be the most suitable for simulation, which is
independent of any estimation models generated for Taurus.

QKNA provides an

excellent method for the quantitative assessment of search areas, one of the critical
factors when generating resource models. This study has demonstrated the ease with
which the technique can be applied, and therefore it should be considered a mandatory
step.
Each of the case studies demonstrated that LK is an unsuitable technique.

The

drawbacks of LK are documented in the literature (e.g. David 1988), but the two main
disadvantages shown in this study are the bias introduced when the underlying
distribution is not perfectly lognormal, and the unfeasible stationarity assumptions of
SK, on which LK is based. The back transformation of the estimated LN values into
raw grade space is also problematic (Clark 1999) However, calculating variograms of
the LN data, and back transformation (for LSK) proved to be a suitable technique for
the Sherwood orebody. Logging the raw data produces a quieter distribution, and
reduces noise on the variogram, making the underlying spatial relationship to be more
easily modelled. As gold distributions are rarely, if ever, lognormal, LK is a technique
that should rarely be applied, but LSK avoids many of the issues associated with LK,
while still having the advantage of being based on the LN variogram.
All of the optimised estimation techniques are based on OK, either with back
transformed Gaussian variograms, raw grade variograms or with the transformed LN
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variograms (LSK). OK is a useful technique in the estimation of deposits, as although it
is distribution dependant, it can cope with some deviation from the perfect distribution
(Isaaks and Srivastava 1989), and produces good quality estimates for each of the
deposits investigated here.

However, the quality of an OK estimate is entirely

dependant on an optimised search, and carefully modelled variograms.

Using

derivatives of OK, each of the deposits could be modelled to produce a global mean
grade of within ±5% of the declustered mean grade of the input data. Reconciling the
Haddons model to an actual bulk sample showed that the OK model was -11.62%
below the bulk sample grade. The difference between the block model and the “true”
grade, as represented by the bulk sample can be attributed to the smoothing which is
apparent in all kriged models.

The level of smoothing can be reduced through

simulation, but the true geological variability cannot be replicated fully.
Directional variography proved to be challenging in all of the deposits, with only the
Taurus orebody producing directional variograms that were suitable for estimation and
simulation.

Directional variograms could be modelled for Undaunted, but the

variograms did not reflect the underlying geology, and produced biased estimates of
the grade.

Directional variograms are an excellent way of introducing geologically

constrained features (e.g. 10°S plunge of oreshoots) into the resource estimate, and
although there may be little difference in the global model, the directional variograms
can influence the model on a local scale.
Conditional simulation models were produced for three of the case studies, Taurus,
Undaunted and Sherwood. Although simulation was possible for Undaunted, the lack
of data (76 points) and the poor quality of data (RC samples) meant that there was little
confidence in the estimated models, so simulation was similarly unrealistic. For the two
orebodies where simulation was feasible, the spatial correlation of indicators
(Humphreys 1998) was investigated to see whether a Gaussian approach was
warranted. The unsuitability of the Gaussian approach was also illustrated by Diggle et
al. (1998) and Humphreys (1998) presents an example where the Gaussian
assumptions can be validated. For both Taurus and Sherwood, the spatial indicators
showed no spatial correlation across all grade ranges, indicating that simulating in
Gaussian space would produce unreliable results, and this proved to be the case. In
both case studies, TB was the most applicable technique, with directional pairwise
variograms for Taurus, and with the LSK variograms for Sherwood. The simulated
models produced similar results to the estimated models, despite the goals of
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simulation being different (Glacken and Snowden 2001). The simulated models also
produced global mean grades of ±5% of the declustered mean grade of the input data.
Resource evaluation techniques applied to Archaean orogenic gold deposits are also
discussed in the literature.

The methodologies applied to Archaean orogenic gold

deposits are varied, reflecting the variable nature of the deposit. IDW methodologies
are still in use in the estimation of mineral resources for Archaean orogenic gold
deposits. This technique is often used to estimate resources in deposits with limited
data where kriging is perceived to be inappropriate. An example of IDW being used as
an estimation tool is given by O’Brien and Cutts (2000) at the KCGM (Super Pit)
deposit.

Individual lodes within the deposit were estimated using IDW and OK

methodologies. As O’Brien and Cutts (2000) report, nugget effects in the lodes where
variography was attempted ranged between 30 and 35%, allowing kriged models that
reflect the underlying geology to be generated for several individual lodes within the
deposit.
One of the recent trends in the evaluation of Archaean orogenic gold deposits has
been to include the geological characteristics as a methodology for domaining the data.
This method was illustrated by Haren et al. (2003) at Wallaby in Western Australia, who
coded alteration intensity within individual ore zones as an indicator variable, and used
these indicators to model the alteration within the deposit.

As alteration and gold

mineralisation had a sufficiently high correlation, the alteration maps were then used to
domain the grade data for estimation. The geology of the deposit was therefore a
direct input variable into the estimation model. A similar approach to estimation of
several lodes of the Golden Pig deposit was also made by Jankowski et al. (2003) who
used subjective alteration codes as indicators to grade.
Optimising resource evaluation techniques is an on going process for all deposits.
New techniques for resource evaluation, including new kriging (e.g. ordinary multigaussian kriging; Emery 2004) and simulation methodologies are regularly proposed
(e.g. Dimitrakopoulos and Luo 2004). However, new techniques are often unhelpful in
the practical aspects of resource evaluation, due to the heavy mathematical basis
which may be difficult to understand and apply correctly.

Therefore approaches

required to advance the subject are mainly concerned with practical applications due to
the complex nature of the science.

Therefore, there is always a need for the

application of these techniques to real, geological databases, as opposed to simulated
and limited databases.
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The focus of this study has been on optimising resource evaluation procedures within
varying mineralisation styles which are all classified as Archaean orogenic gold
deposits. The range in techniques shown through the four case studies illustrate how
resource evaluation procedures can vary widely, even between individual lodes in a
single deposit.

The entire evaluation process is an individual appraisal of the

geological and statistical properties of the deposit in question, therefore generalisations
are difficult to make. A thorough knowledge of the geological properties of the deposit
is a given as being a starting point in the estimation (or simulation) of a deposit, but as
Clark (2003) asserts “…Do people really think that we would use such complicated
statistical methods if we could just go back and look at the core to see whether it was
oxide or sulphide?”, complicated statistical processes are required to evaluate mineral
resources, and a though understanding of these should be a mandatory requirement
for any resource geologist.
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Part E:
Modelling an Incorrect Variogram:
Financial Risk Quantification for the Haddons Lode, Golden Pig
Abstract
The financial risk from incorrectly modelling variograms for the Haddons orebody was quantified. Variograms
were modelled using an experimental variogram and there is an inherent risk that variograms maybe modelled
incorrectly. The case study presented here aims to quantify the financial risk involved in modelling the
variogram parameters (the nugget effect and range) incorrectly. The Haddons case study illustrates how
modelling the nugget effect incorrectly by 20% can result in a Moderate financial loss, but is Very Likely to
occur, which is deemed to be a high risk situation. Modelling the range at slightly longer lengths than the “true”
range also results in a financial loss, but the loss is smaller, being classified as Minor. This scenario is also
Very Likely to occur. The level of risk involved in a single decision made at the beginning of the resource
evaluation procedure can be seen to have significant impacts throughout the project. Financial modelling using
the incorrect block models illustrates how a discrepancy in the variogram modelling could affect whether the
deposit is developed into a mine or not.

1. Introduction
All mining operations are high risk ventures. The main focus of any mining operation is
the Mineral Resource which is an uncertainty (Rozman, 2001).

The entire mining

operation is concerned with the exploitation of a geological entity which has been
modelled and estimated, but never actually proven to exist. Added to this uncertainty,
is the potential for human error by geologists and mine personnel. Every resource
model will contain errors, and determining whether the model fits the required level of
accuracy is of the utmost importance. Mining is also a high cost process, which often
requires external investment before production can begin (Helliwell and Annels, 1991).
The high cost and high risk nature of mining may be offset by the possible high returns
on this investment, and so informed decisions by investors need to be made. Risk
analysis in mining operations is currently a high profile research area, with the level of
uncertainty within a resource model needing to be quantified in order to meet current
JORC standards (JORC, 2004).
Unfortunately, many Archaean orogenic gold deposits are high risk deposits, being
generally small and low grade, providing small returns on the investment required. The
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sheer number of these deposits concentrated into a small area such as the NorsemanWiluna belt, or the Southern Cross Province makes them attractive exploration and
production targets (Groves et al. 1990). Due to the complex nature of these deposits,
the risk in production can be relatively high, and so this deposit class provides an
excellent subject for risk analysis.
Risk analysis is becoming increasingly common place in the evaluation of mineral
resources, as indicated by De-Vitry (2002) who presents a series of case studies to
illustrate how geological risks can be analysed. One of the most important factors in
any mining project is the resource model (Morley et al. 1999), which plays a major part
in any financial model. Although the resource model is one of the most uncertain
aspects of a financial model of a mining project, it is often treated as a perfect estimate
of the tonnage and grade of the ore deposit (Dominy et al. 2002a). All geologists
should be aware of the uncertainty in any estimate of a geological entity, and this
uncertainty should be quantified in some way (Dimitrakopoulos et al. 2002).
Unfortunately, there are few techniques that allow geological uncertainty to be
quantified, whereas financial uncertainty can often be modelled very accurately (e.g.
White, 1997).

Therefore the most logical step is to utilise the financial modelling

techniques to represent the uncertainty within the geology.
This Thesis Part presents a brief discussion of error and uncertainty in mineral deposit
evaluation, along with risk analysis strategies that can be used to model the inherent
risks in any mining operation. One of the most important decisions made during any
evaluation of a mineral resource is that of the variogram parameters for the orebody, so
this Thesis Part aims to illustrate how modelling the variogram parameters influences
the resultant block model, and to quantify the risk involved in doing so. This Thesis
Part includes a case study based on the Haddons lode, which forms part of the Golden
Pig deposit in Western Australia and the application of a new risk analysis technique to
geological phenomena forms a large proportion of the case study.
2. Review of Literature
2.1. Introduction
The focus of mine planning is a model of a physical body, which is derived from
estimation or simulation of a limited amount of data leading to a high risk business,
where many aspects of the resource or reserve maybe inaccurate.

Unfortunately,
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financiers and investors often take the Mineral Resource and Ore Reserve an absolute
measurement, and not as the evolving estimate that it actually is. Mining is a high risk
business, so risks that can be minimised should be, and what is left should be
adequately managed (Snowden et al. 2002).
There has been a recent trend in the literature towards measuring and managing the
risk involved in a mining operation. Rozman (2001) comments that “…an Ore Reserve
is not precise; the only certainty is that it is inaccurate”.

Geology is an imperfect

science, and the Mineral Resource is an estimate of an imperfect geological body.
Unfortunately, financial decisions are often based on the Mineral Resource, which is
estimated from a small amount of data. The risk in estimation needs to identified and
presented, thus allowing informed decisions to be made by lenders and shareholders.
2.2. Error and Uncertainty in Mineral Resource Estimation
The sources of error and uncertainty inherent in any evaluation of a Mineral Resource
have been documented in the literature (e.g. Rozman and West, 2001; Rozman, 2001;
1998; Dominy et al. 2002a). Where errors and uncertainties exist, there is always an
inherent risk. This is especially true in the case of the evaluation of Mineral Resources
as the level of understanding and available information will be restricted at the start of
the project.
There is an inherent risk involved with geological phenomena, due to the uncertainty of
the deposit geometry and geology. There are numerous examples (e.g. Burmeister,
1988) of mining projects having unforeseen difficulties due to geological problems that
could have been identified if there had been further investigations before mining
commenced. Unfortunately, the complex and uncertain nature of geological entities
also makes it possible for fraudulent claims to be made (e.g. the Bre-X disaster;
Danielson and Whyte, 1997), which cannot be investigated by external investors. The
limitations and assumptions within geostatistical models should also be discussed, as
these too are a major influence on the final resource model. One of the preliminary
stages of modelling an orebody is variography, which is also one of the most important
stages. The variogram parameters form the basis of any geostatisitical model, and so
must be modelled with due care.
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Uncertainty within Mineral Resource estimation can usually be attributed to one or a
combination of several factors.

These factors can be split into several categories

including geological uncertainty, grade determination uncertainty and estimation
uncertainty (Dominy et al. 2002a). Geological uncertainty includes issues arising from
modelling the boundaries of the deposit, calculation of the bulk density and whether the
geological interpretation of the ore deposit is appropriate for the data provided. Grade
determination uncertainty can be attributed to errors associated with the sampling of
the deposit and the sample preparation and assaying of the samples.

Estimation

uncertainty arises through the geostatistical modelling of the orebody, where errors can
be introduced through mismanagement of the resource database, the derivation of
inappropriate variogram parameters for the orebody or the application of an unsuitable
estimation or simulation technique. Uncertainty in the resource model is cumulative,
and further errors can be introduced when the Resource is converted to the Reserve.
Careful management of these uncertainties is required in order to produce a Resource
or Reserve model that reflects the orebody.
When the resource model is reported as a Mineral Resource in accordance to JORC
guidelines (JORC, 2004), the Resource does not reflect the variability that is present
within the grade and tonnage estimate. One method to illustrate the possible variability
is presented by Dominy (2004) who presents the concept of providing a range of
grades, as opposed to the more traditional single figure. The uncertainties within a
resource model are derived from numerous sources such as the reliability of the input
data, geological and grade continuity, density variations, and geological interpretation
and whether the deposit model is representative of the geological system (Rozman and
West, 2001).
2.3. Methods for Stating Error and Uncertainty
The assessment of risk for an individual mining project is often an iterative process,
which should begin during the preliminary exploration phases, and continue throughout
the life of the mine project (Rozman and West, 2001). As each project advances, the
risk and sensitivities unique to that project become apparent, and increasingly well
understood. There are numerous methods presented in the literature for stating the
errors, uncertainties and inherent risk in any stage of the evaluation of a mineral
resource. The majority of methods which are currently applied to mining operations are
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discussed by Rozman and West (2001), and reviews of the methodologies employed in
this Thesis Part are included here.
Risk analysis and quantification for mining projects is a contentious issue within the
literature at the present moment.

