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ABSTRACT

Mineral Resource estimation provides an assesswofetite quantity, quality, shape and
grade distribution of a mineralised deposit. Theotgce estimation process involves; the
assessment of data available, creation of geolbgied/or grade models for the deposit,
statistical and geostatistical analyses of the,detavell as determination of the appropriate
grade interpolation methods. In the grade estimatiprocess, grades are
interpolated/extrapolated into a two or three — afisional resource block model of a
deposit. The process uses a search volume ellipsendred on each block, to select samples
used for estimation. Traditionally, a global oreed search ellipsoid is used during the
estimation process. An improvement in the estinmaiwocess can be achieved if the
direction and continuity of mineralisation is ackredged by aligning the search ellipsoid
accordingly. The misalignment of the search elligday just a few degrees can impact the
estimation results. Representing grade continuityridulating and folded structures can be
a challenge to correct grade estimation. One swiub this problem is to apply the method
of Dynamic Anisotropy in the estimation processisTimethod allows for the anisotropy
rotation angles defining the search ellipsoid aadogram model, to directly follow the
trend of the mineralisation for each cell withinbbock model. This research report will
describe the application of Dynamic Anisotropy tslightly undulating area which lies on a
gently folded limb of a syncline at Driefontein damnine and where Ordinary Kriging is
used as the method of estimation. In addition,apmal Dynamic Anisotropy resolution
that will provide an improvement in grade estimatéi be determined. This will be
achieved by executing the estimation process omwsrblock model grid sizes. The
geostatistical literature research carried outHice research report highlights the importance
of Dynamic Anisotropy in resource estimation. Thgbuhe application and analysis on a
real-life dataset, this research report will puedhes and opinions about Dynamic

Anisotropy to the test.
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Introduction

South Africa is the world's fifth largest gold praxr, (World Gold Council, 2015). A total

of five million and twenty four thousand ouncesguaiid were produced in 2013 from the
various operating mines throughout the countrytquieau, 2014) see Figure 1.1 below.
The rate of deterioration in terms of gold miningput from South Africa is staggering. In
1983 the country produced 21.847 million ouncegaifl, roughly 64 % of the world’'s

output. Today it accounts for a little over 6 %.

= SOUTHAFRICA  gumo
& 5,024,000 0Z NEWS

VAAL RIVER OPERATIONS WEST WITS OPERATIONS
473,000 oz (2013) 689,000 oz (2013)

Gauteng Gauteng

AngloGold Ashanti AngloGold Ashanti

\ KLOOF

V513,700 oz (2013)
% Gauteng
’ Sibanye

DRIEFONTEIN SOUTH DEEP
603,600 oz (2013) 302,000 oz (2013)
Gauteng Gauteng

Sibanye Gold Fields

Figure 1.1: South Africa’s Gold producing operatiors and amount of gold produced in
2013 (Source: Alex Létourneau of Kitco News,
http: //mww.for bes.com/sites/kitconews/2014/06/20/wor | ds-lar gest-gol d-
producing-countries-south-africa/, 2014).

Over the last decade, the country has seen a stieatijie year-on-year as mines are getting
older, no new discoveries are being made, gradesdrapping and mines are going deeper
and deeper into the ground. The drop in its glehaking is not due to resource depletion
(South Africa ranks close behind the world leadastfalia in reserves) but rather to its high
costs of production. In fact South Africa has tighbst mining cash costs among all major

producing regions (The Globe and Mail, 2011).
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11

South African gold mining industry extensively i#ds geostatistical techniques to provide
estimates for gold reserves and resources, ansststavith daily mine valuation and mine
planning (Krige and Dowd, 2000). Geostatisticaireation is used in the mining industry to
estimate mineral grades in unmined areas. The igaohrof linear kriging (G. Matheron,

1991) is mostly utilized, providing best linear waded estimates (in terms of minimum
estimation variance — Armstrong, 1998) of metaldgsa The theoretical development of
geostatistics can be traced back to initial studesied out by Herbert Sichel and Danie
Krige in the late 1940’s and early 1950’s (SicHE947 and Krige, 1951), as well as the
pioneering work of Georges Matheron (Matheron 19@&3jice then, geostatistical theory

has expanded into an extensive field of researdrkaowledge.

Background

The geostatistical theory has its origins in th@tBdAfrican gold mining industry and it is
documented to have evolved out of a requiremenini@roved prediction techniques for
gold grades to justify the expense of deep-levalimgi (Houlding, 2000). Although the
theory of regionalised variables was formalised Mwatheron (1970), much of the
groundwork had been performed earlier on the Sdéitlta gold mines, principally by
Krige (1951) (Brauret al, 1987). Geostatistics is a widely accepted andiegpmethod for
estimating Mineral Resources. In the book, “Usingp&atistics to Estimate the Resources
of a Narrow Vein Gold Deposit”, Roy (2000) mentiaist in general, it is believed that
because of the often erratic nature of vein mimgatbn, geostatistics lends itself more

readily to larger, more uniform deposits.

Gold vein deposits are normally characterised kskewed grade distribution in which a
small number of higher grade samples can cause/@mesiimation in the surrounding low

grade estimation block areas during the grade astm process when using non-
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1.2

geostatistical grade estimating methods such #svagtic or graphical methods. The same is
also true for the gold sedimentary deposits andt miber metal deposits where the metals
are present in trace quantities. These outliersatsm cause variogram distortions such as

pure nugget effect which in turn affects the gragémate results.

When undertaking resource estimation on any depwegh narrow vein or layer-like
geometry, the variable of interest (i.e. grade)asa suitable variable for direct kriging. This
is because grade of mineralised intercepts is lglel@fined on varying supports (Bert@t
al., 2003). The ore intercepts are very variable idtiviand the width is such that subcell
filling is impractical or inaccurate. Due to thetua@ of the orebody which is thin and of
variable thickness, it is most suitable to do thedg estimation in two-dimensions (“2D").
The 2D estimation approaches have significant adgms over three-dimensions, (“3D”)
approaches when dealing with a narrow vein or Hilkergeometry (Bertoliet al, 2003).
Generally, the entire ore width will be mined. Trnain motivation for 2D estimation is that
bias due to non-additivity of grade is avoidedtha 2D approach, grade can also be defined
as the ratio of two other variables (thickness galdl accumulation — the product of grade
by thickness potentially weighted by bulk density.g/t values, i.e. gold per horizontal
area), which are amenable to direct kriging (Chéled Delfiner, 1999). Hence accumulation
is kriged independently from width and the graddesved by the ratio of the two resultant

estimates.

Study Rationale

Mineral Resource estimation provides an assesswofetite quantity, quality, shape and

grade distribution of a mineralised deposit. Thiabdity of Mineral Resource estimates

depends not only on the quality and number of sagtdut also on the degree of continuity
of the mineralisation (Blais and Carlier, 1968).eTihore continuous the mineralisation, the

better will be the correlation between the grada shmple and the unknown true grade of

14



the block represented by this sample. The gradma&sbn process can be summarised as
follows:
* An assessment of the quantity and quality of thta daailable including database
management and verification;
» The creation of 2D and/or 3D geological and gradeles for the deposit as well as
an assessment of stationarity, and possible sulauhamg of the deposit;
» Statistical and geostatistical analyses of the daththe determination of the most
appropriate grade and density interpolation methaxd
» Classification and reporting according to accepaed internationally recognised
guidelines.
In the grade estimation process, grades are intggudextrapolated into a 2D or 3D
geological block model of a deposit. This processsua search volume ellipsoid (Figure
1.2), centred on each block, to select samples fmseglstimation using one of the several
interpolation algorithms, for example: Nearest Méigur, Inverse Power of Distance,
(“IPD”), Ordinary Kriging, (“OK”), Simple Kriging, Log Kriging, Sichel's t estimator,

Ordinary Macro Kriging or Simple Macro Kriging.

Figure 1.2: Oriented search ellipsoid (Source: Copyght © 1983 — 2013 CAE Mining
Corporate Limited).

15



13

Traditionally, a global orientated search ellips@dised during the estimation process. The
continuity of mineralisation usually varies withrefition and thus the search ellipsoid
should be oriented to follow the direction of malesation. The misalignment of the search
ellipsoid by just a few degrees can impact thenesion results e.g. a block might be
estimated to be below the cut-off grade when ihiact above the cut-off grade and vice-

versa.

The size, shape and orientation of the searchseltipare determined from variography
analyses identifying the major directions of coutiy of mineralisation in the deposit
(Zabrusky, 2013). Variability of a variable in treample data is dependent on both
magnitude and mineralisation trend (LeMay, 1998).
Variography analyses and geostatistical estimatiolnde directional control that allows:

* The establishment of the principal directions atatropy;

* The appropriate semi-variogram models to be deriaed

 The selection of adjacent samples in the estimapoocess to be controlled

(Houlding, 2000).

The description of anisotropy and local custom@satboth depend heavily on a good
understanding of the genesis of the data set aalitajive geology input. Spatial variability
of a regionalised variable maybe isotropic: if thees (X, Y and Z) of the ellipsoid are of
equal length, or anisotropic: when the axes arediffierent lengths with different
variabilities in orthogonal directions. The useanf anisotropic search window produces a

small but consistent improvement in all estimatechniques (Bohling, 2005).

Investigation Motivation

The author has been approached by Driefontein GAilte to study the application of

Dynamic Anisotropy, (“DA”) and then derive an opised resolution for an area at the mine
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1.4

that lies on a slightly undulating gently foldedhb of a syncline. The Geostatistics and
Evaluation Consultant for the mine, has supportéd imput and provided the dataset to be
used for the investigation. The mine currently u#es OK method of estimation on a
30x30 m 2D block model to calculate their Minera@ésBurce estimates. Appropriately
representing grade continuity in undulating/meaimderand folded structures can be a
challenge during the grade estimation process ardolution to this problem is to consider
the application of DA during the estimation proce3herefore, the basis of this
investigation is to confirm whether the applicatiohDA in such a situation will indeed
provide an improvement to the grade estimation ggec In addition, the optimal DA

resolution that will provide an improvement in geagstimates will also be determined.

Study Objectives

Glacken and Gray (2011), Morrison and Brown (20EZ&8hrusky (2013) and in the JORC
Resource report for Tulu Kapi Gold Deposit in Efié produced by KEFI Minerals Plc
(2014) applied DA estimation technique to calculttmeral Resource estimates. Their
studies have shown that applying DA in their estiomtechniques, optimised estimation

orientations thus producing better grade estimates.

This research report will describe the applicatbDA to an area at Driefontein Gold Mine
that lies on a slightly undulating gently foldechb of a syncline and where OK is used as
the method of estimation. The estimation resultsutated from applying DA interpolation
techniqgue will be compared against those that aeutated using OK interpolation

technique.

In addition, the optimal DA resolution that willgaride an improvement in grade estimates
will be determined. This will be achieved by exéogtthe estimation process on various

block model grid sizes. The estimation block sizhiolh is currently being used at

17



15

Driefontein mine is a 30x30 m grid. This study vii# executed on estimation block model

range of different resolutions; 30x30 m, 60x60 20120 m and 240%240 m grids.

It is good practice to continually scrutinize aresttthe theories of geostatistics, and to
attempt to improve upon or derive new methods afidg with spatial data. This is also the
intention of this research. It is apparent how inignat DA is in geostatistics, and through
the study of available geostatistical literatutee gpplication and the analysis of real-life
data; this research report intends putting theares opinions about DA to the test. Such
findings could be of great value to the field oldymining geostatistics (and probably also

to a wider field of geostatistics and academia).

General Geology

The Kaapvaal Craton is an ancient segment of cemtah crust which formed in southern
Africa between about 3.7 to 2.7 Ga. Much of thiatoeental nucleus actually formed prior
to 3.1 Ga by the formation of an extensive gradifsasement and amalgamation with arc-
like oceanic terranes represented by mafic/ultraanmablcanics and associated sediments
(De Wit et al, 1992). Subsequent growth of the craton was apeored by further
continental magmatic activity, possible Cordilleistgle accretion of composite terranes
along the margins of the proto-continent, and tlepodition of sedimentary basins.
Although the question of when the Kaapvaal contiretained its cratonic rigidity is a
semantic one, it is clear that by 2.7 Ga, or shdhereafter, this segment of crust was not

subjected to further major orogenesis (Robb anddy|ey095).

Lithologies from five major Proterozoic basins greeserved on the Kaapvaal craton
spanning a time period from 3 Ga to 1.75 Ga Fratesilto youngest these are the Pongola,
Witwatersrand, Ventersdorp, Transvaal and Waterlsergences. All five appear to have

followed a broadly similar evolutionary history bdifferences in source area, palaeo-
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1.6

ecology and levels of tectonic activity during asvolution have apparently resulted in the
formation and preservation of auriferous placerogép only in the Pongola, Witwatersrand
and Transvaal basins. The Pongola and Witwatersdapdsits are the only true placer
deposits, with the Transvaal deposits resultinghftbe remobilization of low grade protore
by tectonic and thermal processes. Gold productiom the Witwatersrand sequence
exceeds that from the other Proterozoic sequencasriost two orders of magnitude, being

98.5 % of the total, up to 1971 (Pretorius, 1976a).

Witwatersrand Geological Setting and Miniralisation

The Witwatersrand basin extends some 350 km intheimga north-easterly direction and
approximately 200 km in width northwest/southeasttlte Kaapvaal Craton as shown in
Figure 1.3. It is an approximately 7000 m thickiitgnous sequence. The Witwatersrand
Supergroup is contained within the WitwatersrangiBavhich was deposited in a fluvio-
deltaic environment in the centre of the Kaapvaalt@. It is believed to have developed as
an intracontinental feature which was filled witrlg Proterozoic sediments and volcanics.
The major goldfields are developed in downwarpswbeh basement domes and are
believed to represent fluvial fans formed at theuthoof rivers having a north-western
provenance (Pretorius, 1975). These separate f&iarsyg were developed at different entry
points and are preserved as the eight distinct figtdd, each with local geological
variations. These sediments were subsequently kedoby longshore currents which
existed within the basin. Figure 1.3 shows thetioceof the Witwatersrand goldfield and of

the major gold mines.
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Figure 1.3: Witwatersrand Goldfield and Location of Major Gold mines (Source:
http://www.sec.qov/Ar chives/edgar/data/865492/000086549203000016/ascii g
bg20f2.htm, 2003).

The Witwatersrand Supergroup was deposited somewinethe interval 3.1 to 2.7 Ga
(Armstronget al, 1986). It is divided into a lower the argillacsoand arenaceous West
Rand Group and an upper Central Rand Group, ther labntaining the bulk of the gold
mineralisation near the base in laterally-extensiu&rtz pebble conglomerate reefs. These
sediments have been metamorphosed to greenschiss f@Phillips, 1987). The Central
Rand Group contains a number of palaeo-placer dsp@ssociated with angular
unconformities which have parallel strikes and ¢ate each other towards the basin edge.
The area that is mined is underlain by outlier&Kafoo Supergroup shales and sandstones,
followed by Pretoria Group sediments and the Clapuert Group dolomites. The
dolomites overlie the Kilipriviersberg Group volcanrocks, which in turn cap the
mineralised reef and sediments of the Central R&rdup. Figure 1.4 shows the

Witwatersrand Basin depositional model.
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Figure 1.4: Witwatersrand Basin depositional mode(Source: Kloof-Driefontein
Complex (KDC) — Technical Short Form Report, 2010).

Gold mineralisation in the Witwatersrand Basinasted within quartz pebble conglomerate
bodies, termed “reefs”, an auriferous well devetbpenglomerate bed, horizons developed
at the base of the unconformities. The extent @ouaformity is typically greatest near the

basin margin and decreases toward more distal anglais the basin. Complex patterns of
syn-depositional faulting have caused variationsadiment thickness within the basin.
Sub-vertical to over-folded reef structures areharacteristic feature of the basin margin
within certain areas. These reefs occur withingbparate goldfields shown in Figure 1.3.
Typically within each goldfield, there are one amsetimes two major reef units present,
which may be accompanied by one or more seconéefyunits. As a result of faulting and

other primary controls on mineralisation, the galifs are not laterally continuous with

each other and may also be characterised by tleenme or dominance of different reef

units. The reefs are generally less than 2 m icktiess and are widely considered to
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represent laterally extensive braided fluvial déggosr unconfined flow deposits, which
formed along the flanks of alluvial fan systems ttheveloped around the edge of what was

effectively an inland sea.

The gold is mainly of detrital origin, depositednggnetically with the conglomerates and
interrelated with sedimentary features such as nfiecmities and fluvial channels. Although
the gold generally occurs in native form and isallyuassociated with pyrite and carbon,
most of the gold has been subsequently modified @amdobilised during secondary
hydrothermalism, giving rise to the most favoudegpositional model currently in use, i.e.
Modified Palaeoplacer Model (Gold Fields Limite@1D). The model emphasises a control
on the occurrence of ore minerals by placer-fornmmgchanisms, while accepting some
modification by metamorphism. It is the generalkigepted model for the origin of gold and
uranium mineralisation of the Witwatersrand Basior several decades now, models using
sedimentological principles were very successfullgd to predict gold distribution on mine

properties.

It has also been confirmed through studies don€dwardet al., (1995), Beach and Smith
(2007), Dankert and Hein (2010), Jollelyal, (2007) and others that the basin experienced
more than one episode of deformation although Dardad Hein (2010) pointed out that
little regional-scale kinematic and structural gs& has taken place across the

Witwatersrand Basin despite more than 100 yeamsimihg of gold, (Manzet al, 2013).

The origins of the gold in the Witwatersrand Baisirstill a topic of ongoing debate with a
strong distinction between those who believe thHd g@s deposited with the conglomerates
at the time of sedimentation (placerists), and ehdgdrothermalists supporting the
epigenetic origin of gold, believing that the gal@ds hydrothermally introduced after the

sediments had been lithified (Mareti al, 2013). Despite these varied viewpoints, the most
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fundamental control to the gold distribution rensaithe association with quartz-pebble
conglomerates on intra-basinal unconformities. Téefs are laterally continuous, as a
consequence of the regional nature of the erosismdhces. Bedrock (footwall) controls
have also been established, these features arprated to control the distribution of many
of the reefs. Preferential reef development witthannel systems and sedimentary features
such as facies variations and channel frequensg absist in mapping out local gold
distributions. The identification and modelling thle sedimentary features within the reef

units and the linkage between is a key activityMioneral Resource estimation.
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2 Case Study

Sibanye is an independent, South African miningugravhich currently owns and operates
four underground and surface gold operations, nantbe Driefontein Operation
(“Driefontein”), the Kloof Operation (“Kloof”) andhe Cooke Operation (“Cooke”) in the
West Witwatersrand region and the Beatrix OperafiBeatrix”) in the southern Free State.
In addition to its mining activities, the Group csvand manages significant extraction and
processing facilities at its operations, which biemete the gold bearing ore mined. Sibanye
is the largest individual producer of gold from 8oéfrica and is one of the world’s 10
largest gold producers. In 2014, the Group prodé&d32kg (2013: 44,474kg) or 1.59Moz
(2013: 1.43Moz) of gold at an All-in cost of R37548kg (2013: R354,376/kg) or
US$1,080/0z (2013: US$1,148/0z) and invested RBiBrb(2013: R2.9 billion) in capital
at its operations (© 2015 Sibanye Gold annual tsp@015). Figure 2.1 is a location map

showing Sibanye operations.

Umpopo

Mpumalanga
North West ’
.
Kwals "
ulu-Natal
Free Swate = BUSHVELD IGNEOUS COMPLEX
Northern Cape Lesotho 4N CENTRAL RAND GROUP
s WEST RAND GROUP
DOMINION REEF GROUP
OTHER AND HISTORIC GOLD MINES
— m= SIBANYE GOLD LIMITED
Western Cape "WITWATERSRAND BASIN”

Figure 2.1: Sibanye location map (Sourcenttps://www.sibanyegold.co.za/operations,
2015).
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2.1

2.2

Project Location

Driefontein mine is situated between 70 and 80 lestwf Johannesburg at latitude 26°24’S

and longitude 27°30’E, near the town of Carletdevih the Gauteng Province of South

Africa. The site is accessed via the N12 highwayben Johannesburg and Potchefstroom.

Geologically it is located in the West Wits Golddief the Witwatersrand Basin. Figure 2.2

is a map showing location details of Driefonteimeni

REFERENCE

Figure 2.2: Project Location (Kloof report “modified”, unpublished, 2012).

Topography and Climate

Gauteng province, borders four of the following \pnoes: Free State, North West,

Mpumalanga and Limpopo. Topography is relativelt tind the vegetation of the area is

classified as Bankenveld consisting of grasslankichvis in good condition. Livestock

farming is widespread in the surrounding area ame@xtremes of climate are experienced

that affect mining operations.
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2.3 Local Geology

Driefontein mine is located in the West Wits Limat forms part of the Far West Rand of
the Witwatersrand Basin. This goldfield is dividedio an Eastern Section and a Western
Section separated by the Bank Anticline and assmtitaulting. The Driefontein mining
right is situated in the Western Section. Driefant®yncline dominates the structure of the
Western Section. The eastern limb of the synclips th a south-south-westerly direction
and the western limb in an east-south-easterlyctime. Gold mineralisation at Driefontein
mine is contained within three reef horizons: tharlion Leader Reef (“CLR”), the
Ventersdorp Contact Reef (*VCR”) and the MiddelviReef (“MVR”), which occur at
depths of between 500 m and 4 000 m. Figure 2.@slaoschematic 3D section through the

Driefontein mine ore body looking north.

plack Reef WEST RAND
GROUP

TRAL RAND GROUP

/ m VCR = MR m CL S/O = Sub-crop

Figure 2.3: Modified schematic 3D section throughfte Driefontein mine ore body
looking north. (Source: Kloof-Driefontein Complex KDC) — Technical
Short Form Report, 2010).

Stratigraphically, the CLR is situated 40 m to 70below the VCR and MVR, and is a
generally high-grade reef comprising different éascilt dips to the south at approximately
25 degrees. The CLR sub-crops against the VCRereéstern part of the mine. The west-

dipping Bank Fault defines the eastern limit oftbog¢efs. The VCR is most extensively
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2.4

developed in the east, and subcrops to the west.MWR is situated approximately 50m

above the CLR. The average gold grades vary wilibfticies changes in all of the reefs.

Sampling and Assaying

Within underground workings, exposures of the raeé channel sampled. Individual
channels are chipped from the stope and developmerking faces using a hammer and
chisel and the sample chips are caught using sgi@es. Driefontein mine’s stope and
development channel sampling interval standardsbareand 3 m respectively. Channels
are defined perpendicular to the reef plane antl saction’s position is fixed by offsetting
from survey pegs. The reef is segregated intolbtfioal units and is correlated between
sample sections, and individual samples of 10 -€r®5in length are taken to reflect the
internal geometry of the reef with not less thatDacm sample being taken on contact. The
sample weight taken is of the order of 300 to 508djacent samples spanning the hanging
wall or footwall contact may be taken to increase sample volume in the contact area,
where the grades are generally the highest and wao&ible. The sample sections are
digitised directly into the database, where thdiapwgalidity is checked. Quality assurance
and quality control (“QA/QC”) procedures are donme énsure sampling protocol is
maintained through planned task observations. FRoaimission of each sample into the
Gold Fields’ Integrated Resource and Reserve Sy6I®RIS”) database is only completed

following a series of checks and approvals by thei@&@ Evaluators.