Although there are numerous papers presented

which discuss how to analyse risk in a mining situation (e.g. Rozman, 2001), there are
few case studies presented which indicate the effect of decisions made within the
resource evaluation process impinge on the mining project. The identification and
management of possible risks within resource evaluation is also recorded (e.g. Dominy
et al. 2002; Annels and Dominy, 2002). The risk matrix approach has been applied to
other phenomena, for example, Rose (2001) discusses how this methodology is
applied in the petroleum industry, especially to estimate the uncertainty related to
several prospect characteristics (e.g. productive area, gross rock volume, and
porosity). One of the few case studies of risk assessment applied to mining projects
recorded in the literature is by Bywater (2003) who discusses the financial modelling of
a nickel operation, and how the financial risk is reduced through careful financial
modelling of the operation.
2.3.1. Sensitivity Analysis
Sensitivity analysis involves analysis of the impact of altering individual variables (e.g.
grade or metal price) within a project, and determining the change on the project itself.
This type of analysis is mostly suited to identifying where a mining project is sensitive
to change (e.g. grade or metal price). However, unless the risks associated with each
variable are quantified, sensitivity analysis on its own can produce inconclusive results
(Rozman, 2001). Traditionally, a project sensitivity to variables such as metal prices,
exchange rates, product prices and levels of capital expenditure have been modelled
using this methodology (Rozman and West, 2001).
2.3.2. Risk Matrices
Risk matrices are commonly used in the majority of risk analysis methodologies, but
they are rarely applied to mining operations. Risk matrices play a vital role in risk
management of areas such as health and safety, or environmental protection, and are
gaining a wide acceptance in petroleum exploration and production geology (e.g. OGP,
1994; Anderson, 2001) however, the application of this method to a mining situation is
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previously unrecorded. The premise behind a risk matrix is relatively simple, being
based on the likelihood of a situation occurring, multiplied by the consequences, which
is equal to the associated risk. For example, risk matrices are often used to quantify
seismic risk (Guall et al. 1990). In earthquake studies, the seismic risk is defined as
the seismic hazard multiplied by the vulnerability. The vulnerability of an area affected
by earthquakes is determined by the degree of damage that is expected in the event of
an earthquake, whereas the seismic hazard is the probability of occurrence at the given
location. Seismic risk can be expressed in several ways, such as economic costs, loss
of life or the level of environmental damage over a given unit of time (Guall et al. 1990).
2.4. Financial Modelling Methodologies
The financial aspect of a mining project could be considered the most important. The
reason a mine exists is to generate income for the company, with interesting geological
observations being purely an advantageous side aspect of any mining operation (Anon,
1997). Analysis of the financial aspects of a mining project can take many forms, and
for a through review, the reader is directed to White (1997), or Helliwell and Annels
(1991), and a brief synopsis of the analytical techniques used in this Thesis Part are
presented here.
2.4.1. Dollars in the Ground Models
Goldie (1996) presents a methodology for declaring orebody grades as a dollar value,
as opposed to the more traditional grams per tonne, or percentage. This technique is
especially useful as it is a transparent method of identifying the worth of the orebody as
it exists in the ground. Of course, the most obvious drawback is that expressing the
value as dollars in the ground may give an inflated view of how much profit could be
made from the individual orebody, due to the numerous assumptions required. Dollars
in the ground models do not incorporate the costs of extraction, processing, and sale of
the product. Expressing grade in dollars may have some financial constraints applied,
such as an economically viable cut off grade, but ignore other factors such as stoping
or other engineering restrictions, making the technique useful as a guide, but it should
not be used to evaluate the true worth of the mineral deposit. The value of the orebody
is also likely to change systematically, due to fluctuations in the metal price, therefore
applying a long term average price, or a conservative estimate maybe more
advantageous. This technique is often applied to poly-metallic orebodies, where the
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various grades of the different metals are expressed as both element–equivalents and
as a dollar value.
2.4.2. Discounted Cash-flow Net Present Value (NPV)
Financial modelling of mining projects is similar to that of the majority of business
ventures. All mining ventures are based on the resource model, which has a high level
of uncertainty.

As with all financial modelling, models of mining projects contain

numerous components, which need to be included in order to make the model feasible.
These components are discussed in the literature (e.g. White, 1997; Annels, 1991),
and a brief review is presented here.
Capital Expenditure is usually required at the start of the mine project, to purchase
fixed assets, such as buildings, plant, machinery and vehicles which are required to
begin mining, as well as the capital required to define the Mineral Resource (Hellewell
and Annels, 1991). The need for Capital Expenditure continues throughout the life of
the mine, for example to replace machinery or change the method of production
(White, 1997).

The estimation of Capital Expenditure costs is a highly complex

procedure, and as such is not covered by the remit of this Thesis, for further
information, the reader is directed to White (1997) for a discussion of this process and
to Rapson (2003) for a case study.
Operating costs which are defined as the costs involved in taking the ore in the ground
through to a marketable product, also need to be estimated. These costs include all
costs associated with the mining, milling, processing, administration, exploration and
environmental reparation costs of a mine project (White, 1997). Other factors that
need to be considered in any financial evaluation include mine dilution, mill recovery,
revenue from the product or metal prices, depreciation, royalties, the cost of repaying
borrowed capital and taxes (White, 1997).

For each individual mining project, the

factors that impinge on the financial success of the deposit will vary, and so need to be
considered carefully.
The rate of production and the mine life are also factors that needs to be considered,
and the most common method of financial analysis is to model the first ten years of a
mine project. Forecasting the many assumptions included in any financial evaluation
for more than ten years becomes meaningless, and at high interest rates (e.g. greater
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than 10%), the present value of revenues in 10 years is small, and therefore does not
affect the present valuation of the project (White, 1997). Therefore, the majority of
financial models presented in the literature are based on a 10 year mine life (e.g.
Bywater, 2003).
The net present value (or NPV) of a mining project is calculated by determining the
total revenue after taxation of the operation for a single year, and extrapolating this
value for a stated period of time into the future (Helliwell and Annels, 1991). The
capital expenditure for the project is also estimated, and the time taken for this
investment to be repaid can be calculated. However, as money has a time value, the
revenues in the future must be discounted to reflect this. These discount values are
freely available from a variety of sources (e.g. White, 1997), and are dependent on the
predicted interest rate for the specified period. Once the revenue has been discounted,
the revenues for the time period being studied can be summed to give the NPV (White,
1997).
The NPV is a useful measure as it reflects not only the actual worth of the project, but
incorporates the effect of the time value of money on the project.

The NPV is a

valuable technique for comparing projects, as well as illustrating how decisions made
during the evaluation of the project effect the financial model. NPV analyses also
provide a relatively realistic measure of the true worth of a project, and provide a
simple way of determining whether a project is worth the investment capital required.
Other advantages of the NPV method include the relatively simple calculation, and that
through the application of consistent assumptions, direct comparisons between models
can be made.
3. Case Study – Haddons Lode, Golden Pig
3.1. Introduction
As discussed in Part A, Section 5.2.2, the Haddons Lode, Golden Pig is hosted by
intensely deformed mafic and ultramafic rocks, with intercalated banded iron formations
(BIF) and sediments. The majority of the gold (98%) is located within BIF hosted lodes,
such as Haddons, which forms the focus for this case study. Gold is also located in
shear-hosted lodes (e.g. Taurus, Nugus et al. 2003) which contain 2% of the total gold
within the Golden Pig deposit as a whole (McBeath & Whitworth, 2002).
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Mineralisation at Golden Pig is predominantly stratabound, within tight to isoclinally
folded and sheared banded iron formation (BIF) units. Four BIF horizons have been
identified, which strike between 320° and 330°, dip between 50° and 80°W and vary in
thickness from between 0.5 and 10 m. Economic mineralization is located in both the
limbs and folds of the BIF (McBeath & Whitworth, 2002).
A nugget effect of 50.83% was estimated for the Haddons dataset during variography
for resource evaluation optimisation (see Part D, Section 4.3.2). Variography produces
several parameters (Part D, Section 2.5) which have an impact on the estimation of
grades in an orebody. This case study is concerned on the effect of changing the
nugget effect (ε), and the range (a). Throughout this case study, the nugget effect is
detailed in Part D, Section 2.5. The aim of this case study is to evaluate the effect of
changing these parameters has on the resultant block model, and to investigate how
changing a single parameter in the evaluation process affects the economics of a
single ore deposit.
3.2. Methodology
The methodology followed in this case study is similar to that of the Haddons case
study in Part D, Section 4.
Stage 3 – Variography
Omnidirectional variography of the Haddons dataset (Part D, Section 4.3.2) produces a
variogram with a nugget effect of 50.83%, and a range of 17 m. Variograms were
calculated for the Haddons dataset with artificial nugget effects and ranges, at 10%
intervals for the nugget effect and 5m intervals for the range. Only omnidirectional
variograms were used as directional variography proved challenging, and suitable
variograms could not be derived.
Stage 4 – Estimation
Ordinary Kriging (OK) was used throughout for the generation of block models. The
aim of this case study is not to generate optimised block models, but to illustrate the
impact of varying the variogram parameters. Therefore, OK was used throughout as
this provides a stable, well established estimation technique, with well constrained
limitations and advantages. Quantified Kriging Neighbourhood Analysis (QKNA) was
used to determine the best search area, which proved to be Search 10 (see Part D,
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Section 2.7 for an in-depth discussion on the application of QKNA).

However, 5

different search areas were applied, as illustrated by Table E:1.
Table E:1: Search areas implemented in Haddons case study

Search Area
Search 1
Search 2
Search 3
Search 4
Search 10

Dimensions
(m)
80x20x20
80x20x20
80x20x20
80x20x20
70x15x15

No of Sectors
1
4
8
16
16

Minimum No
of Samples
1
5
5
10
10

Maximum No
of Samples
10
10
10
100
100

All of the OK block models were calculated within a matrix of blocks with dimensions of
10 x 5 x 5 m. The average sample spacing along strike is 20 m, and the block size was
set at half the average sample spacing. The sample spacing down dip varied between
1 and 5 m, and a block size of 5 m was chosen to incorporate as many samples as
possible per block.

All block models were discretised to grid of 5x10x5, so each

discretisation point represents 1 m3.
Stage 5 – Model Comparisons
The block models produced were compared in several ways, through comparison
between the estimated model global mean and the declustered mean grade of the
input data, through extracting individual block grades from different areas of the
orebody, and through the production of trend plots and grade tonnage curves.
Plotting how the individual parameters change when compared to a base case
scenario is termed sensitivity analysis (Rozman, 2001). Plots of how the individual
parameters affect the resultant estimated models were produced, which illustrate the
variability through changing the estimation parameters.
Stage 6 – Dollars-in-the-ground models
The value of each of the block models can be calculated as a “dollar-in-the-ground”
value. This is calculated by multiplying the amount of gold estimated, by a specified
gold price. In order to calculate this value, only blocks within the Haddons orebody
envelope were used, and a cut off grade of 3 g/t was applied.

The number of

contained troy ounces within the individual Haddons model was then determined, and
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multiplied by a gold price of AU$556.52 (from 22/07/04). The resultant value is the
dollar in the ground value of the orebody, independent of mining constraints. This
methodology is consistent with the methodology presented by Goldie (1996). These
models were compared by plotting the changing variogram parameter against the value
of the model, which demonstrates the effect of changing the variogram parameter. As
the Haddons orebody has had a bulk sample extracted from it, with a known grade, the
models can also be reconciled to this value, to illustrate the true variability between
models.
Stage 7 – Risk Analysis
The basic premise of risk matrices is that the likelihood of a situation occurring is
multiplied by the consequence, and the resultant value determines whether the
situation is high risk or not, therefore, the higher the risk rating, the lower the risk
involved in the situation. The consequences of modelling the Haddons variogram can
be estimated from the sensitivity analysis in Stage 6, and the likelihood was estimated
from the shape of the variogram. The risk in modelling the variogram incorrectly can
then be quantified.
Stage 8 – NPV Calculations
The NPV was calculated for each of the resource models, using the methodology
presented by White, (1997). The NPV for each of the block models could then be
compared to the “true” value, and the difference between the “true” and inaccurately
modelled variogram estimates quantified. This allows a clear statement of the effect of
incorrectly modelling the variogram to be made. In all financial analysis, there are
numerous assumptions built into the model, and these assumptions are discussed in
more depth in Section 3.5.2.
3.3. Model Comparisons
3.3.1. Descriptive Statistics
Statistical analysis of the Haddons dataset shows that the data does not have a normal
or lognormal distribution and that there maybe multiple populations within the
distribution. For more detailed statistical analyses of this dataset, the reader is directed
to Part D, Section 4.3.1, and Appendix D.
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3.3.2. Variography
The first stage was to model the “actual” omnidirectional variogram of the raw
composite data. The nugget effect was calculated as 50.83%, as illustrated by Figure
E:1, and shortened to 50% for ease of notation throughout this Thesis Part text. The
same experimental variogram was then modelled at a range of nugget effects, from 0%
to 100% in 10% increments. The range of the variogram was also altered from 5m to
30m, in 5m increments. A total of 66 different variograms were therefore generated,
resulting in 66 different block models. The actual variograms are included as Appendix
E, and are represented schematically in Figure E:2.
3.3.3. Estimation
The only estimation technique implemented was OK, with the variogram parameters
and search areas being varied.