Driefontein mine relies on in-house assay laboresoAll underground and surface samples
are dried, crushed, and pulverised and analysetf Ugie assay techniques. As part of
QA/QC procedures at the assay laboratory, blanlpkmnrepeat assays and inter-laboratory
programmes are used to ensure that the laboratmtesye to assay standards and protocols.
The laboratory is SANAS (South African National Aeditation Society) 1SO17025

accredited for “Determination of Gold via Fire Agsaith gravimetric finish” Method 001.
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2.5

2.6

The gold assay values from the laboratories ar¢ ikegdigital format in IRRIS. The long
mining history and the quantity and quality of ®h&a upon which the Mineral Resource
estimates are based are sufficient to support tinefsll Resource estimates as derived. The

IRRIS system is fully operational at Driefonteinnaiand provides an auditable trail.

Geological Model and Interpretation

Geological models are based on structural, gradesadimentological data. The structural
data are used to generate 3D models whilst thensedological, gold value and channel
width ("CW”) data are used to delineate the broagtiplogically homogeneous zones called
geozones. The geozones are used to constrainatigical and geostatistical analyses that
form the basis of the Mineral Resource estimatiooc@ss. The geological models are
validated in IRRIS, where resource blocking is atsoried out. All blocks are captured
according to the geological models and geozones.ré&source blocks are essentially zones
of geological homogeneity and stationarity (an imgat requirement for kriging), which
take cognisance of geological structure, reef tygemcies, value trends, data quantity and
distribution thereof, kriging results (includingi¢ing efficiencies and slope of regression
which will be discussed in more detail in Sectiod)3 infrastructure, mining method,

ventilation and rock engineering.

Resource Estimation

The Mineral Resource estimation process used ogf@riein mine is based on surface and
underground boreholes as well as underground chaan®les and is executed in 2D. The
mine is divided into various domains based on thgctiral and geological models which
are used as the basis for the homogenous geadstdtigbnes or geozones. Detailed
exploratory data analyses, including sample vaiion, histogram and cumulative
frequency plots for distributional analysis, additiconstant estimates, outlier checks, trend

analyses, and declustering are carried out on iohaiy geozones. The main interpolation
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methodologies used at Driefontein mine are Ordiramg Simple Kriging, with Macro

Kriging also being used to estimate grade in cerggozones. Sichel ‘t' estimates and
declustered averaging techniques are used for geezthat are predominantly based on
relatively few surface and underground boreholegoinjunction with peripheral mined-out
stope data. Detailed variography studies are chrot on point and regularised data.
Relative and traditional variograms are used foigikg purposes (on a number of
regularised block sizes). Log-point variograms ased only for lognormal change of

supports for grade tonnage grade curve calculations

29



3

3.1

3.1.1

Methodology and Theoretical Descriptions of
Estimation Processes

In order to obtain reliable estimates, there iseadnto combine relevant and good quality
data, competent geological interpretation and giraiate grade interpolation technique.
An interpretation of the available geological infation and data will lead to a dependable
representation of the mineralized deposit, its ggtoyrand the analysis of the grade data will
identify the grade distribution and the estimatimethodology. This industry practice in
resource evaluation was followed in the developnoérthe research. An assessment of the
guantity and quality of the data including statigtiand geostatistical analyses of the data
and the determination of the most appropriate gestanation methods was carried out.
Good quality data aspect was discussed in sectidnaBd the geological model in
section 2.5. This section will concentrate on thadg analyses, variography and the

estimation methodology.

Exploratory Data Analysis - General Process

Exploratory data analysis, (“EDA”) is a well-estahled statistical tradition that provides
conceptual and computational tools for discoveripgtterns to foster hypothesis
development and refinement. It is a critical fg&tp in analysing data in order to detect any
mistakes, checking of assumptions, preliminary ciele of appropriate models,
determining relationships among the explanatoryabées and assessing the direction and

rough size of relationships between explanatoryaridome variables.

Data Validation

The author was supplied with a Microsoft Excel spiheet containing chip sample data

from the CLR of Driefontein mine. An excerpt of tfie is shown in Figure 3.1.
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Figure 3.1: Excerpt of chip sample excel file used.

A total of 46 951 chip samples constitute the datakhe following data validation exercises

were undertaken;

The plotting of sample locations helps to facibtaasier visual analysis in order to check for
samples that may plot as outliers in terms of coatds. They also assist in looking for and
delineating trends as well as locating areas with tvalues and low values. Figure 3.2

shows the sample location plan colour coded in Augdé. In the southern portion of the

samples contained all the required data types farcatollar survey and assay

information;

Check for outliers in terms of spatial location;

Checks for duplicated chip samples and negativdegran the database;

Data checks for missing information — checks weesglento ensure each of the chip

Checks to determine if the samples were colleatant the same domain, “zone”.

location map, 8 samples did not have Work placeesaiff\WPNAME") and were therefore

removed from the database. Hence a total of 46s8d4%les were used in this study.
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Figure 3.2: Chip sample location plan colour codedn Au cm.g/t.

3.1.2 Statistical Analysis

Any given set of samples will give rise to a distition of values and statistics are used to
describe the properties of this distribution. A sidariety of theoretical distributions have
been described in statistical literature and twahesSe appear to be most applicable to the
observed distribution of geological data. Thesetheenormal and lognormal distributions
and they have been widely applied in Mineral Resewstimation. A number of statistics,
such as the mean, variance, standard deviatiomaidatistribution, lognormal distribution,
skewness and kurtosis may be used to describadtiddtion of sample values. Only some
of these are of significance in Mineral Resourdaregion and they will be defined before

showing how they are applied.

Mean
The mean (") is the most important measure of central tenglear@d is the average value

for the distribution. It is calculated by the fortau

3

n
=1

l

3|x
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wherex; comprises “n” independent measurements. The maaits@wn is obviously of
little value in describing a distribution. Whatnseded is some measure of how the values
are dispersed about this mean. The most useful uresagre the variance and standard

deviation which are closely related to each other.

Variance and Standard Deviation
The variance ¢*') quantifies the average variability of a set @flues about the mean of

that set of values and is calculated by:

B (x; — p)?
of = zﬁ

The term (x— p) %is used for two reasons. The term {xu) would sum to zero since
positive and negative deviations from the mean docéncel out and in subsequent
statistical use (x- ) 2is more useful than the modulus of £u) which is the unsigned
deviation from the mean. The standard deviatiast)(is merely the square root of the
variance and one or the other statistic is useé@sred by the circumstances. The standard
deviation is of great value in statistical analysesause:

1. It reflects the dispersion of values so that thealmlity of different sets of data may

be compared in terms of the standard deviation;
2. It permits the precise interpretation of valueswnta distribution;
3. It, like the mean, is a member of a mathematicatesy which permits its use in

more advanced statistical analysis (Ainslie, 1981).

Coefficient of Variation
The Coefficient of Variation (“CoV”) is a statistithat is often used as an alternative to

skewness to describe the shape of the distribulioa.defined as the ratio of the standard

deviation to the mean. It measures variability e data. In practice, high CoV values
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(CoVv>1.0) indicates the presence of some erratiyh lsample values that may have a

significant impact on the final estimates (Isaakd &rivastava, 1989).

The Normal Distribution
This is the most common theoretical probabilitytrilisition used in statistics. It is

completely defined by its mean and standard denatiThe general formula for the

probability density function of the normal distriin is:

e{(x_ﬂ)z/zo—z}

fx) = oV (2m)

Where " is the location parameter and™is the scale parameter. The case where0

andc = 1 is called the standard normal distributionisTdistribution has the form of a
symmetrical bell-shaped curve, see Figure 3.3.Aportant feature of this distribution is
that it is possible to calculate the probabilityttwivhich the value of a sample from a
normally distributed population will lie within apscified range. The equation for the

standard normal distribution is:

fx) = \/(27T)

{ : / 68.12% l i

Figure 3.3: Normal distribution curve (Source: http://civilblog.org/2014/05/11/what-is-
standar d-deviation-and-how-to-cal cul ate-it-with-an-example-calculation/ ,
2015).
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Lognormal Distribution
A lognormal distribution has a positively skewedweuwith a long drawn-out tail towards

the higher values. A variable,s lognormally distributed if (x) = In(x) with "In" denoting
the natural logarithm. The transformation of daithwhis kind of distribution into natural
logarithms results in a normal distribution. Thengeal formula for the probability density
function of the lognormal distribution is:
2
(ln(Jrcn—H) )

f(x) = e ) x =>0;mo >0

(x — 0)aV(2m) ¢

Where ‘6’ is the shape parameter and is the standard daviat the log of the distribution,
“0” is the location parameter and “m” is the scaleapeeter (and is also the median of the
distribution), see Figure 3.4. The mean and vadaf@ lognormally distributed data cannot
be calculated by using the equations given eabierause these statistics are unduly
influenced by the high values in the drawn-out tdithe distribution. Hence the equation
for the standard lognormal distribution is:

2
1 {(ln(x)) )

xo(2m) e

flx) = x=20;0>0

If x =0, thenf(x) = 0. The case whereé =0 and m = 1 is called the standard lognormal
distribution. The case whefeequals zero is called the 2-parameter lognornstidution.
Krige (1960) showed that data which did not fitstdistribution could be made to do so by
addition of a constan$] to each value of the data set. This is termedhhee parameter
lognormal distribution and data which has been sfi@med in this manner can be

manipulated in the same way as lognormal data.

35



P robability De nsity
Q
|

Figure 3.4: Lognormal distribution curve (Source
http: //Amww.engineer edsoftware.com/nasa/lognormal.htm, 2015).

Skewness and Kurtosis
A fundamental task in many statistical analysds isharacterize the location and variability

of a data set. A further characterization of theéadmcludes skewness and kurtosis.
Skewness is the degree of departure from symmétaydastribution. A distribution, or data
set, is symmetric if it looks the same to the &&ftl right of the centre point. A positively
skewed distribution has a "tail" which is pulled time positive direction. A negatively
skewed distribution has a "tail" which is pulledthre negative direction. The equation for

skewness is:

I(x; — w)?

Skewness = 3
no

(Wheeler, 2004)
A diagram showing examples of a negatively andtpaty skewed distribution is shown in

Figure 3.5.
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(+) Positively Skewed
Distribution

(-) Negatively Skewed

Distribution

Figure 3.5: Example of negatively and positively skwed distributions (Source:
http://mvpprograms.com/hel p/mvpstats/distributions/SkewnessKurtosis, 2015).

Kurtosis is a measure of whether the data are peaik#at relative to a normal distribution.
That is, data sets with high kurtosis tend to hedestinct peak near the mean, decline rather
rapidly, and have heavy tails. Data sets with lawtdsis tend to have a flat top near the
mean rather than a sharp peak. A uniform distrdsutivould be the extreme case. The

equation for skewness is:

Z(x; — w*

Kurtosis = 7
no

(Wheeler, 2004)

Diagram showing general forms of Kurtosis is shawRigure 3.6.

{+) Leptokurtic General
Forms of
{0) Mesokurtic Kurtosis

{Normal)

(-) Platykurtic

Figure 3.6: General forms of Kurtosis (Source:
http: //mvpprograms.com/hel p/mvpstats/distributions/SkewnessKurtosis, 2015).

The interpretation for skewness and kurtosis afelbsvs:
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3.2

e When skewness > 0 — This is a right skewed didiohuwith most values
concentrated on left of the mean and extreme vatuts right;

* When skewness < 0 — This is left skewed distributigth most values concentrated
on the right of the mean and extreme values taetitye

* When skewness = 0 — This implies that the thatiean is equal to the median and
the distribution is symmetrical around the mean,;

* When kurtosis > 3 - Leptokurtic distribution, sharphan a normal distribution, with
values concentrated around the mean and thicKer Tdiis indicates that there is a
high probability for extreme values;

*  When kurtosis < 3 - Platykurtic distribution istfler than a normal distribution and
has a wider peak. The probability for extreme valigeless than that for a normal

distribution, and the values are wider spread atdbha mean,;

When kurtosis = 3 - Mesokurtic distribution is gdanto a normal distribution.