For each range (between 5 and 30m, in 5m

increments), variograms with nugget effects of between 0 and 100% (in 10%
increments) were calculated. The variogram parameters are included as Table E:2.
Table E:2 – Variogram parameters for OK models, the variance is 103.48

Percentage Nugget Effect
0%NE
a=5
a=10
a=15
a=20
a=25
a=30

10%NE 20%NE 30%NE 40%NE 50%NE

Co

0.00

10.348

20.696

31.044

41.39

51.74

C

103.48

93.132

82.784

72.436

62.088

51.74

Co

0.00

10.348

20.696

31.044

41.39

51.74

C

103.48

93.132

82.784

72.436

62.088

51.74

Co

0.00

10.348

20.696

31.044

41.39

51.74

C

103.48

93.132

82.784

72.436

62.088

51.74

Co

0.00

10.348

20.696

31.044

41.39

51.74

C

103.48

93.132

82.784

72.436

62.088

51.74

Co

0.00

10.348

20.696

31.044

41.39

51.74

C

103.48

93.132

82.784

72.436

62.088

51.74

Co

0.00

10.348

20.696

31.044

41.39

51.74

C

103.48

93.132

82.784

72.436

62.088

51.74
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Percentage Nugget Effect
60%NE 70%NE 80%NE 90%NE 100%NE
a=5
a=10
a=15
a=20
a=25
a=30

Co

62.088

72.436

82.78

93.19

103.48

C

41.392

31.04

20.696

10.348

0.00

Co

62.088

72.436

82.78

93.19

103.48

C

41.392

31.04

20.696

10.348

0.00

Co

62.088

72.436

82.78

93.19

103.48

C

41.392

31.04

20.696

10.348

0.00

Co

62.088

72.436

82.78

93.19

103.48

C

41.392

31.04

20.696

10.348

0.00

Co

62.088

72.436

82.78

93.19

103.48

C

41.392

31.04

20.696

10.348

0.00

Co

62.088

72.436

82.78

93.19

103.48

C

41.392

31.04

20.696

10.348

0.00

3.3.4. Estimated Model Comparisons
When block models were generated for each of the manufactured variograms, the
models were compared. The models can be compared in several ways, by comparison
between the estimated model global mean and the declustered mean grade of the
input data, by extracting individual block grades from different areas of the orebody,
and by production of trend plots and grade tonnage curves.
3.3.4.1.

Declustered Mean Grade

Changing the estimation parameters influences the global mean of the estimated
model in several ways. The consequences of changing the estimation parameters are
best illustrated through a comparison with the declustered mean of the input data. The
declustered statistics for the Haddons dataset are included in Table E:3. The window
dimensions for the declustering were kept constant at 80m along strike, and 20m along
and across dip, which is consistent with the dimensions of the search areas 1 to 4.
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Figure E:1 – Experimental omnidirectional variogram for the Haddons dataset,
calculated from 1 m composite data

Co
55

C
53.21

a
17 m

ε
50.83%

Figure E:2 – Schematic illustration of the artificial variogram parameters derived from
the experimental variogram: (A)variable nugget effect, and (B) variable range
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Table E:3 – Declustering Statistics for Haddons dataset
Statistic
Mean
Standard Deviation

Raw
6.55
10.4

Declustered
5.85
9.66

Changing the search area has a dramatic effect on the final estimated grade, as
illustrated by the Haddons case study presented in Part D, Section 3, and in this case,
the inappropriate search strategies over estimate the grade, producing global mean
grades much higher than the declustered mean grade of the input data. This case
study has also illustrated how an optimised search is of the utmost importance.
The effect of changing the estimation parameters can be best observed when an
optimised search (Search 10 in this case) is applied, which is shown by Figures E:3
and E:4. Increasing the percentage nugget effect, whilst maintaining a constant range
(e.g. 20 m), has the effect of increasing the estimated grade, as illustrated by Figure
E:3. This observed trend can be attributed to the increasing nugget effect making the
estimation process more and more like a straight average of the available data. As
Search 10 is an optimised search, the data captured by the search area should be
indicative of the data within the orebody, so kriging with a PNE variogram produces a
global mean grade which is very similar to that of the declustered mean (-0.07%).
Although kriging with a PNE variogram produces a good estimate of the global mean,
any local estimates would be biased due to the averaging nature of the kriging process,
which is illustrated by the case study presented in Part D, and by Isaaks and
Srivastava (1989).
Varying the range of the variogram also affects the global mean and this relationship is
also illustrated in Figure E:4. As the range increases from 5 m to 30 m, the gradient of
the plot also increases, with the 30m range plot having a significantly steeper gradient
than the 5 m plot. This trend is echoed by all of the other searches applied. As the
range increases, the grade is more underestimated, for instance for a 50% nugget
effect variogram, the estimated grade for a 5 m range is 5.63 g/t, and for a 30 m range,
the global mean grade is 5.44 g/t. The global grade is affected by altering the range
because increasing the range of a variogram has the effect of making samples appear
closer in a geostatistical sense (Isaaks and Srivastava, 1989). As the range increases,
more distant samples receive a similar kriging weight to closer samples, resulting in a
change in the global grade. With a small range, more distant samples are assigned
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Figure E:3 – Estimated global mean grade compared to the declustered mean grade of
the input data, for varying nugget effect plotted with changing ranges. The search area
remains constant (Search 10)
Variable nugget effect variograms, Search 10

6

Estimated global mean grade

5.8
5.6
5.4
5.2
5

Declustered Mean
a=5m

4.8
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4.4
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a=25m

4.2
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4
0
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Nugget Effect (%)

Figure E:4 – Estimated global mean grade compared to the declustered mean grade of
the input data, for varying range plotted with changing nugget effects. The search area
remains constant (Search 10)
Variable range, Search 10
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lower weights, and close samples, higher weights.

As the range increases, the

difference in weighting between the close and distant samples becomes less apparent,
resulting in the closer samples having less of an influence on the grade. Therefore,
kriging with a variogram with a longer range results in a more even distribution of
kriging weights, so the local variability is ignored. Therefore the global grade is being
underestimated as the Haddons orebody has locally variable mineralisation, which is
being effectively ignored when kriging with a variogram that has a longer range than
the “actual” variogram.
Comparing the global mean of the estimated model with the declustered mean grade of
the input data has shown that the block model is heavily affected by the variogram
parameters, and the search area.

Therefore care is required when modelling

variograms, as a slight discrepancy can have a significant effect on the resultant block
model. For example, if the nugget effect is modelled at 60% instead of 50%, with a 20
m range, the estimated global mean grade varies from 5.48 g/t for 50% nugget effect to
5.53% for 60% nugget effect. The most important aspect is that the changing the
nugget effect has more of an impact on the block model than changing the range.
Modelling the nugget effect of the variogram has a more significant impact than the
range, and therefore requires more specific modelling than the range.

3.3.4.2.

Individual Block Grades

For each estimated block model, three individual block grades were extracted for
comparison. The (x, y, z) coordinates of these blocks are included as Table E:4.
Table E:4 – Individual block positions for Haddons
Block name
H1
H2
H3

Level of information
Reasonably informed
Well informed
Poorly informed

x (m)
4775
4800
4780

y (m)
14500
14400
14400

z (m)
1245
1245
1260

Of the three blocks, H2 is the best informed, being in the centre of the orebody, with
composites being located within the block. H3 is the most poorly informed of the
blocks, occurring on the edge of the orebody, with no samples within the actual block,
and being estimated purely by composites on the edge of the search area.

H1,
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although not as well as informed as H2, is located in the high-grade area of the
orebody, so the plots of individual block grade for H1 are included as Figures E:5 and
E:6, and the plots of H2 and H3 are included in Appendix E. Figure E:5 illustrates the
effect of changing the nugget effect, with a consistent variogram range of 20 m, and
Figure E:6 uses the optimised Search 10 to illustrate the effect of changing the range
on the individual block grade, with a constant nugget effect of 50%.
Changing the nugget effect of the variogram being used to estimate the block model
has a dramatic effect on the grade of Block H1, as illustrated by Figure E:5. The block
grade varies between 8.42 and 13.89 g/t, with the highest grade being estimated when
the nugget effect is modelled as 100%, i.e. + 50%. If the 50% nugget effect model,
with a range of 20 m, is taken as the “true” grade (as indicated by the black square), it
can be seen that when estimating with a nugget effect of less than the “true” variogram,
the grade is underestimated, and with a variogram with a higher nugget effect that the
true variogram, the grade is over estimated. The most striking trend observed from
Figure E:6 is that when the variogram is modelled with a range of less than the “true”
range (e.g. 5, 10 or 15 m), the block grade varies dramatically, and the difference is
less dramatic with ranges modelled above the “true” value (e.g. 20, 25 or 30m). This
effect demonstrates that there is a risk involved in modelling the range shorter or longer
than it actually is. For example, using a 50% nugget effect variogram, a 5 m range
estimates a grade of 13.05 g/t, a 20 m range, a grade of 12.08 g/t, and a 30 m range, a
grade of 12.76 g/t. The 5 and 30 m range variograms are both overestimating the
grade, but the 5 m range overestimates the grade by a larger amount than the 30 m
range. Figure E:5 also shows the effect of kriging with a pure nugget effect variogram.
The estimated block grade is consistent at 13.89 g/t, as the kriging algorithm is reduced
to an average of the samples within the search area, and so removes the weighting of
the samples derived from the variogram.
3.3.4.3.

Trend Plots

Trend plots of the individual block models are produced by plotting northing (y) against
the average grade for that northing. The resultant trend plots are then compared to the
input trends of the data, to determine whether the estimation is honouring the data.
These trend plots also indicate the effect of changing the variogram parameters on the
resultant block model, by observing the local variations. The trend plots produced for
the block models in this case study are included in Appendix E, with a comparison
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Figure E:5 – Individual block grade for H1 for varying nugget effect plotted with
changing ranges. The search area remains constant (Search 10)
Variable nugget effect, Search 10
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Figure E:6 – Individual block grade for H1 for varying range plotted with changing
nugget effects. The search area remains constant (Search 10)
Variable range, Search 10
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between variable nugget effect variograms, with constant search area (Search 10) and
variogram range (20 m) included as Figure E:7 and variable range variograms, with
constant search area (Search 10) and nugget effect (50%) in Figure E:8.
Figure E:7 illustrates how the local variability of the estimated block model is affected
by an increasing nugget effect. When the experimental variogram is modelled with a
nugget effect above that of the “true” variogram (e.g. greater than 50%), the block
model has an increased level of smoothing, and therefore the true local variability of
the geological orebody is ignored. Modelling the variogram with a nugget effect below
that of the “true” value (e.g. less than 50%) results in an estimated block model with a
decreased level of smoothing. Decreasing the level of smoothing in a model has the
effect of increasing the difference between the low and high grade areas. Modelling
the orebody with nugget effects which are larger than the “true” value (e.g. greater than
50%) results in a model which has an increased level of smoothing, with the difference
between the high and low grade areas being reduced. These plots illustrate how if the
block model is generated with a nugget effect with is 20% longer than the “true” value
(70%NE), the high grade areas will be overestimated, and the low grade areas will be
underestimated. This is an undesirable characteristic in the block model.
Modelling the variogram with different ranges, as illustrated by Figure E:8, with a
consistent nugget effect of 50%, and the QKNA optimised Search 10 also impacts on
the resultant block model. A variogram with a range of less than the “true” range (e.g.
5, 10 or 15 m) also increases the level of smoothing, and so doesn’t reflect the local
variability of the input data.

Modelling the variogram with a longer range has the

opposite result; it decreases the smoothing, as reflected by the increased “spikiness”
on the trend plot.
3.3.4.4.

Grade-tonnage curves

Grade-tonnage curves were also produced for each of the estimated block models. As
with the trend plots, the grade-tonnage curves are included in Appendix E, with a
comparative plot of variable nugget effect variograms, with a consistent range (20 m)
and search area (Search 10) included as Figure E:9. A plot of variable variogram
range models with consistent search area (Search 10) and variogram nugget effect
(50%) is included as Figure E:10. Each point on the grade tonnage curve represents a
cut off grade of between 0 and 9 g/t, in 1 g/t increments.
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Figure E:7 – Trend plot showing the effect of an increasing nugget effect on the block
model, with a constant range of 20 m
Trend Plot - Varaible nugget effect, 20m range, Search 10
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Figure E:8 – Trend plot showing the effect of an increasing range on the block model,
with a constant nugget effect of 50%
Trend Plot - Variable a, 50%NE, Search 10
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Figure E:9 – Grade-tonnage curves showing the effect of an increasing nugget effect
on the block model, with a constant range of 20 m
Grade tonnage curve - 20m range, Search 10
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Figure E:10 – Grade-tonnage curves showing the effect of an increasing range on the
block model, with a constant nugget effect of 50%
Grade tonnage curve - 50% Nugget Effect, Search 10
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The gradient of the plot on a grade-tonnage curve represents the selectivity present
within the estimated model (David, 1972; Snowden, 2004). It can be observed from
Figure E:9 that the varying the percentage nugget effect has a subtle effect on the
resultant block model. As the nugget effect increases, the gradient of the plot, and
therefore selectivity decreases. This is also illustrated by an example, at a cut-off
grade of 5 g/t, the mean grade above the cut-off varies from 8.81 g/t for a 10% nugget
effect, to 7.99 g/t for a 90% nugget effect. As the nugget effect increases, the model
contains less blocks with a higher grade, and more blocks with a lower grade, hence
the selectivity decreases. In the case of percentage tonnage, at a cut-off grade of 5 g/t,
42.48% of the tonnage is above the cut-off for a 10% nugget effect variogram, rising to
58.48% for a 90% nugget effect variogram. However, in the case of Figure E:10,
increasing the range from 5 m to 30 m has the opposite effect, of increasing the
gradient of the plot, and therefore selectivity. At a cut-off grade of 5 g/t, a 5 m range
variogram has a mean grade of 7.97 g/t, increasing to 8.44 g/t with a 30 m range
variogram.

The percentage tonnage decreases from 57.52% for a 5 m range to

49.64% for a 30 m range.
In summary, it can be seen from these grade-tonnage curves that modelling a
variogram with a nugget effect that is higher than the estimated variogram nugget
effect or a variogram range which is less than the “true” range will result in a model with
less high grade blocks than the “true” model. Therefore, if the variogram is modelled
with a higher than “true” nugget effect, and a shorter range, the resultant block model
may not reflect the true geological variability of the orebody. This is a similar result as
illustrated by the block model trend plots (Section 3.3.4.3).
3.4. Dollars-in-the-ground models
3.4.1. Assumptions and calculations
In order to convert the estimated block model (currently a Mineral Resource by JORC,
2004 definition) to an Ore Reserve, several financial and mining constraints must be
placed on the block model. However, even after the application of these financial
constraints, this is not a true Ore Reserve, as mine design criteria have not been
included. The main assumption is that each 10x5x5 m resource block can be mined in
its entirety.