Exploratory Data Analysis (EDA)

Preliminary analysis was performed on the entirégaskt by calculation of the main
statistical moments (mean, minimum value, maximatue, standard deviation, coefficient
of variation, skewness and kurtosis). The resutigpgesented in Table 3-1.

Table 3-1: Statistics from the sample file

Field NSamp Min Max Mean Var Stddev = Skewness Kurtosis CoV
Grade/cm.g/t 46 943 0.00 14 250.90 221885 5@F674 2250.84 2.00 4.77 1.01
CW/cm 46 943 1.00 0.62 26.07 347.40 18.64 3.62 123.8 0.71

The following observations are made from Table 3-1.:
* The mean value for cm.g/t and CW is 2218.85 craug 26.07 cm respectively;
* The values of skewness and kurtosis for cm.g/tZzaend 4.77 respectively. This
means that this is a Leptokurtic distribution whislskewed to the right. However,

Dr. Wheeler (2004) mentioned in his book, “Advathdepics in Statistical Process
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Control: The Power of Shewhart's Charts” that stias for skewness and kurtosis
simply do not provide any useful information beyotidt already given by the
measures of location and dispersion hence not neangphasis should be put on
skewness and kurtosis values.
The dataset has CoV values of 1.01 and 0.71 fog/crand CW respectively. These values
are within acceptable ranges. This indicates thatet are not a significant number of
extreme values. The samples are closely spacechwittanslates to a massive quantity of

values informing the distribution very well.

Histogram Plot
The purpose of a histogram is to graphically sunmeahe distribution of a univariate data

set. The histogram graphically shows the following:

e Centre (i.e., the location) of the data,;

» Spread (i.e., the scale) of the data;

» Skewness of the data;

» Presence of outliers; and

* Presence of multiple modes in the data.
A histogram of the population was constructed,igare 3.7. The data reflects a positively
skewed distribution which is expected for a golddgr distribution. It also supports the

results of the statistical analysis tabulated ibl&&-1.

Q-Q Plot

The gquantile-quantile (“Q-Q”) plot is a graphicaéchnique meant to compare the
distribution of a variable with a secondary digttibn (theoretical distribution or

distribution of an auxiliary variable). A 45-degreeference line is also plotted. If the points
depart from the straight line, then the assumettiloigion is called into question. The

greater the departure from this reference linegtieater the evidence for the conclusion that
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data set have come from populations with diffediatributions. A Q-Q plot of the dataset

was constructed, see Figure 3.8.

Nb Sanpl es: 46943

0.20 I M ni num 0.00 ]
Maxi mum 14250. 90 |]
Mean: 2218.85 |

Std. Dev.: 2250.84 \

0.15 |

0.10 |

Frequenci es

0.05 |

10000
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Figure 3.7: Cm.g/t histogram.

Type : QQ Plot ’>

10000 [

5000 |

L L L L L L | L L L L L L]
0 5000 10000

Gauss(me2218. 85; s=2250. 84)

Figure 3.8: Q-Q plot — cm.g/t.

Observation from Figure 3.8 shows that points @-& plot depart from a straight line and

that the distribution is skewed to the right.
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3.2.1

3.2.2

Witwatersrand gold has been shown to fit a threearpater lognormal distribution.
Professor Krige in 1960 extended the two paramlegmormal model to include a third
parameter or additive constafi),(thus adding enormous flexibility to the modetisuhat it
would accommodate almost any distribution of gaddlies as well as many other minerals
(Magri, 1983). Since there is an excess of low @sJly the addition of a constant to all the
samples the population will then be lognormal (®f0ofge, 1992). The next step was to
determine the best-fit distribution by calculatitige log values of the cm.g/t or consider
normalising the transformation. For the purpose tlof investigation, the data was

transformed using the Gaussian Anamorphosis (nosowak transformation).

Data Transformations

Transformations can be used to make the data mommatly distributed and satisfy
assumptions of continuous variability. Data transiations are performed before using
some geostatistical methods such as uniform camdénd for maps that require the normal
assumption. Quantile and probability maps from $ean@rdinary and Universal Kriging
methods require the normality assumption. Frequelmstyibutions of grades in the mining
industry are often skewed and contain outliers.dnelng on the amount of data available
and the number of outliers, the estimation of temisvariograms parameters may prove
difficult or near impossible. In such cases, Kragel Magri have shown that if the data set is
lognormally distributed then the log-transformatioh the raw data can substantially

improve the semi-variogram model.

Data Declustering

Often times the geological sampling programs areemirely spatially random and data
may have a high density of sample points near aahar. This may lead to a spatial
preferentiality among the data points. If data nef@rentially sampled when it is spatially

auto correlated, the resulting histogram from #a@gle may not reflect the histogram of the
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3.2.3

population. Hence the removal of potential bias‘declustering” the data is vital. The
declustering method assigns higher weights todhe tlensely populated sample points and
lower weights to the high density areas. The p®@sjusts the summary statistics to be
representative of the entire area of interest theremoving potential bias, for example one
area may have clustered sampled points comparethé&r portions (Deutsch and Journel,

1998).

Using the “Declustering” application in the Isatisftware package, the sample dataset used
in this study was declustered. To compute the wigighattached to a target sampiethe
number of samples inside a moving window centeredhés target sample were counted.
The weightw; is equal tomv/n wheremv is the mean of all the; inside a window. The
weight will be 1 when the number of points insiie moving window equals the mean of
the ni. This normalization allows the weights not to @ase with the number of data.
Following this, a low weight will be attached tesample which is inside a cluster while an

isolated point will get the maximum weight.

Gaussian Anamorphosis

The Gaussian Anamorphosis (normal score transfasmaivas used to transform the raw
variable, cm.g/t into a gaussian variable. Gausdiatributions are commonly used due to
their convenient statistical properties. The newss&n variable was created using the
empirical inversion method. The empirical inversicalculates for each raw value the
attached empirical frequency and calculates theresponding gaussian value. For

mathematical reasons this function can be convégiemitten as a polynomial expansion:

p(0) = > WiH, (V)

Where H(Y) are called the Hermite Polynomials. In practitteés polynomial expansion is

stopped to a given order. Using this technique, fangtion can be expressed in terms of
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Hermite polynomials (30 polynomials were used iis thcenario), (Baafi and Schofield,

1997).

Figure 3.9 shows the anamorphosis model which psesented with dotted lines when
outside the validity bounds called the practicdeimal of definition of the raw variable.
These bounds are the points where the model ismmget smoothly increasing. The absolute
interval of definition is represented as two honiad lines. The solid blue line represents the
cumulative solution of the hermite polynomials, erhinforms the Gaussian Anamorphosis,

and the block line represents the actual data.

15000

T
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T

5000

T

Gaussi an val ues

Figure 3.9: Anamorphosis plot — cm.g/t.

Histograms and Q-Q plots for the gaussian transédrdataset, Figure 3.10 and Figure 3.11

respectively were constructed for the cm.g/t values
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Figure 3.10: Gaussian plot — cm.g/t.
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Figure 3.11: Q-Q plot — cm.g/t.

It can be shown from Figure 3.10 (histogram modehss a normal distribution) and Figure
3.11 (model follows an almost linear trend) tha aussian transformed model is a good

approximation for the distribution.
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3.3

Geostatistical Theory

Geostatistics was defined by Matheron (1962), dnthe fathers of geostatistics, as "the
application of the formalism of random functionsth@ reconnaissance and estimation of
natural phenomena.” Sample grade, for example, nsgnalised variable because it is
distributed throughout a space. The variability tbé grade throughout that space is
described by a function called the ‘semi-variograffirough a process known as ‘kriging’,

samples in space and the semi-variogram are usedtitnate the mean grade of a point,
area, or volume. Kriging provides the best estin@téhe mean value of a regionalised
variable. It provides the Best Linear Unbiased raator (“‘BLUE”) of the grade without

consideration of the spatial statistics of all @stimates collectively. The focus is on local

accuracy as opposed to spatial continuity (DeugschJournel, 1998).

During kriging, each sample is assigned a samplghivdased on the distance allocation of
the block being estimated. A sample further awaynfthe centre of a block being estimated
is assigned a smaller weight than a sample claséind centre of a block. The weighted
samples are then linearly combined to give the bestmate. It is the ‘BEST’ estimate
because the procedure minimizes the expected ketwreen the estimated grade and the
true grade. Sample weights are calculated such tt@atvariance of the estimate is
minimised. That variance can be calculated usirgy ghmple positions and the semi-
variogram function. Having the estimation variarcextremely useful because it allows the

user to explore the risk or error attached to Sterate.

The basic tool of geostatistics is the semi-vaaowg. The geostatistical estimation of the
resources of an ore deposit is highly dependenthenquality and stability of the semi-
variograms of the sample grades (Champigny and #omg, 1990). Gold deposits
commonly show a skewed grade distribution. The Fegh grades at the tail end of the

distribution produce unstable semi-variograms #natdifficult to model. If these grades are
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3.3.1

cut to a lower grade value or removed, more stadigi-variograms are obtained. However,
outlier grades may make a deposit economicallylgjadnd their cutting or removal should
be treated with caution. That is the reason whyraasformation of the raw data is
performed, to reduce (but not to eliminate) the@fbf high grades. Semi-variograms of the

transformed grades are resistant to high gradeeaitind present a clear structure.

Stationarity

Regionalised variables are variables that areibliged throughout a space (Journel and
Huijbregts, 1978). For mining application, there &vo characteristics that are evident in a
regionalised variable. The first characteristia ical randomness that gives the impression
of a random variable. The second is a generaltsiral pattern that can be represented by a
function. The two can be interpreted probabilidcasing random functions. A sample’s
grade can be considered a particular realisaticm raindom variable. A random function is
all possible realisations of that random variaBlea point, a grade is considered a random
variable. However, a pair of points that are sejedray a distance are independent, but also
correlated through a certain spatial structure kn@as the semi-variogram. Because many
grade realisations would be necessary to defineradhdom function at a certain point,
certain assumptions must be made. One such assungancerns deposit homogeneity or
stationarity. Under strict stationarity, the splasiucture must be invariant under translation
(Journel and Huijbregts, 1978). That means the @gdemean of the random variable must
be constant in any location. In practice, quadietarity is assumed to exist. Under that
hypothesis, the spatial structure is assumed iantifor a limited distance known as the
range. The range can be rationalised as the liofita homogeneous zone in a deposit.

Variables separated beyond the range are considacedrelated.
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3.3.2 The Covariance Function or Variogram

The empirical variogram provides a description @ivithe data are correlated with distance.
The semi-variogram functiory(h), was originally defined by Matheron (1963) as hhl
average squared difference between points sepatatedistance,h. The terms semi-
variogram and variogram are often used intercharigeBy definition, the semi-variogram

y(h) is one half of the variograny).The semi-variogram is calculated as:

1
V) = s D (= 3

N(h)

whereN(h) is the set of all pairwise Euclidean distancesh = h, | N(h)|is the number of
distinct pairs inN(h), andz andz are data values at spatial locatio@dj, respectively. In
this formulation h represents a distance measure with magnitude Solpetimes, it might
be desirable to consider direction in additionigiahce. In such casdswill be represented

as the vectoh, having both magnitude and direction.

Considering a stationary random functidmith known mearm and variance?, the mean
and variance are independent of location, thahi{g) = m ando®(1) = o for all locationsu

in the study area (Gringarten and Deutsch, 20019.veriogram can also be defined as:

2y (W) =Var [Y() - Y(u+ W] =E{[Y(W) - Y(u+ M)]*} 1)

That is, the expected squared difference betweendata values separated by a distance

vectorh is the variogram.

Whilst the variogram is a measure of variabilitydancreases as samples become more
dissimilar, the covariance on the other hand isatissical measure that is used to measure
correlation (it is a measure of similarity). Cowante provides a measure of the strength of

the correlation between two or more sets of randarnates.

C(h) = E{[Y(W).Y(u + )] —m]} — m? )
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By definition, the covariance &t= 0, C (0) is the variance®. The covarianc€ (h)is 0.0
when the value$-apart are not linearly correlated. Expanding thease in Equation (1)
leads to the following relation between the semiiegram and covariance:

(r () = C(0) = C()orC(h) = C(0) —y (L) (3)

This relation depends on the model decision thatntiean and variance are constant and
independent of location. These relations are thandation for variogram interpretation.
That is, (1) the “sill” of the variogram is the iemce, which is the variogram value that
corresponds to zero correlation; (2) the corretabetweeny () andY (u + h) is positive
when the variogram value is less than the sill; é)dthe correlation betweevi () and

Y (u + h)is negative when the variogram exceeds the sile fidlationship between the

covariance function and semi-variogram is bessithated in Figure 3.12.

(&) * (b)
Semlvarlance ea) =
c(o) ¥E=C@ gy
: :
5 :
l Covarlance functlon € o]0
o =i o wflie- h
o Separationdstance h o Range

Figure 3.12: Relationship between the covariance fiction and semi-variogram
(Source: http://inspirehep.net/record/1189977/plots, Gentile et al., 2013).

The covariance structure can be anisotropic, meathiat there can be many different
covariance functions that describe the covariatwetsire along different orientations. For
example, variables spaced in the horizontal dimectinight follow a certain covariance

function, while those spaced in the vertical di@timight follow another.

The main goal of a variogram analysis is to comsteuvariogram that best estimates the

autocorrelation structure of the underlying stoticgsrocess. Most variograms are defined
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3.3.3

through several parameters; namely, the nuggettefédl and range. The nugget effect
represents microscale variation or measurement.entois estimated from the empirical
variogram as the value ¢fh) for h = 0. At a separation distance of zero, two varsiblave
the maximum covariance,CThe corresponding variogram valu€0) = 0, meaning that the
variance of two variables located at the same psietjual to zero. The variogram function
is discontinuous in that at a very small separatistance, the variogram function equals a
certain value known as the nugget value. The nugglet is caused by measurement errors
and micro variability in mineralisation (Journel darHuijbregts, 1978). It is a local
randomness that is similar to the ‘white noiseotier phenomena. The sill represents the
limy_ y(h) which representthe variance of the random field. The range isdiséance (if

any) at which data is no longer auto correlated.

Calculating Semi-Variograms

When a drill hole or channel sample is taken ortimadjy to a horizontal bench or vein, the
graded sample grade is found by integrating thelegraver the intersection length and
dividing by the length (Journel and Huijbregts, 827n the discrete case, that amounts to
calculating the weighted average grade (with resgelength) over the vein thickness. The
regularizing process decreases the overall gradabiliy. Intuitively, that makes sense.
Considering a drillhole that is sampled at one mattervals, those samples have a certain
variance. In a gold deposit, the grades might apmegatic. If the samples are then
composited (averaged) over five metre intervals, Mariance of the composites will be less
than the variance of the one metre samples. Irir @tbeds, the composite grades will appear

to be less erratic than the one metre samples.

Spatial variability of the dataset was assesseagusemi-variograms. All semi-variograms

used in this research will be modelled by spheseahi-variograms of the form:
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3h 1 (hy\}’ -
y(h)={co[§a_o_§ (a_o) ], forh < qq

Co» for h>a,

Semi-variogram calculation and modelling was perfed on the gaussian transformed
dataset using Geovariances Isatis Software. An -@inectional experimental semi-

variogram for the dataset was constructed, seed-gjd3.

CMGT_GAUSS

Vari ogram :

L L L L L L L
0 100 200 300 400 500 600 700

Di stance (n)

Figure 3.13: Omni — directional experimental semi-ariogram model for cm.g/t.

Observation from Figure 3.13 shows that the expembad semi-variogram structure is well
developed and has a long range. However, the nuejfgstt is high (approximately 50 %

nugget to sill ratio) which is expected for a galeposit. Using OK estimation technique
with a poor semi-variogram model may produce wasemates than the other simpler
methods and is most successful when anisotropyoseply described and when the semi-
variogram is locally customised (Isaaks and Sraazest 1989). Therefore it is very important
to make sure that the anisotropy is properly measuHence, anisotropic tests on the

dataset were carried out.
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A variogram map, a tool in Isatis software packagas constructed to determine whether
the dataset is characterised by isotropic (ommetional) or anisotropic (directional)
behaviour. The anisotropic semi-variance surfacévariogram map” provides a visual
picture of semi-variance in every compass directiime software displays the results as a
map illustrating the Gamma values in each lag &mhesector by means of a colour scale.
This is usually done along each of the three pynpdaines (XY, YZ, and XZ). However, in
the case for this study, this was done along thepkYies. This therefore allows one to more
easily find the appropriate principal axis for adfig the anisotropic semi-variogram model.
A transect in any single direction is equivalenthe semi-variogram in that direction: the
surface (Z-axis) is semi-variance. The centre ef tiap corresponds to the origin of the
semi-variogramy(h) = O for every direction (Isaaks and Srivastava, 1988 &oovaerts,

1997).

Based on the visual assessment of the map, semgvams from several directions were
selected to look at the quality of the structuréhie semi-variogram, and further assess the
anisotropy. An analysis on the spatial continuitythee gaussian variable, cm.g/t in all the
directions of the space in a 2D view was done bl e possible anisotropies, see Figure

3.14 . The variogram map is displayed using a égmasentation.
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Figure 3.14: Variogram map plot for Gaussian cm.g/t

Specific directions (N40°, N50° and N60°) highlight from this variogram map were

extracted and their corresponding experimental semograms displayed. Directions N50°

and the direction orthogonal to this plane, N14Q®revused in the calculation of the

experimental directional semi-variogram model. Feyw.15 shows the fitted semi-

variogram models for cm.g/t gaussian transformed fita directions N50°, (left) and N140°

(right), across and along strike respectively.
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Figure 3.15: Fitted semi-variogram models for cm.g/gaussian transformed data for

directions N50 (left) and N140 (right).
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Transformed estimates are rarely needed, so attatsform is used to restore the estimate
to some meaningful value. Like the original tramsfation, the back transform does need to
have an actual analytical expression; it could bgraphical procedure or any other
consistent and repeatable method for restoringréimsformed estimate to an estimate of the
original value (Isaaks and Srivastava, 1989). Tdmaisrariogram model (Figure 3.15) was
then back transformed from the gaussian cm.g/t antbscretized semi-variogram (Figure
3.16) using the already saved anamorphosis funcaoulated during the transformation of
the raw cm.g/t into the gaussian cm.g/t as expthinechapter 3.2.3. The raw variable (Y)
and the gaussian variable (Z) are linked by thied¥ohg anamorphosis function phi:
Z = phi (Y)

The semi-variogram value was calculated from thedehdor each lag and, using the
anamorphosis function, the associated raw semogem value was deduced and

experimental semi-variograms fitted with theordtioadels.
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Figure 3.16: Cm.g/t back transformed fitted semi-vaogram model.

The following observations were made from Figus3and Figure 3.16;

* The experimental semi-variograms are robust andisireictured and therefore easy

to model;

* The models fitted onto the experimental semi-vaaaots are reasonably robust;
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* The ranges are long indicating grade continuityaftmnger distance;

* The nugget effect is rather high which indicateghhgpatial dependence. Therefore
at small distances, the variable exhibits a ralivrdegree of continuity suggesting
a high spatial variation at small distances. Thisypical of what is expected in a
coarse gold deposit;

* The semi-variogram model also shows that ther@igand in the dataset because it
stabilises at the population variance. It also shtvat it is extracted from the same
domain i.e. the data have second order stationdritg semi-variograms also show
that there are different sills in different direets. This is common in a channelized

environment.

Table 3-2 shows details of the semi-variogram maukelameters for cm.g/t used for
estimation.

Table 3-2: Semi-variogram model parameters for cm/g

Range 1 Range 2 Range 3
Zone Strike Nugget  Sill1 X Y Sill 2 X Y Sill 3 X Y
All 50 3335010 937042.5 43.99 43.99 502345.7 1B7.3147.2 216331.7 650.06  1049.73

Due the high variance values recorded, the dataneasalised such that the total variance
equals one. Table 3-3 summarises the normalised\seiagram parameters used in the
estimation process.

Table 3-3: Normalised semi-variogram model paramets for cm.g/t

Range 1 Range 2 Range 3
Zone Strike Nugget Sill 1 X Y Sill 2 X Y Sill 3 X Y
All 50 0.66824 0.18776 43.99 43.99 0.10066 187.3247.2  0.0433 650.06 1049.73

The modelling of the short range structures adedyaeflects the continuity seen in the
experimental data, and the longer ranges modelléchave little impact on the quality of
the resource estimates. The semi-variograms iredg@aatial continuity of 44 m along and

across strike.
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3.4

3.4.1

Quantitative Kriging Neighbourhood Analysis

As the data locations become farther away fromlabation where the value is unknown

they may not be as useful when predicting the valuan unmeasured location. At some
distance, the points will have no correlation witle prediction location and it is possible
that they may even be located in an area muchreiftethan the unknown location.

Therefore it is common practice to specify a seareighbourhood that limits the number
and the configuration of the points that will beedsin the predictions. There are two
controlling mechanisms to limit the points usedmed, specifying the shape of the

neighbourhood and establishing constraints on twetg within and outside the shape. For
estimation methods that can handle any number afbyesamples, the most common
approach to choosing the samples that contributing¢oestimation is to define a search
neighbourhood within which all available sampledl & used. The search neighbourhood
is usually an ellipse centered on the point besigrated. The orientation of this ellipse is
dictated by the anisotropy in the spatial contyisaaks and Srivastava, 1989). Therefore,
defining a search neighbourhood within which alkbitable samples are used is very
important. The ellipse will be oriented with its joraaxis parallel to the direction of

maximum continuity.

Quantitative Kriging Neighbourhood Analysis (“QKNA’is a quantified approach to
choosing the search neighbourhood in a krigingreste (Vanret al.,2003). In this study, it
was used to calculate the maximum number of samdesl as well as the number of

discretization points used for each block size.

Sample Number Optimisation

A study to determine the maximum number of sampdse used in an estimate was done

using QKNA exercise. In their paper titled. “Quaative Kriging neighbourhood analysis
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for the mining geologist - a description of the hoet with worked case examples”,
(Vann et al., 2003) state that, the criteria tostder when evaluating a particular kriging
neighbourhood, in the order of priority used inqgbice are:

e Slope of regression, (“SLOR”) of the sample data®as. the estimates;

* Weight of the mean in simple kriging;

* The distribution of kriging weights (including tipeoportion of negative weights);

» The kriging variance (“KV”);

* Percentage blocks filled;

Mean of the estimate vs. mean of the sample data.
The slope is given in terms of the covariance &wedvariance of the estimated blocks by the
expression:

zr Cov(Z,Zy,)
Z  Var(Z,)

where:

Z" | Zis the slope of the regression

Z, is the true block grade

Z, is the estimated block grade

QKNA was run for a range of increasing sample numéee Figure 3.17. It shows a plot of
the SLORs, kriging efficiencies and estimation &aage done on a 30x30 m block size using

a quadrant search. The equation used to computeitheg efficiency is:

E_BV—KV
KV

WhereKE = kriging efficiency,BV = theoretical variance of blocks within the domains
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3.4.2

QKNA Sample Numbers 30 x 30 Blocks
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Figure 3.17: QKNA sample number optimisation graph

Ideally, the SLOR, -g) should be very close to 1.0 and thus implying dibonal

unbiasedness. In these circumstances, the truee gpdda set of blocks should be
approximately equal to the grade predicted by tigeld estimation (Vanet al, 2003). For

the purpose of this exercise, the writer chose @ 2 for the minimum and maximum
number of samples respectively to be used for ®38 m block size because further
increasing the number of samples will not signifitaincrease the SLOR and KE (the line

graphs flatten) thus causing over smoothing inréiselting estimates.

Block Discretization Number Optimisation

Vann et al., 2003also state that the discretization in block krigia used to calculate the
point-block average values of variogram (or covar& functions, i.ey(x;, V) or C(x;, V).