The first stage is to determine a cut-off grade, based on reserve
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conversion data supplied by the mining personnel (Whitworth, 2002). The cash and
non-cash costs used to calculate the cut-off grade are included in Table E:5.
Table E:5 – Cash and Non-cash Costs for mining the Haddons orebody
Item

Cash Costs
Mining
Haulage and re-handling
Treatment (milling)
Administration
Total Cash Costs:
Non-cash Costs
Mine depreciation and amortisation
Mill and administration amortisation
Rehabilitation provision

Cost in AU$ per tonne
25.81
4.35
9.8
1.53
41.49
7.8
1.24
0.3

Total Non-cash Costs:

9.34

Total Costs:

50.83

As each of the blocks in the model measures 10 m by 5m by 5 m, the total volume of
each block is 250 m3. The bulk density of the Haddons orebody is estimated (by mine
staff, Whitworth, 2002) to be 3.26 g/m3. Therefore, each estimated block has a mass of
815 t, which would cost $41,426 to extract in full. In order to mine this block and cover
all costs (the break even cut-off grade, Annels, 1991), each block should contain an
amount of gold equal to this value in dollars, which is therefore dependent on the gold
price. Throughout this case study, the gold price used is AU$556.52 per troy ounce. A
gold price of AU$556.52 per troy ounce is equivalent to $17.89 per gram, meaning a
grade of 2.84 g/t is required to break even. However, this figure does not include
dilution, which is assumed to be 10%, with a grade of 0 g/t. Assuming that dilution is of
negligible grade is common practice within the mining industry (e.g. Annels 1991)
Including this dilution decreases the grade to 2.58 g/t, and rounding produces a grade
of 3.0 g/t, which is assumed to be the cut-off grade, above which the block will be
profitable to mine. The full calculation is included in Appendix E. Although rounding the
cut-off grade to 3.0 g/t may appear to be conservative, the variable grade distribution
within the Haddons lode (Jankowski et al. 2003; Part A, this volume) is represented by
this cautious estimate of the cut-off grade.
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Assuming a cut-off grade of 3 g/t, the estimated block model can be filtered so that only
blocks of above 3 g/t are included. The 3D position of the block was also checked, and
any block with more than 50% of the volume falling outside the Haddons grade
envelope was removed. This calculation left a total of 220 grade blocks, a total volume
of 550,000 m3, with a tonnage of 179,300 t. As each block has a grade estimated, and
if the assumption that the gold is distributed evenly throughout each block, the value in
dollars for each block can also be estimated. Summing all of the block values gives an
indication of the total worth of the orebody, before it is mined, but at a reasonable cutoff grade.
3.4.2. Sensitivity analysis
The total value (termed “dollars-in-the-ground) of the block model was calculated for
each of the estimated block models, therefore the effect of changing the variogram
parameters and search ellipsoids can be quantified as a dollar value. Figure E:11
illustrates how the actual estimated value of the orebody as the nugget effect
increases, with a constant variogram range of 20 m. The effect of the changing search
ellipsoid is also represented.

Figure E:12 illustrates the effect of changing the

variogram range on the value of the contained gold within the estimated model.
Figure E:11 shows that as the nugget effect increases, the value of the contained gold
within the Haddons model increases.

This is a result of the estimation becoming

increasingly like a simple mathematical average as the nugget effect nears 100%. If
the 50% nugget effect variogram is taken as the “true” value it can be seen that when
estimating with a variogram with a nugget effect of greater than the “true” value, the
total contained gold will be over estimated, and with a nugget effect of less than the
“true” value, the amount of contained gold will be underestimated. In the case of
changing the variogram range (Figure E:12), the grade decreases as the range
increases.

This is due to the estimation algorithm being driven by a short range

(irrespective of the nugget effect) being similar to that of a pure nugget effect model
(Isaaks and Srivastava, 1989), which is more like a simple average than a true kriged
model. The kriging weights for a short range estimate are all very similar to each other,
resulting in each sample grade being given a similar weighing, i.e. an average (Isaaks
and Srivastava, 1989). Therefore, estimating with either a high nugget effect or a very
short range will have a similar effect, the overestimation of the grade.

E-26

Part E – Risk Analysis

Figure E:11 – Plot of the calculated value of the “dollar-in-the-ground” model. The
variograms used had a variable nugget effect, with a constant range of 20 m
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Figure E:12 – Plot of the calculated value of the “dollar-in-the-ground” model. The
variograms used had a variable range, with a constant nugget effect of 50%
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In order to represent the effect of changing the variogram parameters on the estimated
block model more clearly, the 50% nugget effect is taken as the “true” value, and the
difference from this value is plotted (Figure E:13). The same type of plot can also be
determined for the effect of changing the range, if the 30 m variogram is taken as the
“true” range (Figure E:14), in both Figures E:13 and E:14, only the QKNA optimised
Search 10 is represented.
Figure E:13 shows how modelling the nugget effect of the experimental variogram
incorrectly has an effect on the total value of the estimated block model. In the case of
changing the nugget effect, the worst case scenarios occur when the nugget effect is
modelled ±50%, i.e. 0% or 100% nugget effect. These variograms result in block
models with values of -$1.77 million, and +$1.56 million respectively. Although it could
be considered that underestimating the gold grade does not have as such a serious
outcome as overestimating the grade, in reality both outcomes are equally undesirable.
In either, there is a misapprehension of profit, which could affect project decision
making and outcomes. Undervaluing may result in a possible loss of opportunity, as
parts of the orebody maybe modelled as being less than the cut-off grade, but are
actually of sufficient grade to warrant mining.
The effects of overestimating the grade, i.e. of modelling the variogram nugget effect at
a higher value than the “true” grade produces a more substantive result than modelling
the nugget effect at a lower value. For example, modelling the variogram nugget effect
at ±10% of the “true” value results in block models of +$0.36 million for 60%, and
-$0.15 million for 40%; the value given by the overestimated grade is greater than that
given by the underestimated grade. This difference in estimated value of these two
block models is especially serious as the shape of the experimental variogram (Figure
E:1) shows that over estimation of the nugget effect is entirely possible.
In the case of the variogram range (Figure E:14), the resultant block models of the
varying ranges also contain differing amounts of estimated gold. However, modelling a
range greater than the “true” range results in an estimated model which contains less
gold than the block model estimated from the “true” range. The worst case scenario for
modelling the range occurs when the variogram is modelled with a range of -15 m (5
m), which results in a block model valued at +$1.38 million, whereas the block model of
+10 m (30 m) results in a block model valued at -$0.29 million. If the variogram is
modelled at ±5 m, the resultant models are both erroneous by the same degree,
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Figure E:13 – Plot of the difference in value of the “dollar-in-the-ground” model from the
“true” value. The variograms had a variable nugget effect, with a constant range of 20m
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Figure E:14 – Plot of the difference in value of the “dollar-in-the-ground” model from the
“true” value. The variograms had a variable range, with a constant nugget effect of 50%
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±$0.48 million. However, modelling the variogram range at less than the “true” value
has a markedly greater effect as the difference from the “true” value gets larger, but the
effect of modelling the range at too long a distance is not so serious. As with the
nugget effect, however, modelling the range incorrectly will have an unwanted effect on
the estimated model, and therefore care during variogram modelling is required.
3.4.3. Reconciliation
During mining operations, a bulk sample was taken from the Haddons orebody, which
was milled separately, and a back-transformed grade calculated (see Part D, Section
4.3.3.5. for more details). This bulk sample grade was calculated by Sons of Gwalia
Ltd as 4.69 g/t. The tonnage of the bulk sample was estimated from the block model
(actual tonnage measurements were unavailable), and the tonnage of the bulk sample
was 5816 t. Therefore the contained ounces of gold within the sample were valued at
$488,082. A simple way of comparing the estimated block models is to determine the
amount of gold estimated within the bulk sample, and to compare it to the true bulk
sample grade. The reconciliation grades were extracted in the same way as detailed in
Part D, Section 4.3.3.5., and the contained ounces, and therefore dollar-in-the-ground
value were determined using the method specified in Section 3.2. The results of this
reconciliation will not be within the same tolerances as the reconciliation study reported
in Part D, Section 4.3.3.5., due to the OK method being used throughout, which cannot
estimate the grade to within ±10% (see Part D, Section 4.3.3.5., for details). Therefore
this is not a reconciliation study to show the effectiveness of the estimation algorithm,
but to represent the effect of altering the variogram parameters on the dollar value of a
single stope.
Figure E:15 illustrates the effect of changing the nugget effect, whereas Figure E:16
shows how changing the range also impacts on the reconciled grade. These plots
illustrate the difference in dollar terms from the value of the contained ounces within the
Haddons bulk sample. The most obvious trend apparent in both Figures E:15 and E:16
is that no matter what variogram parameter is being used, the grade is consistently
underestimated.

This characteristic of the block models can be attributed to the

unsuitability of the OK algorithm, as this study is not to optimise the resource
evaluation procedure (see Part D for an optimised evaluation protocol for this deposit).
The general trends of Figures E:15 and E:16 are similar to the trends already identified
within the global block models, that is, as the nugget effect increases, the value of the
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Figure E:15 – Plot of the difference in value of the reconciled grade from the “true”
value. The variograms had a variable nugget effect, with a constant range of 50%
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Figure E:16 – Plot of the difference in value of the reconciled grade from the “true”
value. The variograms had a variable range, with a constant nugget effect of 50%
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contained gold also increases, and as the range increases, the value decreases. The
observed trends illustrate that even on a local scale (e.g. a single bulk sample); altering
the variogram parameters have an effect on the block model, which can be quantified
in dollar terms.
3.5. Risk Analysis
The various methodologies for risk analysis are discussed in the literature (e.g.
Rozman and West 2001; Annels and Dominy, 2002), and detailed in Section 2.3 here,
but only a few of these techniques are directly applicable to geological phenomena.
One of these techniques involves the use of risk matrices in order to identify the
likelihood and consequence of a decision made at the start of any resource estimation
process. The level of risk or the risk rating can be calculated as likelihood multiplied by
consequence.
3.5.1.1.

Financial consequences

In the case of Haddons, the situation analysed involves modelling an incorrect
variogram, and the consequences of this have been quantified in dollar terms. If the
50% nugget effect, and 20 m range variograms are taken as the base cases in this
situation, the consequences can be easily determined from the sensitivity analyses
(Figures E:13 and E:14).
Modelling the nugget effect incorrectly results in either a loss of profit (the model
overestimates the amount of gold), or a loss of opportunity (the model underestimates
the amount of gold). These consequences are treated as being the same economic
loss.

The sensitivity analysis, using a 20 m range and the optimised Search 10,

(Figure E:13) illustrates the maximum financial loss possible is $1.77 million, therefore,
Table E:6 illustrates the consequence of modelling the variogram nugget effect
incorrectly. In order to characterise the financial loss that may be experienced due to
unsuitable variogram modelling, the losses must be divided to into five categories. In
geological risk analysis applications (e.g. Rose 2001), these categories are created by
dividing the maximum loss into five equal classes, and are termed as detailed in Table
E:6. Using a 50% nugget effect, and the optimised search ellipsoid, Search 10, the
financial consequences of modelling the variogram range incorrectly can also be
quantified (Figure E:14). The maximum loss possible occurs when a 5 m range is used

E-32

Part E – Risk Analysis

to estimate, and results in a “loss” of $1.38 million. The true financial loss may not be
realised, being a loss of opportunity, or a true financial loss. These losses can also be
categorised using Table E:6.
Table E:6 – Financial consequence of incorrectly modelling the variogram nugget effect
Financial Loss
Low
Medium
High
Major
Huge

Value ($ million)
0 – 0.3
0.3 – 0.6
0.6 – 1.2
1.2 – 1.5
>1.5

Consequence
Insignificant
Minor
Moderate
Major
Catastrophic

Rating
5
4
3
2
1

The financial consequences of incorrectly modelling the variogram parameters are
similar, so the same consequence rating system can be used for both. However, as
the consequences of modelling the range incorrectly are not as great as for modelling
the nugget effect, there will be no catastrophic consequence rating for the variogram
range based risk matrix.
3.5.1.2.

Likelihood of occurrence

The perceived financial loss that can be accrued through incorrectly modelling the
nugget effect and range can be quantified relatively easily. However, estimating the
likelihood of the event occurring is not as simple. The likelihood of an event occurring
is usually estimated based on the situation being modelled. Within the petroleum
industry, modelling the likelihood is usually conducted through analysing the historical
records (Rose 2001). Due to the shape of the experimental variogram (Figure E:1), the
nugget effect is more likely to be overestimated than underestimated, as there is a
slight rise in the experimental variogram at low lag values. The likelihood of where the
nugget effect would be estimated (between 0 and 100%, ignoring 50%, as this is the
“true” value) is modelled quantitatively using a scale of between 1 and 5. A value of 1
is assigned when the likelihood of modelling the nugget effect in that particular position
is rare, and a value of 5 when the nugget effect is very likely to be modelled in that
position. This concept is illustrated in Figure E:17. The likelihood of overestimating
and underestimating the length of the variogram range can also be quantified using this
same technique, which is illustrated in Figure E:18. As Figures E:17 and E:18 show,
the chance of incorrectly modelling the nugget effect is relatively high, especially
compared to the likelihood of incorrectly modelling the variogram range. Therefore, the
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Figure E:17 – Estimation of the likelihood of modelling the Haddons variogram nugget
effect incorrectly, based on the shape of the experimental variogram
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Figure E:18 – Estimation of the likelihood of modelling the Haddons variogram range
incorrectly, based on the shape of the experimental variogram
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likelihood ratings of incorrectly modelling the variogram range are given lower values
than the nugget effect ratings, to reflect that the possibility of incorrectly modelling the
range is less than the nugget effect.
3.5.1.3.

Risk matrices for the Haddons orebody

The basic premise behind calculating the level of risk within a situation is that the
consequences are multiplied by the likelihood. The resultant figure, termed the risk
rating can then be scaled from the maximum to minimum level, and the level of risk
involved can be stated easily.

In the case of Haddons, the likelihood and

consequences of modelling the variogram parameters incorrectly are rated from 1 to 5,
with 5 being the lowest consequence, and the least common occurrence. Therefore a
risk rating of 25 reflects a situation which occurs rarely, and has a minimal
consequence, which is a low risk situation. A risk rating of 1, however, reflects a
situation which is almost certain to occur, with catastrophic consequences, which is
indicative of a high risk situation.
The risk matrix that has been developed for the incorrect modelling of the Haddons
variogram parameters is included in Figure E:19A, and illustrates the risk ratings that
are possible. When the Haddons example is placed within the risk matrix, the level of
risk for each of the individual nugget effect increments (Figure E:19B) and range
increments (Figure E:19C) can be observed. The 50% nugget effect and 20 m range
are ignored as these are taken as the “true” value. All figures in the risk matrix are
represented as a difference from the “true” value, for example -10% represents a
nugget effect of 40%, and +5 m represents a variogram range of 25 m.
Several trends can be identified from the Haddons risk matrices presented in Figure
E:19. The most obvious is that when modelling with differing nugget effects, there is
greater risk than when altering the variogram range (within the confines of the ranges
tested here). Out of the ten different nugget effects that can be modelled differently
from the “true” value, six fall into the Extreme Risk category.

In the case of the

variogram range, out of the five possible ranges, only one possible situation falls into
the same category. This is because estimating with the nugget effect set at a different
value to the “true” value has more pronounced consequences than estimating with a
variogram that has had the range modelled incorrectly. As Figure E:19B illustrates, the
consequences of modelling with an incorrect nugget effect are relatively high, with no
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Figure E:19 – Risk matrices developed for assessing the risk involved with modelling
the Haddons variogram incorrectly.
(A) Shows the calculated risk ratings for each likelihood and consequence
(B) Shows the likelihood and consequences of incorrectly modelling the nugget
effect superimposed on (A)
(C) Shows the likelihood and consequences of incorrectly modelling the range
superimposed on (A)
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Insignificant category losses being predicted, and high likelihoods, above the category
of Possible being present in 50% of cases. The unfortunate result present with the
nugget effect risk matrix is that as the Haddons variogram is quite likely to be modelled
incorrectly, especially with a nugget effect of greater than 50%, which results in
overestimation of the block model, and therefore Minor to Major consequences. The
worst case situation is the nugget effect that causes the maximum financial loss, which
is modelling with a nugget effect of -50%, and the likelihood of this occurring is
categorised as Rare, so there is an Extreme Risk. However, if the Haddons variogram
is modelled at small increments greater than the “true” value (e.g. +10%, +20% or
+30%), the resultant financial loss can be relatively high (up to the Moderate category),
and the likelihood of the situation arising is also quite high (up to Very Likely). This
therefore is the situation with the highest risk. Modelling with an incorrect variogram
range (Figure E:19C) results in similar situations, where it is more likely that the range
will be modelled longer than the “true” value, but the financial consequences are less,
resulting in the apparent lower risk.
Due to the methodology used to model the consequences of modelling the Haddons
variogram incorrectly, a dollar value can be calculated for the most likely situations. In
the case of the nugget effect, the risk matrix has shown that the most likely situation,
with the worst consequence is modelling with a +20% nugget effect, which results in a
Moderate financial loss, and is Very Likely to occur. Ordinary Kriging with a variogram
with a nugget effect of 70%, and a range of 20 m, and using the optimised Search 10
results in a block model which has a value of contained gold of $21.56 million. This
value of contained gold is $0.98 million greater than the “true” value. In the case of the
variogram range, the highest risk situation occurs when the range is modelled 5 m
greater than the “true” value, which is Very Likely to occur, with Minor consequences.
Kriging with a variogram with a 50% nugget effect, a range of 25 m, and using Search
10 results in a block model valued at $20.10 million, a difference of $0.48 million from
the “true” value.
3.5.2. Cash Flow Modelling
As the Resource model forms the basis of the Reserve model, it is the most important
factor in determining whether a well explored project is viable as a mine. Therefore the
decisions made during the estimation of the Mineral Resource also have a direct effect
on the viability of a mining project. Using the models presented previously, the effect of
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incorrectly modelling the variogram on the financial outcome of a hypothetical mining
project, based on the various resource models can be determined. This study aims to
illustrate how important the estimation of the resource is, and how altering a single
parameter in the preliminary stages of variography could affect the entire life of the
mine.

This case study is based on the Haddons Lode, and it should also be

remembered that Haddons is a single lode within a much larger deposit, and so would
probably not be financially viable as an individual mine. However, it does provide a
useful example.
As mentioned in Section 2.4.2, every financial model contains numerous factors and
assumptions.

In this study, the assumptions within each financial model remain

consistent; the only variable that changes is the resource model.

However, the

tonnage of the resource model does affect the production rate, as the project is
estimated to continue for 10 years. The production rate is simply calculated as the total
tonnes in each model divided by the amount of time (i.e. 10 years). The assumptions
included in the Haddons models are shown in Table E:7.

In order to simplify

comparisons, several key financial factors were excluded for clarity and simplicity:
these include depreciation and royalties. A corporate tax rate of 33% is also applied
(White, 1997).

The capital expenditure estimate is set at $5 million, which is an

arbitrary measure, as Haddons would not be viable for extraction as an individual
deposit, being an individual lode in a larger deposit. Although the NPV calculation is in
part dependent on this figure, keeping the estimate of capital expenditure constant for
every model means direct comparisons can be made.
Table E:7 – Key assumptions in NPV analyses
Item
Resource mass
Resource grade
Production
Capital expenditure
Annual operating costs
Dilution
Mill recovery
Gold Price
1 Troy Oz
Taxation Rate

Unit
t
g/t
t per year
$
$
%
%
$ per troy oz
g
%

Value
variable
variable
variable
5 million
907,239.30
10
98
556.52
31.10348
33

Once the net cash flows for each of the 10 years of production have been calculated, a
discount factor must be applied to take into account the time value of money (White,

E-39

Part E – Risk Analysis

1997).

The discount factors were based on a 10% interest rate, which is a

conservative estimate for the interest rates over the next ten years (White 1997). Once
the present values for each of the 10 years has been calculated, the values are
summed to give the Net Present Value (NPV). The complete NPV analyses for each of
the estimated block models are included in Appendix E.
Once the NPV has been calculated for each model, this can be plotted against the
“true” value, which is consistent with the methodology utilised throughout this case
study. Figure E:20 illustrates how changing the nugget effect in 10% increments has
an effect on the NPV, whereas Figure E:21 shows how changing the range impinges
on the NPV. The most obvious trends apparent in Figures E:20 and E:21 are similar to
the other graphs presented in this case study (e.g. Figure E:13; sensitivity analysis).
Therefore, increasing the nugget effect causes the NPV to increase, and increasing the
range results in a decreasing NPV.

However, the most startling results are that

modelling the variogram range 5 m greater than the “true” value, which was estimated
to be Likely in Section 3.5.1.2, results in a NPV of $0.07 million lower than the “true”
value. When the nugget effect is modelled 20% higher than the “true” value, the NPV
also decreases, but by a smaller amount ($0.003 million). The NPV analyses has
shown that if the variogram parameters are modelled incorrectly, even by the smallest
amount (e.g. 5 m of range distance), the resultant block model can affect the entire life
of the project. A variogram range that is 5 m greater than the “true” value results in a
model which under values the project by $0.07 million, which may impact on whether
investment in an otherwise viable project may be proceed or not.
4. Discussion
Variographic modelling of orebodies has been considered a “black art” (Henley 2001),
in that the variogram parameters are the choice of the practitioner.

Automatic

modelling of variograms has been considered in the literature (e.g. Genton 1998), but
variography is often based on the experience and knowledge of the modeller, rather
than the mathematical algorithms presented. Block modelling of the Haddons orebody
by a variety of variogram parameters, but all based on the same experimental
variogram

has

produced

several

interesting

observations.

The

Haddons

omnidirectional variogram has a “true” nugget effect of 50.83%, and a range of 17 m.
Throughout the case study presented here, these parameters were rounded to 50%
and 20 m respectively. The variogram parameters were altered in 10% increments for
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Figure E:20 - Projected NPV for each individual resource model compared to nugget
effect. All models were estimated with a constant range of 20 m
NPV vs Nugget Effect
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Figure E:21 - Projected NPV for each individual resource model compared to range.
All models were estimated with a constant nugget effect of 50%
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the nugget effect, and by 5 m for the variogram range. OK models were produced for
each of the different variograms, and the individual models were compared using a
similar methodology as presented in Thesis Part D.

Risk matrices were used to

quantify the risk involved in modelling the variogram, and what the likely outcome
would be if the estimates produced were used for financial decisions.
Increasing the nugget effect above the “true” value of 50%, and decreasing the range
to very short values (e.g. 5 m), results in a higher degree of smoothing within the
model; this reduces the effect of local variability, and increases the mean grade. The
increase in grade means that the estimated value of the modelled orebody also
increases. The opposite affect is produced when the nugget effect is modelled at a
lower value than 50%, or the range greater than 20 m.

Through changing the

variogram parameters, not only the global mean grade of the block model is altered,
but also the estimated value of the contained gold, as illustrated by the “dollars-in-theground” models. The consequences of incorrectly modelling the Haddons variogram
can be assigned a dollar amount. However, this value is meaningless without a study
of the likelihood of modelling the variogram in that position. Therefore, risk matrices
were utilised to estimate the risk involved in modelling the Haddons variogram. The
highest risk situations were identified as modelling the variogram with a +20% nugget
effect (70%), which results in a Moderate loss, but is Very Likely to occur, and a +5 m
range (25 m), which results in a Moderate loss, and is Very Likely to occur. NPV
analyses using the different resource models has indicated that these high risk
situations would have an impact on the long term financial models, and so may impact
on whether the hypothetical project would be deemed viable or not.
Assigning the variogram parameters is possibly one of the most important decisions
made during any resource appraisal study, and as the case study presented here
illustrates, small differences in the variogram parameters can have a major impact on
the resultant block model. The effect of changing the variogram parameters was first
discussed by Brooker (1985), who indicated how changing the relative nugget effect
impacted on the OK block model. The effect of changing variogram parameters is also
discussed in Isaaks and Srivastava (1989), who show how the variogram parameters
impinge on the kriging weights, and so the block model.

However, both of these

examples use small simulated datasets, which may not reflect the true local variability
that is found in a geological dataset. Therefore, using a real geological example, the

Part E – Risk Analysis

E-42

Haddons dataset, which comprises 818 composite data points, presents an interesting
example of the variability inherent in any geological dataset.
Although attempts have been made to estimate variogram uncertainty previously (e.g.
Marchant and Lark, 2004), there has been very little recorded investigation into the
effects of modelling variograms incorrectly, with the majority of reported case studies
being based on small, simulated datasets (e.g. Brooker 1985). As the Haddons case
study has shown, the risk associated with a single decision at the start of any resource
evaluation process can impinge on the entire mining project, and can directly lead to
whether a project is commercial viable or not. Confidence in modelling variograms can
only be gained through a through knowledge of the deposit in question, and this level of
confidence can only be gained through a careful study of both the geological and
geostatistical properties of the orebody.
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Part F:
Synthesis and Discussion
1. Context and aims
Resource geology is a rapidly expanding scientific discipline, building on a large
historical framework of geostatistical research. The exploitation of mineral deposits is a
high risk business, with uncertainty present within the project from the very beginning.
However, the financial returns from a successful mining project can be enough of an
inducement to make the risk worth taking. Risk mitigation within a mining project is an
important task for both geologists and other mining personnel. This in turn ensures
that individual projects remain commercially viable throughout the life of the mine.
Geostatisitical analyses play a major role in the modelling of the orebody, and the
evaluation of the Resources and the Reserves form the basis of any mining operation.
Statistical and geostatistical analytical techniques have been used throughout this
thesis.

The aims of this Thesis is to present clearly and practically how these

techniques can be utilised across a range of mineralisation styles, all of which are
encapsulated under the Archaean orogenic gold classification. The aims of this thesis
were to model the grade distribution using fractal techniques, optimise sampling and
resource evaluation protocols and attempt to quantify the financial risk inherent in any
resource model. This provided insight into the application of geostatistical techniques
to this class of deposits, as well as producing practical and workable methodologies
that can be utilised in other mineralisation styles.
2. Summary of findings
The findings of the Thesis with the implications that can be drawn from the conclusions
are discussed here.
2.1. Fractal Analysis
Fractal analysis of a dataset from the Taurus shear zone, Golden Pig gold deposit, has
shown that the grade distribution can be described as a discrete multifractal, which can
be interpreted as due to processes that superimposed one fractal dimension onto
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another. The observed discrete multifractal distribution was observed in both two and
three dimensions, and evidence for the geological process that may have caused the
fractal relationship was proposed. The discrete multifractal relationship, which was
modelled using the concentration-area and concentration-volume methods may be
attributed to physical processes that overprint one fractal dimension with a second,
creating the break in slope which is observed on the fractal plots (c.f. Cheng et al.
1994; Cheng et al. 1996).

In the case of the Taurus dataset, the 3D distribution

exhibited fractal dimensions of 0.399 and 1.322, separated by a “threshold” of 7g/t.
The concentration-area (and concentration-volume) method also provides a method for
defining the localisation of high grades within the Taurus shear zone, due to the spatial
aspect of the technique as the dataset used throughout this case study consists of data
extracted using the high grade shoot model (Nugus, et al. 2003).

The geological

interpretation of the Taurus shear zone discusses a two phase mineralisation event,
during D3 (Nugus et al. 2002; Nugus et al. 2003), with a lower grade phase being
overprinted by significantly higher grade cross cutting tension veins.
Fractal analysis has been shown to be a useful technique for differentiating between
overprinting relationships within a model containing a geologically constrained high
grade domain. The fractal distribution of gold grades has been identified within the
literature (e.g. Carlson 1991; Blenkinsop 1994; Blenkinsop and Sanderson 1999;
Sanderson et al. 1994; Turcotte 1986), but the fractal dimension has not been
explained with reference to a geological model. However, if the technique discussed
within Part B proves applicable to other ore deposits and mineralisation styles, this
technique could provide a method for quantifying geological grade domains. Therefore
applying fractal techniques to three dimensional data sets, derived from ore deposits is
a future area of research, which may have highly applicable outcomes.
2.2. Sampling Optimisation
The case studies in Part C show how the sampling methodologies and theories
discussed in the literature review (Section 2) can be applied to a wide variety of
mineralisation styles, all of which are classified as Archaean orogenic gold deposits.
The sampling constant (K) is derived from heterogeneity tests, which is used as part of
the Gy Equation for optimising sampling regimes.