If the estimation consists of producing the optirmatrage value of a variable over a target
block (v), the average covariance between the data pointhenthrget cell i.eC(v,V), as

well as the average covariance of the cell €g7,V), have to be calculated. A block is
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3.5

regularly discretized according to the number stdtization points along X, Y and Z. The
points are randomly and independently moved alony And Z. The moving distance in a
direction is smaller than the size of the blocknglthe same direction divided by twice the
number of discretizations along this direction. §éenoved points are used to compute
C(v,V) andC(V,V). Calculations for each discretization were doneesas times, moving
the origin of the discretization grid each time.cAaing to Vann et al., 2003 stable results
indicate that the discretization is adequate. EgBrl8 shows a graph of the impact of

discretization on the resulting rangeGi, V) values.

Covariance vs Discretised 30 x 30 Blocks
1050000

1045000
1040000
1035000
1030000

1025000

Covariance

1020000
1015000
1010000 n n - -
1005000

Discritisation

M Covariance between Z and Z*

Figure 3.18: Graph showing sensitivityof C(V, V) to block discretization.

Observations from Figure 3.18 show that the vagdoc results, plotted on the Y-axis does
not show significant continuing downward trend bey@bout 5x5 m and 6x6 m. However

for the purpose of this study a discretization eadfi5x5 m was chosen.

Geostatistical Estimation

Numerous authors have discussed the fundamentgksostatistics in detail such as Deutsch

and Journel, 1998 and Isaaks and Srivastava, I®8@®statistical estimation can be defined

58



3.5.1

as the prediction of the value of an attribute do@ation at which it is unknown from
measured values of that characteristic at a nurab&nown locations through a function
defining the spatial correlation between valueshidp2010). Both kriging and simulations
have had much theoretical development and are desdcribed in most geostatistical
literature and are mostly used in the mining indud¥lost geostatistical methods rely on the
assumptions of stationarity, which is seen as #wstbn to pool data within a given area or
domain. Making proper decisions about stationasityery important as they are critical for
the representativeness and reliability of the gdissical tools used (Deutsch and Journel,
1998). Samples from geozones or domains of sing&wlogy i.e. rock type, chemical
characteristic, structure, grade are grouped tegefdividing a dataset into areas that are
acceptable with regards to stationarity is themefessential in geostatistics (Isaaks and

Srivastava, 1989).

Kriging

Geostatistical interpolation (“kriging”) was devpkx by Matheron, a French mathematician
in the early 1960s based on the Master's thedzaafe G. Krige, the pioneering plotter of
distance-weighted average gold grades at the Watataind reef complex in South Africa. It
provides the best linear unbiased prediction faatiagly dependent properties based on
assumptions on covariances (Journel and Huijbrég8; Vieiraet al, 1997). Kriging
predicts the value of a function at a given pointcomputing a weighted average of the
known values of the function in the neighbourhoddhe point. It makes use of Gauss-
Markov theorem to prove independence of the estimaatd error and has therefore been
frequently used for the spatial interpolation oheral deposits (Sousa, 1989). However, the
great variability on ore concentration in conjuantiwith sparse sampling may mask the

spatial dependence (Journel, 1983).
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OK is the form of kriging used mostly because itrkgo under simple stationarity
assumptions and does not require knowledge of thann{Chilés and Delfiner, 2012). A
kriged estimatez* of the grade of a given block is the linear comlbion of available
sample gradeX, which satisfies the following conditions:

I.  The estimate must be unbiased, whatever the trk@own mean grade of the
deposit may be. That is, on average the estimaafaes will equal the unknown
values — “stationarity”. There should be no driftiend; and

ii.  The estimation errors (Z-Z*), the estimation vacgenwill be as small as possible —
Normal distribution.

Because of its weighed moving average, the krigimgghod resembles the interpolation
method, but, since it determines the weights adogrio the spatial analysis provided by the
experimental semi-variogram, it diverges from timape linear interpolation and Inverse

Square of distance methods. The kriging estimatpplées unbiased estimations, that is, on
the average; there is no distortion between thenastd and actual values of a same point.
Another important characteristic is the minimumiaace, which means that, although there
may be differences between the estimated and nmeshsatues from point to point, these

differences are very low. As a linear estimatokriging procedure may be represented by
the weighed linear combinations of measured data moving average that considers a
variability structure of the measured variable, resped by the semi-variogram and by the
localization of known values (Porto de Carvakstoal, 2004). In this concept, the points

closest to the position that will be interpolatead/é& a major weight in relation to the most

distant ones. The kriging estimator is formulatedalows:

N
2 () = ) % Z(x)
i=1

where N is the number of measured valdgs) used in the prediction, arid is the weight

associated to each measured val(xg.
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3.5.2 Dynamic Anisotropy Application on 30x30 m Block

Using Datamine Studio 3 software, digitized strimgge used to define the orientation (the
direction of best continuity) of the mineralisatitrend. The string file was input to the
ANISOANG process command in Studio 3 to createa@nts” file. Figure 3.19 shows the

points as arrows and each “arrow” is a locallyripteted “direction”.
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Figure 3.19: Orientation of mineralization plot.

A 30x30 m block model for the research area wasmgeed. Using the “ESTIMA” process
in Studio 3, the circular IPD method of interpabatiwas used to interpolate the dip

direction data into the block model. The DA optionStudio 3 allows the anisotropy
rotation angles for defining the search volumedalbfined individually for each cell in the
model. The search volume ellipse was oriented gpegciand followed the trend of the
mineralization. Since the estimation process wagedno 2D, the dip was set at 0, and only

the dip direction was defined. The final step wagrterpolate the grade into the block

model using the DA option in Studio 3, this timengsthe DA angles for the blocks instead

of a set search ellipse.
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3.6

During the estimation process, the space aroundeht&re of a block being estimated was
divided into four quadrants by the axial planeshaf data search ellipsoid. This parameter
ensured that the samples informing an estimate wadadively evenly spread within the
block. At least four quadrants had to be filleddsefa local estimate was carried out. For all
estimates, a quadrant search was carried out @simgnimum and optimum number of
samples per quadrant of 2 and 9 respectively wiiseretization pattern of 5 (X) by 5 (Y)
by 1 (Z2) points used. The final search neighboudhparameters used in the estimation
process and based on the semi-variogram modeksctios 3.3.3 are summarised in Table
3-4.

Table 3-4. Search parameters for cm.g/t

Search Range (m) Number of samples
Variable u \Y Min Max
cm.g/t 45 45 8 36
Domaining

Grade domaining constitutes a common practice enntimeral industry as it may increase
the dispersion of the estimation errors and provakeonditional bias in the resource
estimation. Even though results from the variogramalysis discussed in section 3.3.3
indicate that the dataset was extracted from thmesdomain and have second order
stationarity, another study was performed to fint whether domaining would improve the

quality of resource estimates from the 2 methods&frpolation. Hence, the dataset was
domained using the mineralisation trend as a gtodsplit it into the various zones. Two

scenarios of domaining based on mineralisatiordtveere implemented:

» First scenario, the data set was split into 3 zoses Figure 3.21; and

* Second scenario, where the dataset was split inbm&s, see Figure 3.20.
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3.6.1 Statistical Analysis on Domains

The statistical results for the domains are preskmt Table 3-5.

Table 3-5: Zonal Statistics

ZONE FIELD NSamp Min Max Mean Var Stddev CoV

1 cm.git 9512 0.00 14 222.00 2242.64 4844 673.93 201206 0.98
cw 9512 2.00 210.00 19.72 318.05 17.83 0.90

5 cm.git 18 900 0.00 14 200.42 2314.71 5065 762.80 2 250.72 0.97
cw 18 900 3.00 220.00 24.80 288.89 17.00 0.69

5 cm.git 18 531 0.00 14 250.90 2108.88 5158822.36 2271.30 1.08
cw 18 531 1.00 210.00 30.63 378.98 19.47 0.64

A cm.git 16 018 0.00 14 222.00 2350.32 5049 761.13 2 247.17 0.96
cw 16 018 2.00 210.00 18.55 231.80 15.23 0.82

5 cm.git 30 925 0.00 14 250.90 2150.76 5061258.36 2249.72 1.05
cw 30 925 1.00 220.00 29.97 362.79 19.05 0.64

The following observations are made from Table 3-5:

Zone 2 has the highest mean value of 2314.71 fog/tmvhen compared with Zone

1 and 2 whilst Zone 3 has the highest average CQwé\a 30.63;

Zone 3 has the highest CoV value of 1.08 indicaitifigas a higher variability when

compared with the rest of the other zones.

When comparing the CoV value of the dataset thatotsdomained in Table 3-1

which is 1.01 it is observed that it is lower thhe values observed for zone 3, 1.08

and zone 5, 1.05. The CoV values for zones 1, 24ahdve reduced slightly when

comparing with the un-domained dataset.

Referring to results shown in Figure 3.21, Figui203and Table 3-5 it can be deduced that

domaining will not help in reducing variability e dataset. This can be attributed to the

fact that the samples are closely spaced and kiegent variability of gold values.

Histogram Plots

Histograms of the samples in the zones were caristiusee Figure 3.22. As is expected

and similar to the un-domained data, the data envifrious zones all reflect a positively

skewed distribution.
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Figure 3.22: Cm.g/t histograms for domains
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3.6.2

The data reflects a positively skewed distributiwhich is expected for a gold grade

distribution.

Variogran Analysis on Domains

Data in the various domains was declustered, toam&fd and semi-variograms generated
and modelled. Figure 3.23 to Figure 3.27 showsntloeelled semi-variogram models for
cm.g/t gaussian transformed data for directions °Nfeft) and N140° (right). The

variogram maps and the fitted semi variogram modedxk transformed) are shown in

Appendices A and B respectively.
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Figure 3.23: Fitted semi-variogram models for cm.g/gaussian transformed data for
directions N50 (left) and N140 (right) for Zone 1
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Figure 3.26: Fitted semi-variogram models for cm.g/gaussian transformed data for
directions N50 (left) and N140 (right) for Zone 4

ZONE 5

T T
1.00 2 LNSO pmpeacttee  INLAO
D o1 | 13 ‘ ]
: g |
g 050 | 1 € os0t .
I IS
[ S
o i o
g 025 | 1 & o025 :
| | | | | | i | | | | | |
0.00 100 200 300 400 500 600 0.00 0 100 200 300 400 500 600
Di stance (m Di stance (m

Isatis
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3.7

Similar results are observed for the fitted semiegram models in the various domains
when compared with the undomained dataset. Theriexpatal semi-variograms for all the
zones are also robust, well structured and thug teasiodel. The models fitted well to the
experimental semi-variograms. Generally, the rarageslong for all zones indicating that
the grade continuity is very high. Table 3-6 andl€a3-7 shows details of the semi-
variogram model parameters and the normalised sarmogram parameters for cm.g/t used
for estimation in all the domains.

Table 3-6: Domain semi-variogram model parametersar cm.g/t

Ranges 1 Ranges 2 Ranges 3
Zone Strike Nugget Sill1 X Y Sill 2 X Y Sill 3 X Y
1 50 3219961 693217.6 29.45 20.45 725603.4 87.75 .7595 298901 250.69  180.69
2 60 3731880 821588.7 50.08 63.85 265428.6 185.7722.008 143051 680.91 120.27
3 50 3274694  722830.6 58.42 63.42 492697.5 150.4%0.4& 363665.3 308.79  460.79
4 50 3132192 833827.6 28.67 31.67 655931.2 91.32 .3291 358071.2 703.19 273.19
5 50 3425603 7346737 59.96 65.96 575797.4 154.8714.81 206123.4 385.37 485.37

Table 3-7: Domain normalised semi-variogram model grameters for cm.g/t

Ranges 1 Ranges 2 Ranges 3
Zone  Strike Nugget Sill 1 X Y Sill 2 X Y Sill 3 X Y
1 50 0.65212  0.14039  29.45 20.45 0.10066 87.75  595.7 0.0433 250.69  180.69
2 60 0.75210  0.16558  50.08 63.85 0.14695 185.77 0082. 0.0605 680.91  120.27
3 50 0.67465  0.14892  58.42 63.42 0.05349 150.48 .4850 0.0288 308.79  460.79
4 50 0.62895  0.16743  28.67 31.67 0.10151 91.32  291.30.0749 703.19 273.19
5 50 0.69313  0.14865  59.96 65.96 0.13171 154.87 .8114 0.0719 385.37  485.37

The following can be deduced from Table 3-6: Zonbdaé the longest range in the X

direction meaning that the grade continuity is gjliigh in comparison with the other zones.