K values from the four lodes,

situated in two different mine sites are variable (between 88.08 for Haddons, Golden
Pig and 323.23 for Boulder, Marvel Loch), reflecting the variable nature of the ore
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deposits. For each of the deposits studied, an initial sample size of 1 t was required to
gain an adequately representative sample from a ROM pile consisting of 10 cm
fragments of broken rock.
The main focus of the sampling optimisation study has been on different styles of
mineralisation within the Archaean orogenic gold classification, and the variation in K
value has shown that at a uniform approach to sampling is not suitable. The K value
varies considerably, even in similar mineralisation styles within the same deposit (e.g.
Boulder and East Lodes, Marvel Loch), as it is dependant on the individual samples
collected within the confines of the heterogeneity study, and the geological properties
of the orebody. Therefore, it is imperative that all sampling optimisation procedures are
not based on a single heterogeneity test from a single part of the deposit. Orebodies
are geological entities, and are notoriously variable. A heterogeneity test from a single
stope of a deposit may only be representative of that area of the deposit. Variations in
the grade distribution and formation mechanism of the deposit will affect the results of
the heterogeneity study through variable gold grain sizes and gold grades. Therefore,
as with all statistical tests, repeating the heterogeneity test for different areas of the
individual mine should be an industry standard and the precision between repeated
tests should be reported.
Although sampling optimisation is an important step in the understanding and
exploitation of an orebody, applying Gy Theory through heterogeneity testing can
introduce a level of complacency within a mining project. For instance, the results from
a heterogeneity study may not be representative across an entire deposit, as well as
only encompassing a small component of the total error that can be incurred during a
sampling regime. The other aspects of sampling practice that can generate error must
also be considered in the design of any sampling protocol.
2.3. Resource Evaluation
The focus of Part D was the optimisation of resource evaluation procedures within
varying mineralisation styles which are all classified as Archaean orogenic gold
deposits. The range in techniques shown through the four case studies, based on two
different mine sites, illustrate how resource evaluation procedures can vary widely,
even between individual lodes in a single deposit. For example, there are differences
between the two Golden Pig lodes, where the optimised technique for Haddons uses
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Ordinary Kriging (OK) with back transformed Gaussian variograms, whereas for
Taurus, the estimation technique involves OK with directional variograms of the raw
data. In both cases, QKNA was used to optimise the search area, with the Haddons
search being smaller than the Taurus search area. In the case of Taurus, conditional
simulation methods were applied. However, the most suitable technique involved the
use of directional pairwise variograms with TB and a slightly different search area. In
the case of the Marvel Loch examples, the Undaunted case also used OK with back
transformed Gaussian variograms, but due to the restricted dataset, simulation was not
applicable.

The Sherwood dataset included both RC and DDH data, and so the

accuracy of the estimated and simulated models was less than that of the other case
studies. The optimised estimation technique for the Sherwood dataset was LSK, with
the same variograms being used for simulation through TB. In all case studies, the
application of QKNA proved an excellent and quantitative technique for determining a
suitable search area for the four case studies.
The entire evaluation process is an individual appraisal of the geological and statistical
properties of the deposit in question, and therefore generalisations are difficult to make.
The first stage in any resource appraisal study is an understanding of the geological
characteristics of the ore deposit.

However, no matter how well the model of the

orebody reflects the geological characteristics of the orebody, there will always be a
level of uncertainty, purely because the result of the study is a model of reality, and not
reality itself. However, reducing this level of uncertainty to acceptable levels, through
understanding and the correct application of the resource evaluation techniques is
equally imperative as a through knowledge of the ore deposit geology.
The optimisation of resource evaluation protocols is a time consuming and involved
process.

However, the enormous complexity of an orebody, which can also be

attributed to the uncertain nature of geological science, means that the optimisation of
a suitable resource evaluation protocol is a uniquely individual process.

All ore

deposits must be treated individually, and an optimised resource evaluation protocol is
often based on the skills of the practitioner, as well as the knowledge of the geological
characteristics of the deposit in question. Resource evaluation is often more than the
application of a mathematical algorithm, with a major aspect of modelling being
balancing the mathematical modelling with the geological characteristics of the
orebody.
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2.4. Risk Quantification
Producing block models from incorrectly modelled variograms has produced some
interesting results. In the case of Haddons, increasing the nugget effect above 50% or
decreasing the range to very short values (e.g. 5 m) results in a higher degree of
smoothing within the block model.

Increasing the smoothing impacts on the local

variability, and also increases the global mean grade of the model. When the models
are converted to “dollar-in-the-round” figures, the financial consequences of modelling
the variogram incorrectly can be evaluated. The likelihoods of modelling the variogram
incorrectly were assigned by hand, based on the similarity of the curves and
experimental variogram.

These two aspects were then used in a risk matrix to

determine the level of risk involved in modelling the variogram incorrectly.

The

situations with the highest risk were modelling the nugget effect at 20% greater than
the “true” value, which resulted in a Moderate financial loss, and was perceived to be
Very Likely to occur, and modelling the range 5 m longer than the “true” value, which
was also Very Likely to occur, resulting in a moderate loss.
Modelling the variogram parameters is possibly one of the most important decisions
made during any resource appraisal study, and as the case study presented in Part E
illustrates, small differences in the variogram parameters can have a major impact on
the resultant block model. Previous work in this field (e.g. Brooker, 1985; Isaaks and
Srivastava, 1989) use small simulated datasets, whereas the Haddons case study,
being based on data derived from a geological entity, presents an interesting example
of the true variability inherent in any geological dataset.

Although variogram

uncertainty has been estimated previously (e.g. Marchant and Lark, 2004), there has
been very little investigation into the affects of modelling variograms incorrectly
recorded in the literature. As the Haddons case study has shown, the risk associated
with a single decision at the start of any resource evaluation process can impinge on
the entire mining project, and can directly determine whether a project is commercial
viable or not.

Confidence in modelling variograms can only be gained through a

through knowledge of the deposit in question, and this level of confidence can only be
gained through a careful study of both the geological and geostatistical properties of
the orebody.
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3. Towards a better understanding of resource geology
The use of poorly optimised sampling and resource protocols produces data and
models that do not reflect the true character of the orebody.

The most important

aspect of all resource modelling technique is that the model is purely a model, whereas
it is the orebody that is mined, and the orebody that will determine whether a project
will succeed or fail. All statistical techniques, from determining the grade distribution
through to sampling optimisation and resource modelling are methodologies that can
be used to gain a better understanding of the orebody, and therefore allow more
informed decisions to be made. However, even in the optimum situation, there will
always be errors within the process, which can be managed if they can be identified.
Identifying and managing risks within the resource evaluation process is a key aspect
of any resource model in the post Bre-X climate (Danielson and Whyte 1997).
Errors within the entire mining process can often be masked, or attributed to other
factors. The “movement of blame” culture has been observed on numerous mine sites,
where errors in reconciliation are attributed to errors made by other departments within
the mine team. However, this culture is unhelpful, and can be used to deflect where
the true sources of errors are occurring.

The most common potential errors

encountered during the production of this Thesis tend to stem from poor sampling,
resulting in poor data, being fed into unsuitable evaluation techniques, resulting in a
poor resource model which is then treated as an absolute truth. The concept that the
resource model, which is often based on erroneous data is a basic truth, as opposed to
a constant changing, highly variable model is still not widely accepted. The concept of
attributing levels of confidence to a model may go some way towards clarification of
this contentious issue.
One of the main ways of determining whether a resource model is performing correctly
is through reconciliation.

However, this process also involves a high level of

understanding and skill in order to ensure that the reconciliation process is
representative of the mining process. The reconciliation process should also provide
methodologies for determining how the perceived under- or over-estimation of the
orebody has come about. Therefore the reconciliation process should also include a
method for identifying, and therefore rectifying errors within the resource evaluation
process.
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At the start of this body of research, resource evaluation techniques were gradually
gaining increasing acceptance within the industry, but the author often encountered
examples of poor practice, often through a lack of understanding of the mathematical
basis, or the suitability of the technique to the deposit in question.

The tools for

geostatisitical analyses are widely available, with easier to understand software and
increasingly, as a standard part of mining software. However, the software can hide
the complexity, resulting in poor resource models, and lack of understanding in how the
final model was achieved.
4. Future research areas
Several concepts that would benefit from further research in this scientific discipline are
discussed in further detail below:
Applying fractal techniques to three dimensional grade data has highlighted how this
methodology can have practical applications within the sphere of resource geology.
Fractal techniques have been utilised to gain more understanding of the grade
distribution, but they are often used for illustrative purpose, as opposed to a
quantification tool. Therefore, one of the most obvious areas of further research is to
determine whether the fractal techniques discussed in Part B can be integrated with
resource evaluation techniques. There is also a critical need for fractal models to
explain geological characteristics observed within the input data.
Evaluating mineral resources is still a highly complex and involved process and there is
always a need for highly skilled professionals within the field.

The mathematical

theories behind all estimation or simulation techniques are constantly evolving, but they
often are ignored in practical applications due to the complexity of the science. There
is always a need for the application of these techniques to real, geological databases,
as opposed to simulated and limited databases.
One of the current areas of high interest within the resource evaluation sphere of
research concerns risk analysis and quantification. There is a need for further research
in this ever increasing area, especially in the form of case studies and carefully tailored
solutions to individual issues within mine sites. The majority of material published on
risk attempts to encompass the entire subject, potentially leaving the reader confused
over whether the article has fulfilled its aims. A case study based approach, with a
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discussion of the issues, followed by an illustration of how these problems can be
managed would significantly clarify this area.
5. Thesis based proposed publications
Publications based on the findings of Thesis Parts B and E are planned. The paper
based on Part B (Fractal Analysis) aims to introduce the three dimensional aspect of
the fractal analysis, as well as introduce the technique as a method for grade
domaining within gold deposits.

A draft of this paper will be submitted to Natural

Resources Research, and will add to the scientific knowledge concerning three
dimensional fractal analyses and the application of fractals to ore deposits. The paper
will be in the form of a literature review followed by the Taurus case study.

The

possible title for this publication would be similar to that of the title of Part B, i.e. “The
Application of Fractal Analysis to Grade Distribution in 2D and 3D to the Taurus Shear
Zone, Golden Pig”. A paper based on Part E (Risk Analysis) is planned for Exploration
and Mining Geology. This paper aims to illustrate the inherent risk in all evaluation of
Mineral Resources, and will take the form of a literature review followed by case
studies from Golden Pig (Haddons) and Marvel Loch.

This paper will focus on the

application of the risk matrices, and a possible title would be “Modelling Incorrect
Variograms: Risk Matrices and Risk Quantification for Archaean Orogenic Gold
Deposits”.
Parts C and D have already been used as the basis for publications in two separate
conferences. A paper entitled “Problems of Sampling and Assaying in Mesothermal
Lode-Gold Deposits: Case Studies from Australia and North America” was presented at
the 5th International Mine Geology Conference in Bendigo, Victoria in November 2003
(Appendix A). A paper entitled “Resource estimation comparisons: preliminary results
from Haddons Lode, Golden Pig, Western Australia” was presented at the EGRU
Mining and Resource Geology Symposium in Townsville, Queensland in January 2004
(Appendix A). Updated versions of these papers could be submitted to journals (e.g.
the Transactions of the Institute of Mining and Metallurgy: Applied Earth Science).
These papers would condense the findings of Parts C and D into two journal length
publications.
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Resource Estimation Comparisons: Preliminary Results
from Haddons Lode, Golden Pig Mine, Western Australia
Lucy S Roberts
Economic Geology Research Unit (EGRU)
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Townsville
Queensland 4811
Australia
Abstract
Archaean lode-gold deposits generally pose problems when choosing an estimation
method due to their erratic grade distribution (high-nugget effect), and complex statistical
properties. The ore body at Golden Pig has been modelled using a variety of estimation
techniques, using both sample and composite data. The susceptibility of the methods to
changing search areas is also considered. The resultir)g models are then evaluated
through comparing two results, an individual block grade, and the global mean for the
entire block model. Comparisons of the block models demonstrate how changing the
estimation technique can influence the grade of the block model. This demonstrates the
different options available, and so increases confidence that the chosen technique is
reflecting the grade of the orebody.
Keywords: Golden Pig; Sample vs Composite data; Geostatistics; Model comparisons
Introduction
The exploitation of lode-gold deposits holds a pre-eminent position within gold mining in
Western Australia. Greenstone belts within Archaean greenstone-granitoid terrains
generally host them. This style of deposit can also be found globally, eg Canada and
Southern Africa.

The Yilgarn Block, in Western Australia is a prolific producer of gold, with over 2500 t of
gold extracted (to December 1988) from over 2 000 deposits (Groves et aI, 1990).
Between 1988 and 1995, production averaged 170 t of gold per year (Grieg, 1997). The
area contains several highly mineralized areas] with the Norseman-Wiluna Belt, parts of
the Southern Cross Belt and Murchison Province being the focus of gold mining
operations (Groves et ai, 1990).
Archaean lode gold deposits vary in appearance due to differences in structural style,
host rock and degree of alteration. The vast majority are structurally controlled, with
associated wall rock alteration. The deposits can be hosted by a variety of ultramafic,
mafic and felsic volcanic and intrusive rocks, and iron-rich sedimentary rocks. The host
rocks form greenstone belts, and are metamorphosed to greenschist and amphibolite
grade (Groves et ai, 1990).
The majority of gold deposits in Western Australia have production and reserves of less
than 1 t of gold. However, some deposits such as the Golden Mile, which have a past
production of approximately 1 150 t of gold from 115 Mt of are. There is a strong negative
relationship between tonnes and grade, with the average gold grade in 1988 being less
than 5 g/t (Groves et ai, 1990).
The aim of this paper is to demonstrate the effect that choices of data treatment,
variogram construction. search areas and estimator have on the grade of the block
model. The effect of changing these parameters on the grade of the block model can be
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determined through two different results, an individual block grade, and the global mean
of the entire block model.

Geology of the Golden Pig Mine
Golden Pig is situated on the eastern edge of the Southern Cross Greenstone Belt, which
is a sequence of mafic and ultramafic rocks, with intercalated BIF's and sediments
(Dalstra et aI, 1999). The sequence has been deformed through tight to isoclinal folding
and layer parallel shearing. The sequence proximal to the mine has been
metamorphosed to amphibolite facies (McBeath & Whitworth, 2002).
Mineralization at Golden Pig is mainly stratabound, within tight to isoc'ina"y folded and
sheared quartz-pyrrhotite-diopside BIF's. Four BIF's have been identified, which strike
between 320 0 and 330 0 , dip between 50 0 and 80 0 W and vary in thickness from between
0.5 and 10 m. Economic mineralization is located in both the limbs and folds of the BIF's,
and is strongly related to pyrrhotite±quartz. The highest grades are often found where
BIF's have had the longer limbs sheared. The majority of the gold (98%) is located within
BIF hosted lodes, such as Haddons, which forms the focus for this paper. Gold is also
located in shear-hosted lodes (eg Taurus; Nugus et aI, 2003), which contain 2% of the
total gold within the Golden Pig deposit as a whole (McBeath & Whitworth, 2002).
Haddons is located on the western limb of the folded Eastern BIF; it strikes 340 0 , and
dips 65 0 to 70 0 to the west and is extensively folded. Fold axial planes strike between
320° and 340°, and dip west at 70° to 80 c (Nugus et aI, 2003). The BIF is bounded in the
hangingwall by ultramafics and in the footwall by mafics (Whitworth, 2002).

Review of Geostatistical Estimators
The choice of the correct grade estimator must be based on a thorough understanding of
the mathematical basis, and inherent assumptions, as well as detailed knowledge of the
geology of the deposit. Applying any estimator, geostatistical or otherwise, will be flawed
without a good understanding of the method. One of the most important assumptions for
geostatistics is stationarity.
Stationarity is defined as "[when] a random function is homogenous and self repeating in
space" (Vann, Jackson & Bertoli, 2001). Stationarity can be achieved in two ways through
strict stationarity, or weak or second-order stationarity. Strict stationarity assumes that all
samples are drawn from the same statistical distribution (Clark, 1979). Weak or secondorder stationarity assumes that the mean and covariance of a pair of samples are
constant, and that the covariance is only dependant on the distance and direction
between the two points. When the separation of the two points is zero, the variance must
be constant (Vann, Jackson & Bertoli, 2001).
In the field of geological applications, these assumptions can rarely be satisfied. When
this is the case, the assumption of stationarity is weakened to "the intrinsic hypothesis".
This assumes that the mean and variance are independent of location (Vann, Jackson &
Bertoli, 2001). The assumption of the intrinsic hypothesis can be tested through slicing
the grade data into horizontal, vertical, and strike-parallel planes, and the descriptive
statistics calculated for each. The weakest form of stationarity possible is that of "quasistationarity", where stationarity can only be proved for the limits of the kriging search area
(Vann, Jackson & Bertoli, 2001).
The next stage in applying any geostatistical method is to derive a stable variogram.
Unfortunately, in the case of gold deposits, this can be relatively difficult. Dominy &
Annels (2001), give a review of the application of geostatistics to gold deposits, and
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indicate that the most common problem encountered in modelling variograms is the
presence of erratic high grades (extreme values).
Extreme values are a perennial problem in gold deposits, and can be dealt with in several
ways. The grades can be removed completely (filtered: Journel & Arik, 1988), the grades
can be reduced to a specified level (cutting, Dominy et aft 1999) the grades can be
utilised (extreme value theory, Caers & Rombouts, 1996), or the whole dataset can be
transformed into a more amenable distribution.
A noisy experimental variogram can also be produced artificially, through the choice of an
incorrect lag distance (Guibal, 2001). Mixed populations can also cause noise in an
experimental variogram, so variograms should ideally be produced for a single statistical
population (Vann, Jackson & Bertoli, 2001). Noise on a variogram can also be attributed
to a lack of samples or a concentration of samples in a particular geographic location
(Dominy and Annels, 2001).
The experimental variogram may just be noisy. If this is the case, there maybe no choke
other than to resort to more robust methodologies such as pairvvise relative variograms,
or data transformations (LN or gaussian). A brief review of these approaches is given
below:

Pairwise Relative Variograms
When computing a pairwise variogram, the y*(h) value is calculated by dividing the
square of the differences of each pair by the square of the mean of the two values
(Annels, 1991). This is expressed as (Bleines et aI, 2001):

(1 )

where:
n == number of pairs separated by the considered distance

Za and Zp= Value of the variable at two points constituting a pair
Once pairvvise variograms have been computed, the variograms can be used in kriging.
Isaaks & Srivastava (1989) mention a problem that occurs when the two data points in
the pair have a zero value, and hence a zero mean. In this case y(h) becomes equal to
infinity. To avoid this, zero values should be set to a small positive value (eg 0,001).

"Normal Equivalent" Pairwise Relative Variograms
Annels (1991) presents a technique for deriving the "Normal Equivalent" of the nugget
variance (Co) and spatial variance (C) values of a pairvvise variogram. The Co and C
values are multiplied by the ratio of the normal sill (total variance: 0 2 ) to the pairwise sill.
The modified Co and C values can then be used to model an omnidirectional variogram,
and used to generate an OK model.

Log Transformations
Raw grade data can be transformed using natu ral logs (LN) or logs to the base-1 a (log 10).
If data if truly log normal, the log transformation will result in a perfectly normally
distribution. The main factor to be considered in log transformation is consistency.
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Gaussian Transformations of Data and Back Transformation of Varfograms
Gaussian transformation (or anamorphosis) is simply the transformation of a dataset that
results in a normal histogram. A gaussian transformation can be made for any single
distribution. The process "de-skews" the distribution, in order to observe the underlying
structure. The gaussian transformation results in a normal histogram, with a mean of
zero, and a variance of 1.0. Therefore, the sill of any variogram of the gaussian
transformed data will also be at 1.0 (Vann, Jackson & Bertoli, 2001).
A full description of the gaussian transformation is given by Journel & Huijbregts (1978)
and case studies are presented by Rivoirard (1994). In summary, there are two methods
of gaussian transformation. the first is graphical, and the second through Hermite
polynominal expansion.
The Hermite polynominal transform is (Bleines, 2001):
00

Llf/iHj(Y)

(2)

i~O

where:

= anamorphosis model
H(Y) = Hermite polynominals

4J

Once a variogram of the gaussian variables has been produced, the gaussian variogram
Yy(h) can be back transformed to the "raw" varlogram yz(h), under the assumption that
pairs of Gaussian transformed values [yx,Y x+h] are bigaussian at any distance h. The
relationship between the gaussian variogram and the raw variogram is then (Guibal,
1987):
N

1z(h) = LIf/:[l- {l- yrCh)}"J

(3)

n=l

where:
yz(h) = "raw" variogram
Vy(h) = gaussian variogram
4J = anamorphosis model
Gaussian transformation is preferable to log transformations; it will often perform better,
as a log transformation cannot guarantee a normal distribution. Log transformation will
only result in a gaussian transformation when the data is strictly log normal, which is
rarely the case in mining (Vann, Jackson & Bertoli, 2001).
Once a variogram has been calculated and modelled successfully, the variogram
parameters are used in geostatistical estimators. Brief reviews of the geostatistical
estimators used in this paper are provided below. A review of the non-geostatistical
estimator, lOW is also included. For a more detailed description of the mathematical basis
of geostatistical estimation, the reader is directed to lsaaks & Srivastava (1989).
Inverse Distance Weighting (lOW)
The basis for this evaluation technique is 'weighting' by a linear or exponential distance
function. For each point, usually located at the block centre, the influence of the
surrounding samples varies inversely with distance. The weighting factor applied is the
inverse of the distance between the sample and the point, raised to a power 'n', where n
usually varies between 1 and 3 (Annels, 1991). This is represented by the following
equation:
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(4)
;=1

where:
ZB =Block Grade
Zj = Grade at each sample location
n = power chosen by the user
Ordinary Kriging (OK)
Dominy & Annels (2001) define OK as "a reasonably robust estimator, [which can] be
used where the sampling distribution is skewed towards lognormafity, but is not
lognormal". OK is more able to deal with departures from the assumption of stationarity
than other estimation techniques such as Simple Kriging (Glacken & Snowden, 2001).
Ideally, OK should only be used when the data has a normal distribution, exhibits
stationarity, and where there are no drifts or trends present.
Lognormal Kriging (LK)
LK is used when the data has a lognormal distribution. True 10gnormaHty is essential in
order to avoid ridiculous estimates (Annels, 1991). Without true lognormality, it can
produce biased estimates (Vann & Guibal, 2001). If raw data variograms are excessively
noisy, LN variograms can also be calculated and back transformed, for use in OK
(Annels, 1991).
Haddons - Application of Geostatistical Techniques
Before geostatistical methods can be applied to any deposit, a detailed knowledge of the
underlying statistical parameters must be gained. The stages in this study are discussed
below. The datasets used in this case study are summarised in Table 1.

' 0 fdata types use d'Insuty
t d
Table 1- ReVlew
Data Type

Surpac Function

Sample
Length

Sample
Data

"Extract Sample Data
within Geology"

Variable

Composite
Data

"Composite by
Geological
Constraints"

0.75 to 1 m

Comments

Samples from geologically
controlled sampling inconsistent lengths
Composited data from
geologically controlled
sampling

Constant
Support?

No

Yes

Stage 1 - Data Validation
Data was extracted from a grade model of the Haddons lode using the "Extract Sample
Data within Geology" and "Composite by Geological Constraints" functions in Surpac.
The sample data comprises samples logged within geological constraints, and is
therefore of various lengths. This sample data was composited to 1 m lengths, to
generate the "composite" dataset. The sample and composite datasets comprised the
same data, in the same geographical locations. The sample dataset being the original
geology based samples, and the composite dataset being the sample data composited to
1 m intervals.
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Each dataset was then checked for RC and sludge drilled holes, and these samples and
composites were excluded. All composites less than 75 cm were also removed. For the
sample dataset, 109 RC samples were removed, at a mean grade of 7.05 glt. In the
composite data, this equated to 93 RC samples, at a mean grade of 8.61 glt.
Stage 2 - Statistical Analysis
Statistical analysis was carried out for both sample and composite datasets. Descriptive
statistics, histograms, cumulative frequency plots and probability plots were calculated for
each dataset. The data was also cut into horizontal, vertical and oblique slices, and the
statistical parameters were derived for each slice, in order to test the assumption of weak
(second-order) stationarity.
Stage 3 - Variography
Both omnidirectional and directional variograms were calculated for the sample and
composite raw datasets. Some omnidirectional variograms produced good results, which
could be successfully modelled.

Variograms were also computed for LN data, producing an experimental variogram that
could be more easily modelled. A simifar result was obtained from pairwise relative
variograms.
Stage 4 - Kriging Methods
Various estimation techniques were applied, using five different search areas. The search
area parameters are included in Table 2.

Two types of search were trialed. The first was a moving search, where a search area is
constructed around each block, and the samples within the search area used to calculate
the grade for that block. Each of the moving search areas measured 80 m along strike, 20
m down dip and 20 m across dip. The second type of search uses aU of the data to
calculate the grade of the chosen block and this search area is termed "Unique". This
search area is useful as a comparison, as it demonstrates the outcome of different
estimations.
The moving search areas differ through the number of angular sectors, and the minimum
and maximum number of samples stipulated. This method divides each search area into
the required number of sectors, and searches for the nearest specified number of
samples. Using a sector search can reduce bias from a high density of samples in an
area of the orebody (Annels, 1991).

Tob!
a e 2 - Seareh area parame ers or movmg seareh areas
r--Minimum No of
Search Area
No of Sectors
Samples
Search
Search
Search
Search

1
2
3
4

1
4

1

8

5
5

16

10

Maximum No of
Samples
10
10
10
100

Methods used in this study include [DW (1-6), OK using raw grade variograms, pairwise
variograms, "normalized" pairwise variograms and gaussian transformed and backcalculated variograms, and LK using LN grade variograms.
All numerical models were calculated for an identical block model, which has dimensions
of 10 x 5 x 5 m. The average sample spacing along strike is 20 m, and the block size was
set at half the average sample spacing. The sample spacing down dip varied between 1
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and 5 m, and a block size of 5 m was chosen to incorporate as many samples as possible
per block.
Stage 5 - Model Comparisons
The block models produced were compared in two ways, through contrasting a single
block grade, and by observing the differences in the global mean.

An individual block was chosen at random, from the centre of the orebody. The grade for
the same individual block was extracted from each block model. The effect of changing
the estimation methods on a single block can then be observed.
The global mean grade for each block model can also be calculated, and compared.
Comparisons of Sample and Composite Data
Statistical Analysis
Sample Data
Statistical analysis of the sample data has shown that the data does not exhibit a normal
population. However, when the natural log of the data is taken, the distribution moves
towards lognormality, but is not actually lognormal. This is demonstrated in Table 3 and
Figures 1 and 2.
s tt'f
a IS JCS f,orsampJe
I daa
t
Table 3- 0 escnplIve
f
Statistic
Grade
Mean
5.98
1.74
Median
1.00
Mode
Standard Deviation
13.04
Variance
170.15
Kurtosis
54.04
Skewness
6.06
COY
2.18
Count
1082

LN Grade

0.58
0.55
0.00
1.65
2.72
-0.19

-0.16
2.84
1082

Figures 1 and 2 - Grade and LN Grade Histograms for sample data
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The lognormal distribution is by no means perfect. A probability plot of the LN grade
demonstrates that the near lognormal distribution may contain two populations (Figure 3).
Figure 3 - Probability plot of LN grade, showing two populations
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By comparing the mean and variance across different areas of the orebody, the level of
stationarity can be determined. The orebody was sliced into 10 m sections and plans and
the mean and variance calculated for each slice. A 10m slicing width was used as this
provided sufficient data in each slice for a meaningful comparison to be made. The
results for the horizontal slices (plans) are given in Table 4.