Optimal DA Resolution Determination

In order to determine the optimal DA resolution fgiade estimation improvement, the
estimation process was executed on various bloclemmange of different resolutions
which include; 30x30 m, 60x60 m, 120x120 m and 24@xm grids for both estimation
technigues, DA and OK. The resulting estimates wega compared against each other; see

Section 5 for results and discussion.
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41.1

Results on 30x30 m Block Estimates

Validating the Estimates
A number of checks were conducted on the krigirsplte to validate the estimates. The
block estimates were validated against the inputpmsite sample “source” data using the
following methods:

* Global statistics;

* Visual inspection of regularised block estimateaiagf composites of the drillhole

intersections;
* Swath plots; and

» Scatter plots of block estimates vs the averagekblalues = “Actual”.

Global Statistics

The estimates were validated against the source lofatcalculating and comparing the

global statistics of the sample data, and the eséisnproduced by DA as well as estimates
produced by OK interpolation techniques. Table ghaws the global and local statistics for
comparison purposes.

Table 4-1: Global and local statistics

Variable NSamp Min Max Mean Stddev CoV Diff with cm.g/t-sample
cm.g/t-sample 46 943 0 14 250.90 2218.85 2250.841.01

OK estimates 2795 4.94 7742.17 2114.07 1 062.990.50 -4.72%

DA estimates 2795 4.94 7701.44 2 116.57 1 064.610.50 -4.61%

The following observations are made from Table 4-1:

« The block estimate average grades are slightly iawan the average grade for
sample data with percentage differences of 4.72n% 461 % for OK and DA
estimates respectively;

e The estimates calculated using DA interpolatiommégue have a mean that is closer

to the mean of the sample data. However, the agegagdes calculated by both
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estimation techniques are comparable with value21d#.07 and 2116.57 for OK
and DA estimates respectively;

* The CoV values for the both estimates have halvéd walues of 0.50. This is
consistent with literature that states that krigimgooths data due to the reduction in

variability of the data.

4.1.2 Visual Inspection of Plots

In this method, the block estimates and compositespresented as a plot for comparison
purposes. The sample data was declustered, a prabésh adjusted the full data set to give
a more representative and evenly spaced set ofleam@hen the average value of all
samples within the regular 2D grid cell was caltada The sample data (plotted as points)
and block estimates are then plotted on the santespperimposed on each other and colour

coded with the same legend for cm.g/t, see Figure 4

The visual comparison plots show that the colouwlirug of the sample data closely matches
that of the block estimates for both estimationhitégues, which indicates that grade
distribution of the composites compares well witle observed distribution in the block
model. However, it is difficult to determine whiamethod of estimation is better using these

plots.
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4.1.3 Swath Validation
The block model estimates were also validated agaire composites by swath analyses.
Swaths are perimeters generated with a spacind ah,7equivalent to the section lines
along strike of the mineralized zone (Figure 42ample composites and block model
estimates within each swath were extracted andntean statistic compared with the
expectations of close correspondence between thedts of data. The results of the swath

validation for cm.g/t sample data and block mod#&l @nd DA estimates are shown in

Figure 4.3.
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Figure 4.3: OK estimates and DA estimates vs. sangptlata swath plots.
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4.1.4

Observations made from Figure 4.3 show that therani expected degree of smoothing
evident in the grade estimates for both methodsntdrpolation. Generally there is a

relatively good correspondence between the swatlanmeomposite grades and the
respective block model estimates. The OK and DAmedes graphs tend to follow the

sample mean grade values quite well. However, tleeen under estimation as shown in
swaths 3, 4, 5 and 6 in Figure 4.3. It is obsead there are a low number of samples in
these areas. This can be explained as followshitje value samples were not used to
inform the estimates in the unsampled areas duhiegnterpolation process because of the

low range values and search orientation of theogaam model used during the process.

It can also be observed that using the swath pdotketermine which one of the estimation

methods is better is quite difficult.

Scatter Plots

The estimates calculated from both the DA and Ot¢rpolation processes were also
validated against the sample data using scattés.plbe sample data was regularised where
the average value of all samples within a grid oélBOx30 m in X and Y directions were
extracted and the mean statistic compared withespanding block model estimate with
similar block 1JK values. The IJK field in a blogkodel is an index value giving the
location of the parent cell for each cell or subcélll subcells in a parent cell have the same
IJK value. Scatter plots showing the relationshgwieen the block model estimates, and
sample data are shown in Figure 4.4. The strengthdirection of the linear relationship

between them were determined and the equatioredirté that best fits the data calculated.
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Scatter Plot of CMGT OK Estimates vs Samples
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Figure 4.4: OK estimates (above) and DA estimatebélow) vs. sample data scatter
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A linear regression fit was applied using the mdthbregression analysis. The author used
the “linear regression” function in EXCEL softwaspreadsheet which provided a biased fit
of the data between the sample data and estimEtesteason for this is that the software
assumes one variable is independent (samples)handther is dependent (estimates). The
underlying assumption is that the independent bigs precisely known while the output

is not.

Regression analysis generates an equation to deghe statistical relationship between one
or more predictor variables and the response Maridlne formula for the best-fitting line
(or regression line) ig = a + bx wherex is the slope of the line and™is the y-intercept.
The y-intercept is the value on the y-axis wheeelihe crosses. The regression lines for the
graphs in Figure 4.4 were calculated and are &sis)

y = 0.736x+580.85 ...........................for sample data vs OK estimates

y = 0.737x +578.79 ...........................for sample data vs DA estimates
Wherex is the sample data agds the estimate.
When x=0, y = 580.85 for OK estimates and 578.79 D& estimates. However, the

intercept is not considered in evaluating the pentnce of the estimator.

The slope for both methods of interpolation is pesiand is 0.736 and 0.737 for OK and
DA estimates respectively. This indicates that ésémates calculated from both types of
interpolation processes are similar, implying tiditen the sample grades increase by a
factor of 1, the value of the corresponding estesancreases by a factor of 0.74 and a

larger constant has to be added ~ 580 cmg/t fdr B#t and DA estimates.

The correlation coefficient, R measures the prenisstrength and direction of a linear

relationship between two quantitative variablesaoscatterplot. It's a statistical measure of
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how close the data are to the fitted regressioa. lihis also known as the coefficient of
determination. It is the percentage of the respmasmble variation that is explained by a
linear model. The value of R is always between rd al. The following observations are
made from Figure 4.4:

* There is a positive and strong linear relationdigfween the sample composites and
estimates produced by both interpolation methods;

* The relationship between samples and DA estimaesiuch stronger with a
correlation coefficient value of 0.889 in comparigo an R value of 0.886 which is
recorded for OK estimates. However the percentafference between the 2
estimation techniques is quite small, 0.003.

Therefore, this indicates that the application & Bstimation technique in 2D over the
30x30 m block model does not have a significantactpon improving the quality of

estimates.
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Discussion

Domains for 30x30 m Blocks

Estimates were also calculated separately on theugadomains discussed in Section 3.6.

Although the estimates were calculated inside tirel lhoundaries of the various domains,

these estimates were validated against the sowatze iy calculating and comparing the

global statistics of the source data for the emtamset.

Table 5-1 shows the global and local statisticctomparison purposes.

Table 5-1: Domain global and local statistics for @ m by 30 m blocks

Diff with
Zone Variable cm.g/t NSamp Min Max Mean CoV Sample cm.g/t
Sample 46 943 0 14 250.90 2218.85 1.01
ALL OK estimates 2795 4.94 7742.17 2114.07 0.50 72%.
DA estimates 2795 4.94 7701.44 2116.57 0.50 1%.6
OK estimates 2795 4.53 8 194.09 2110.70 0.50 87%.
4ands DA estimates 2795 4.53 8 194.05 2113.41 0.50 5.7
OK estimates 2795 14.80 777252 2120.27 0.50 4494
Lzand3 DA estimates 2795 9.58 7 501.72 2119.53 0.50 8%4.4

The following observations are made from Table 5-1.:

* The average block estimate grades calculated usitly estimation methods are

slightly lower than the sample data meaning thateths an overall under estimation

in the blocks. However, the percentage differermesless than 5 % and so are

within acceptable levels;

e Comparing results from the estimates calculatethiwithe domains; it is observed

that splitting the data set into 3 zones, givesreges with average mean values that

are closer to the average sample mean for bothauetbf interpolation. The value

of OK estimates in the domain with 3 zones, 212@27g/t is closer to the average

of the sample values, 2218.85 cm.g/t. Howeverctmverse is true when comparing

the results for the domain that was split into e
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Domaining the dataset into the 3 separate zonegalodlating the estimates within these
zones seems to actually “improve” the estimatesatoertain extent when just global
estimates are considered. This observation postuldiat even more detailed domaining
would again continue to improve estimates. Refgrtmmthe global means again shows that
the OK interpolation technique vyields better estamahan those calculated using the DA
method of interpolation because the average estinaties are closer to the sample mean.
However, just comparing the global statistics doeessgive a clear indication which one of
the interpolation methods is better than the o#met it also does not give a good indication

on how the estimates are spread across the enataseal because it is just a global average.

Grade distribution plots of the block estimatesesipposed on the sample plots were
generated for comparison purposes; see plots iregip C. The visual comparison plots
also show that the colour coding of the sample d&taely matches that of the block

estimates for both methods of interpolation.

However, it is again difficult to determine whichethod of interpolation is better using
these plots. Therefore, the OK and DA estimatesutatied in the different domains were
also validated against the sample composites usoagter plots and the same criteria
explained in Section 4.1.4. Scatter plots showhig telationship are shown on Figure 5.1
and Figure 5.2. The strength and direction of thealr relationship between them were

determined and the equation of the line that bisstHe data calculated.
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Scatter Plot of CMGT OK Estimates vs Samples (2 Zones)
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Figure 5.1: Scatter plots of OK estimates (aboveswample data and DA estimates

(below) vs. sample data — 2 zones
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Scatter Plot of CMGT OK Estimates vs Samples (3 Zones)
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Figure 5.2: Scatter plots of OK estimates (above)swsample data and DA estimates

(below) vs. sample data— 3 zones.
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5.2

Table 5-2 summarizes the linear regression equatsnwell as the correlation coefficients
determined for the different estimation methodsrendomains.

Table 5-2: Line of regression equations and correteon coefficients on domains

Block Zones Est Method R? R Regression equation
30 % 30 All DA 0.790 0.889 y = 0.7370x + 578.79
30 % 30 All oK 0.785 0.886 y = 0.7358x + 580.85
30 x 30 4and5 DA 0.792  0.890 y = 0.7402x + 572.72
30 x 30 4and5 OK 0.790 0.889 y = 0.7389x + 572.99
30 x 30 1,2and3 DA 0.787 0.887 y = 0.7366x + 586.28
30 x 30 1,2and3  OK 0.785 0.886 y = 0.7351x + 586.86

*where zone = All means no domaining on data set

The following is deduced from Table 5-2:

SLOR and R for both types of estimation technicaed for all the domains are all similar
with a value of 0.74 and 0.89 respectively. Thisantgethat domaining the data set has no
effect on improving the quality of estimates. Tlsuits therefore help in deducing that the
domaining of this data set will not help in impnogithe quality of estimates calculated by

both interpolation techniques.