'f'Ions forl honzon
'
taI l
s 'Ices th rougJhHa ddons - sample
I daa
t
T.a ble 4 - Mean I vanance vana
Slice {RL}

No. of SamQles

Mean

Variance

MeanNariance

1210 -1219.99
1220 - 1229.99

66

4,42

58.82

0.08

309
265

5.13
5_10

90.79

332
94
11
5

7,46

74.22
274.76

0.06
0.07

7.54
4.56

423.54
54_97

1.89

1.69

1230 - 1239.99
1240 - 1249.99
1250 -1259.99
1260 - 1269_99
1270 - 1279.99
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As Table 4 shows, the mean and variance vary through the orebody. The grade is higher
towards the top of the ore body, than near the base. Calculating the mean/variance shows
that the ratio of the two variables is relatively consistent, only changing dramatically near
the top of the orebody, where the number of samples decreases. The mean grade is
higher at the top of the orebody (1 240 to 1 259.99), which may have been caused by a
higher-grade shoot in this area. Although this exercise has shown that neither strict, nor
weak (second-order) stationarity is present, the exercise is useful in determining the level
to which the data parameters vary through the orebody.
Composite Data
The composite data has similar trends to that of the raw sample data. However, there are
some differences. The composite mean and median are higher than the raw sample data,
but the composite variance is lower than the sample variance. This can be explained as
during compositing of the sample data, the isolated high grades are smoothed over a
larger distance, increasing the mean grade, but reducing the variance. The composite
data again displays a near lognormal distribution. This is illustrated in Table 5 and Figures
4 and 5.

' f s a IS ICS orcomposl'te d aa
t
Table 5 - 0 escnpllve
Statistic
Grade
6.41
Mean
2.72
Median
Mode
0.25
10.17
Standard Deviation
Variance
103.48
17.71
Kurtosis
3.72
Skewness
1.59
COV
818
Count

IN Grade
0.99
0.99
-1.39
1.41
1.99
0.03
-0.29
1.42
818

Figures 4 and 5 - Grade and LN Grade Histograms for sample data
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Again, the data does not have a perfect lognormal distribution. Plotting a log probability
plot shows that the near lognormal distribution may contain multiple populations (Figure
6).
Figure 6 - Probability plot of LN grade, showing multiple populations
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Comparing the mean and variance across different areas of the orebody gives the
following results (Table 6). This table shows how the mean and variance change through
the orebody_

. daa
t
Toa ble 6 - Mean/ variance vanatJOns througlh au t H addons - composIte
Slice {RL}
No. of SamQles
Mean
Variance

MeanNariance

1210 -1219.99

39

5.42

41.44

0.13

1220 - 1229.99

198

5.59

72.66

0.08

1230 - 1239.99

199

5.65

58.90

0.10

1240 - 1249.99

255

8.46

184.54
80.97
3.21
0.31

0.05

1250 -1259.99

102

5.80

1260 - 1269.99

16

1.72

1270 - 1279.99

8

2.28
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As Table 6 shows, the mean and variance vary through the orebody, as first identified
with the sample data. However, the grade is more consistent with the composite data
than the sample data, with all grades being relative similar except 1250-1259.99. The
composite mean/variance ratio is more consistent as compositing the data has reduced
the effect of individual high-grade samples.
Variography
Omnidirectional and directional variogramswere calculated for the sample and composite
data. In both cases, the directional variograms displayed a poor structure, and were
unable to be modelled. The poor structure of directional variograms could be caused by
several issues as detailed above, and an example of the noisy variograms produced is
included as Figure 7. Therefore, only omnidirectional models were used during later
kriging operations. Omnidirectional variograms provide an "average" variogram that may
not accurate reflect the anisotropy in the orebody, but at present, this is all that can be
modelled accurately. Further work in this area is currently in progress.
Figure 7 - Example of nois directional varia rams
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Raw Grade Variograms
The raw grade omnidirectional variograms for sample and composite datasets are
included as Figures 8 and 9. A comparison of these two different datasets is useful as it
demonstrates the effect of early data treatments on the later geostatistical techniques
applied.
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As Figures 8 and 9 shows, the raw data variograms have nugget effects of 54% for
sample data, and 51% for composite data. The raw data variograms show poor structures
that are difficult to model. The variogram parameters used during kriging are given in
Table 7.
Log Grade Variograms
After LN transformation, the variograms become less noisy, and easier to model. The LN
Grade variograms for sample and composite data are illustrated in Figures 10 and 11.
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The composite variogram has a significantly lower nugget effect (55%) than the sample
data (78%). The variogram parameters used in kriging are included in Table 7.
Pairwise Relative Variograms
The pairwise relative variograms are significantly quieter, and easier to model than both
the LN and raw grade variograms.
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Fi ures 12 and 13 - Pairwise varia rams for sam Ie and com osite data
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As with the LN grade variograms, the composite data has a significantly lower nugget
effect (63%) than the sample data (88%). The variogram parameters used in kriging are
included in Table 7.
"Normalized" Pairwise Relative Variograms
The Co and C values of the normalized pairwise variograms are of the same magnitude
as the pairwise variograms, so the nugget effect will be the same. The modelled
variograms, however, refer to the grade data, as opposed to a "relative" scale. The
modelled variograms and included for completeness.
Fi ures 14 and 15 - "Normalized" airwise vario rams for sam /e and com osite data
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As mentioned above, the nugget effects for these variograms are the same as the relative
pairwise variograms. The variogram parameters are included in Table 7.
Gaussian Variograms.
Variograms were produced for the gaussian variable and were then back transformed
(BT) to a "raw" variogram. The variograms for both sample and composite data are
included as Figures 16 to 19.
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Figures 16 and 17 - Gaussian and back transformed variograms for sample data
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The sample data variograms show that the gaussian transformed data has a nugget
effect of 74%, but after back-transformation, the variogram displays pure nugget effect
(100%).

Fi ures 18 and 19 - Gaussian and back transformed varia rams for com osite data
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The composite data variograms show that the gaussian transformed data has a nugget
effect of 61 %, lower than that of the sample data. After back-transformation, the
variogram can be modelled with a nugget effect of 83%. The back-transformed variogram
was then used for OK of the raw grade data, and the variogram parameters are recorded
in Table 7.

Estimation
As detailed above, several estimation techniques were applied, in addition to these, lOW
(1 to 6) was also trialed. The methods implemented, and the variogram parameters
utilized are included as Table 7. Each method was applied to both sample and composite
data, using all five search areas (Table 2). The variogram parameters have been
expressed as a percentage of the total variance for easy comparison, and are included as
Table 8.
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Data TYl2e

Variogram

Ty~e

Co

C

a

Kriging Method

Sample

Omnidirectional

92.00

78.15

21.00

OK

Sample

LN Omnidirectional

2.10

0.60

10.00

LK

Sample

Pairwise

0.79

0.11

9.50

OK

Sample

"Normalized" Pairwise

149.02

21.13

9.50

OK

Sample

Gaussian 8T

PNE

PNE

PNE

OK

Composite

Omnidirectional

55.00

53.21

17.00

OK

Composite

LN Omnidirectional

1.10

0.89

8.00

LK

Composite

Pairwise

0.52

0.30

9.00

OK

Composite

"Normalized" Pairwise

65.62

37.86

9.00

OK

Composite

Gaussian 8T

90.00

18.00

11.00

OK

T.able 8 - Variogram parameters expressed as a percentag_e of the total variance (c )
Data TYRe

Variogram Ty(;!e

Co

C

a

Kriging Method

Sample

Omnidirectional

54.07

45.93

21.00

OK

Sample

LN Omnidirectional

77.78

22.22

10.00

LK

Sample

Pairwise

87.78

12.22

9.50

OK

Sample

"Normalized" Pairwise

87.78

12.22

9.50

OK

Sample

Gaussian BT

PNE

PNE

PNE

OK

Composite

Omnidirectional

50.83

49.17

17.00

OK

Composite

LN Omnidirectional

55.28

44.72

8.00

LK

Composite

Pairwise

63.41

36.59

9.00

OK

Composite

"Normalized" Pairwise

63.41

36.59

9.00

OK

Composite

Gaussian 8T

83.33

16.67

11.00

OK

Method Comparisons
Two ways were used to compare the estimation methods, individual block grades and by
comparing the global mean for the entire block model. Block models can also be
compared through grade-tonnage curves, and this work is currently underway.
Individual Block Grade Comparison
For each block model, an individual block grade was extracted for comparison. The block
chosen had a centre coordinate of X, 4775, Y, 14500 and Z, 1245. The individual block
grades are shown in Figures 20 and 21.
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Figure 20 - Individual block grades for sample data
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Figure 21 -Individual block grades for sample data
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Several trends become apparent from observing the block grades, the most significant is
that the composite grades are consistently higher than the sample grades. This is due to
the composite data having a higher mean grade than the sample data.
Applying different lOW n powers has the effect of increasing the grade of the block,
particularly in the case of composites. This is probably due to closer high-grade samples·
being given a higher weighting as the n value increases. At the highest n value, 6, a
similar block grade is calculated no matter what search parameter is applied, there is
significantly less smoothing than with lower n values. When very high n values are
applied, the result of the estimation is similar to a polygonal estimate, where all samples
except the closest are effectively ignored. No discretization was applied to these blocks,
hence the similarity of the estimated grade.
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"Normalizing" the pairwise relative variograms has no effect on the grade of the block,
and so would appear to be an unnecessary step. The main advantage in taking this step,
however, is that the result is a raw grade variogram, as opposed to a relative variogram.
A pairwise relative variogram would produce spurious variance calculations during the
kriging process (Bleines et aI, 2001).
The most variable grade when changing the search parameters occurs when the
lognormal kriging method is applied. This shows that the method is highly susceptible to
the samples collected by the search area, and so the search area needs careful
consideration. This method may also contain an inherent bias, as the underlying
distributions are not perfectly lognormal. Lognormal kriging was used historically in South
Africa, but the strictness of the lognormal hypothesis means that it is rarely used today
(Vann & Guibal, 2001).
The back transformed Gaussian variogram for sample data shows pure nugget effect,
which represents a complete lack of spatial correlation, and the kriging procedure is more
a simple averaging of the available data (Isaaks & Srivastava, 1989). Therefore, in the
case of the sample data, the change in block grade is a function of the different available
data. This is further demonstrated by the composite data, which has been kriged using a
variogram model of 83%, and the block grades being significantly less variable.
The individual block grades are more variable when calculated using sample data, as
opposed to the composite data. This shows that compositing the data has reduced the
effect of the high-grades present in the sample database. The high grades in the sample
database are causing the block grades to be more variable, as they are weighted, and
used in calculating the individual block grade. This effect is not present in the composite
data, as the high-grade samples have been smoothed out.

Global Mean Comparison
The global mean can be calculated for each block model, and compared. In this study,
the block sizes estimated were kept constant, and so the mean grade can be compared.
The mean grades for the various estimation methods are included as Figures 22 and 23.
Figure 22 - Global mean grades for sample data
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Figure 23 - Global mean grades for composite data
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The most striking trend that can be identified from Figures 22 and 23 is that the
composite data produces higher mean grades than the sample data. Across each
method, the mean remains relatively constant, at between 5.24 and 6.09 glt for sample
data, excluding lognormal kriging, and between 5.97 and 6.63 glt for composite data.
The lognormal kriging results for the sample data show highly variable grades, which is
not echoed by the composite data.
The global mean grade should reflect the mean grade of the input data in a "good"
estimation (lsaaks & Srivastava, 1989). In the case of sample data, the effect of kriging
with a pure nugget effect model, and a unique neighbourhood is to assign the mean
grade of the orebody (5.98 g/t) to every block. This is demonstrated by the back
transformed Gaussian individual block grade being the same as the global mean grade.
However, when a moving search area is applied, the best results are produced when a
tightly constrained search area (Search 4) is applied. Using lDW1 produces a mean
grade of 5.99 glt, and IDW3, 5.97 glt. The gaussian back transformed OK produces a
global mean grade of 5.97 glt.
In the case of composite data, the mean grade of the input data is 6.41 g/t, again, a
tightly constrained search area (Search 3) is required to produce a "good" estimate.
IDW3 produces a mean grade of 6.42 glt, and the gaussian transformed OK model
produces a mean grade of 6.41 gft.
In general, all of the estimation methods are under estimating the global mean grades for
the sample data. The composite data is over estimating the global mean grade with large,
unconstrained search areas, but when tighter search areas are applied, the global mean
grade is better estimated.
Concluding Comments
Statistical analysis of the sample and composite data show that both show a near
lognormal distribution. Both data sets also display multiple populations within this
distribution. The raw data is more highly skewed, and has a higher coefficient of variation
than the composite data.
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When variography is carried out on both data sets, it becomes obvious that the composite
data variograms always display a smaller nugget effect, no matter what type of variogram
is calculated, ie the volume-variance relationship. The clearest and easiest to model
variograms are produced through a relative painNise variogram, and through gaussian
transformation of the data. Back transformation of the gaussian variograms produces raw
variograms with significantly higher variograms than the gaussian variograms. After back
transformation, the sample data gives a pure nugget effect variogram, but the composite
data gives a variogram of 83%. The nugget effect can be further reduced through the
optimization of sampling regimes (Roberts, Dominy & Nugus, 2003), and through the
better understanding of the geological characteristics of the deposit (Nugus et aI, 2003).
Kriging of the two datasets demonstrates the differences that can be obtained; the global
mean grade for composite data was consistently higher than the sample data, and less
variable. Changing the search area has a dramatic effect on the individual block grade,
but has less effect on the global mean grade for the model. The most dramatic effect on
both the individual grade and mean grade occurs when composite data is used. The'
compositing lessens the effect of isolated high-grades, but raises the mean grade
substantially.
This study has shown that using tightly constrained search areas is necessary to replicate
the input data mean grade on a global scale. Using composite data not only fulfils the
assumption of constant sample support, but also reduces the variability in the individual
block grades and global mean grade. lOW methods produce a variable individual block
grade, which is consistently higher grade than the OK models. Using LK with the sample
data produces both variable individual block grades, and global mean grade, showing the
unsuitability of this method to this dataset. A comparison of all the block models has
shown that composite data produces the most consistent results, and gaussian
transformation and back transformation of composite data, with a tightly constrained
search area, the most comparable global mean.
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