Optimal DA Resolution

To determine the optimal resolution that DA willopide an improvement in grade
estimates, DA and OK methods of estimation wer¢h&rcomputed onto the following
block sizes; 60x60 m, 120x120 m and 240x240 m gadd the resulting estimates

compared.

First and foremost, QKNA exercises were done ordifferent block sizes to determine the
maximum and minimum number of samples to be usathgiithe estimation process.
Sample number optimization as well as a sensitaitglysis of discretization on covariance
for the same variogram and block size (block diszaéon number optimization) was done.
These plots are shown in Appendix D and E. Obsemnvatfrom the discretization plots in

Appendix E also indicate that the variances foultesdo not show significant continuing
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downward trend beyond about 6x6 m for all bock sizéence, a discretization value of
5x5 m was used for all block sizes. The followisgdeduced from Appendix D: In all the
block sizes tested, there is a step change inuhbtyindicators assessed here (SLOR and
KE). Although using a higher number of samples wagsult in a higher quality estimate,
the estimation variance decreases, indicating nsm®othing of the estimates. The
minimum and maximum number of samples determineth fthese graphs is tabulated in

Table 5-3.

For all estimates, a quadrant search was carrieditilu a discretization pattern of 5 (X) by
5 (Y) by 1 (2) points used. The final search nemimMhood parameters used in the
estimation process including the minimum and maxmmumber of samples and based on
the semi-variogram models in Section 3.3.3 an®3d&e summarised in Table 5-3.

Table 5-3: Search ellipsoid orientation, search rage parameters and minimum and

maximum number of samples used during estimation cess for each zone
and block size

Number of
Rotation Search Range (m) samples
Block (Degrees
size Zone Clockwise) U \% Min Max
ALL 50 45 25 8 m
1 50 30 20 8 40
2 50 50 65 8 40
60 x 60
4 50 30 30 8 40
ALL 50 45 a5 70 %
1 50 30 20 40 80
2 50 50 65 40 80
120 x 120
5 50 60 65 40 80
ALL 50 45 45 40 100
: >0 30 20 40 100
? >0 50 65 40 100
240 x 240
: >0 60 65 40 100
) >0 30 30 40 100
° >0 60 65 40 100
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Interpolations on the various block sizes were tharried out using both DA and OK
estimation techniques and the resultant estimatese walidated. Grade distribution
validation plots for different block sizes were geated for comparison purposes; see plots
in Appendix F. The visual comparison plots do neady show the relationship between the

sample data and block estimates for both typestohation techniques.

Scatter plots to determine the kind of relationdbepween sample data and DA estimates as
well as the relationship between sample data and é8mates were generated, see
Appendix G. The sample composites were regularisbdre the average value of all
samples within a grid cell of the 60x60 m, 120xt2@nd 240x240 m in X and Y directions
were extracted and the mean statistic compared eathesponding block estimate with
similar IJK value. The strength and direction oé finear relationship between them were

determined and the equation of the line that bistife data calculated and tabulated.

Table 5-4 summarizes the line of regression eguatas well as the correlation coefficients
determined by the different types of estimationhnds on various block sizes and on the

domains as well.

A graph plotting the SLOR and R against the un-doethestimation blocks for the two

methods of interpolation was generated; see Figuand Figure 5.4 respectively.
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Table 5-4: Line of regression equations and correteon coefficients on blocks and

domains
Block Zones Est Method R? R Regression equation
30 x 30 All DA 0.790 0.889 y =0.7370x + 578.79
30 x 30 All Normal OK  0.785 0.886 y = 0.7358x + 580
30 x 30 4and5 DA 0.792 0.890 y =0.7402x + 572.72
30 x 30 4and5 Normal OK  0.790 0.889 y = 0.738%H72.99
30 x 30 1,2and3 DA 0.787 0.887 y = 0.7366x +.286
30 x 30 1,2and3 NormalOK 0.785 0.886 y = 0.%35586.86
60 x 60 All DA 0.797 0.893 y = 0.8760x + 284.68
60 x 60 All Normal OK  0.797 0.893 y =0.8793x + 28R
60 x 60 4and5 DA 0.763 0.873 y =0.8437x + 339.09
60 x 60 4and5 Normal OK  0.770 0.877 y = 0.857826.45
60 x 60 1,2and3 DA 0.760 0.872 y = 0.8315x +.364
60 x 60 1,2and3 Normal OK 0.765 0.875 y = 0.848B49.78
120 x 120  All DA 0.615 0.784 y =0.8734x + 209.99
120 x 120  All Normal OK  0.612 0.782 y = 0.8709x 14242
120x120 4and5 DA 0.601 0.775 y =0.8717x +Q46.
120x120 4and5 Normal OK  0.637 0.798 y = 0.895385.59
120x120 1,2and3 DA 0.628 0.793 y =0.9013418.24
120x120 1,2and3 Normal OK 0.649 0.805 y = 03B+ 155.46
240 x 240  All DA 0.260 0.510 y =0.9777x + 65.710
240 x 240  All Normal OK  0.295 0.543 y =1.0138x7-0116
240 x240 4and5 DA 0.413 0.642 y = 1.1577x - 820.
240x 240 4and5 Normal OK  0.413 0.642 y = 1.15¥320.95
240x240 1,2and3 DA 0.307 0.554 y =0.91698%.39
240 x240 1,2and3 Normal OK  0.275 0.524 y = B84+ 309.60

*where “zone = All” means no domaining on data set
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Slope vs block size
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Figure 5.3: Slope of regression against block size.
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1.00
60 OK

0.90 ® ® ® o
30 DA 30 OK 60 DA

0.80 .—12&%1(

120 DA

0.70

0.60 240 OK

/]
& 0.50 0
240 DA

Sl

0.40

0.30

0.20

0.10

o.w T T T T T T T T
Block Block Block Block Block Block Block Block Block

®R Block Sizes

Block

Figure 5.4: Correlation coefficient against block e.

The following can be deduced from Table 5-4, Figufeand Figure 5.4:
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SLOR line increases significantly with increasirigd size implying that increasing
the block size increases the quality of estimatgsbbth interpolation methods.
However this can be attributed to over smoothing ttubiases. The SLOR for the
240x240 m grid block is greater than one implyihgttthere is a conditional bias of
the estimates. This is fully explained in the Feg6r8 and sections below;

There is a small to insignificant difference betwdbe SLOR for both types of
interpolation techniques executed on the same blocklel size implying that
application of DA interpolation technique on thead®t supplied either has minimal
to no effect on improving the quality of estimat&his can be explained by the fact
that the study was executed in a 2D environmentrevtige dip component of DA
has been ignored, “the z coordinate is a constahtevthroughout the database”.
This is a limitation for this exercise and furtleplains why the results between OK
and DA estimation techniques are very similar;

Generally, R reduces significantly with increasiblpck size meaning that the
relationship between the samples and the estimaézkens as the block sizes
increase with the exception of 240x240 m grid bledkose R value has slightly
increased for both interpolation techniques whemmared with R for 120120 m
grid block. R is just a measure of precision andas an accurate measure of how
close the estimates are to the sample grades. dlbe uf SLOR is a better measure
of accuracy and is thus a better tool to use topasemthe methods of interpolation.
The traditional estimation technique, which is O¥ecomes a better method of
estimation with increasing block size in comparisothe DA method of estimation.
This can also be explained pictorially in Figur® Which shows that as the block
sizes increase, the anisotropy tends toward thsnalganisotropy and localized
directions become misleading. In other words, ashillock sizes approach the level

of resolution of DA, the benefits thereof are resil@nd as observed may even
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become a confounding factor in estimation leadintp$s accurate and smoothing of
estimates;

* Domaining the dataset has minimal effect on imprgvihe quality of estimates
calculated by both estimation techniques for thalenblock sizes. However, as the
block sizes increase, domaining the dataset teadsnprove the quality of the
estimates;

These observations can be attributed from the béixk being significantly larger than the
sample spacing and also because all blocks areni@iimed. There are a lot of samples that
are available for estimation within a large bloeidayet just a limited number of them are
used to estimate the grade in the block duringrtexpolation process. Hence there is also
limitation on no extrapolation as no samples lymgside the block being estimated are

used during the interpolation process.

S

KEY

30x30
St 60 60
N 120x120
\ 240 x 240

\ V Grade Trend
> Direction of anisotropy

‘ Semi-variogram search direction

Figure 5.5: Diagrammatic representation showing redtionship between block sizes,
“resolution of Dynamic Anisotropy” and localised directions.
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A graph plotting R against the domained estimabtmtks (with increasing block size) for

the two types of estimation methods from Tablesa4 also generated; see Figure 5.6.
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Figure 5.6: Correlation coefficient against block e (domained).

It is observed from Figure 5.6, that the value ajrRdually decreases with increasing block

size. This implies that the quality of estimateffesg as the size of the estimation blocks

gets bigger. This can be attributed to the fact #maaller block sizes have the effect of

improving the quality of the estimates because démaser sample data grid where samples

tend to share weights.

A graph plotting the SLOR against the domainedhestion blocks (with increasing block

size) for the two types of estimation methods was generated; see Figure 5.7.
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Slope vs block size (with Domains)
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Figure 5.7: Slope of regression against block sifdomained).

It is observed from Figure 5.7 that domaining tla@adet has improved the quality of the
estimates to a certain degree as the block sipesase although this is not the case for the
smaller 30x30 m block size where domaining had feceon improving the estimates.
However, domaining the dataset on 240x240 m bloak tinfavourable effects on the
SLOR. It has actually decreased the quality ofnesties determined from both methods of

interpolation.

It is also observed from Figure 5.7 that generdhgre is an upward trend in the SLOR as
the size of estimation blocks increases for botbesyof interpolation methods which
translate to an increase in the quality of estisialdowever, this is not the case as the
increase in SLOR is due to over smoothing due @sds as previously explained. This can
be further explained referring to Figure 5.8. Thedirdtion of the SLOR of actual (x) on

estimated block values (y), is:

91



5)
slope =r|—
Oy

If the slope is to be unity for unbiasedness arids'less than unity because estimates are

never perfect(%) must be larger than unity, i.e. the standard dewigor variance) of the
y

real block values must be larger than that of tt@reated values. The gap between these
two variances, i.e. the smoothing effect can, tioeee only be reduced by increasing the
correlation between estimates and real values,biyeimproving the efficiency of the

valuation technique or by providing more data (Kri996), see Figure 5.8.
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Figure 5.8: Estimate variances and smoothing (Souec Krige, 1996).
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Conclusions

Representing grade continuity in flexured, undaiatiand folded structures can be a
challenge to correct grade estimation. However aiihvancement of technology has helped
in utilizing a dynamic search ellipse for gradeiraation that allows for a more accurate
representation of the grade within such structubDes.is the method of estimation that is
recommended to be used in such cases. This me#tedrdnes the data that will be used
during the estimation of a single block. It allotte search ellipsoid to change block by
block throughout the model to account for the loeatiations by using the dip and dip
direction interpolated into each cell within a lkamodel to rotate it. DA will then follow
local variations along the strike of the deposiistheading to improved sample selection,
kriging efficiency during the grade estimation pFss. This method therefore, provides a
fast, relatively simple and mostly effective optimnuse for grade estimation for undulating

and folded structures.

The author was approached by Driefontein Gold Mmstudy the application of DA and
then derive an optimised resolution for an aretha@tmine that lies on a slightly undulating
gently folded limb of a syncline. The mine curtgnises the OK method of estimation on a
30x30 m block size to calculate their Mineral Reselestimates. DA and OK interpolation
techniques were applied to the data set extracted fhe case study area and the resultant
estimates calculated from both interpolation meshwdre compared. Scatter plots showing
the relationship between the block model estimated sample data were plotted. The
strength and direction of the linear relationshipoagst them were determined and the
equation of the line that best fits the data calimd. Analysis of the results revealed that the
SLOR and R for both estimation techniques weretpesand almost similar. The estimates
calculated from both estimation techniques corredpwell with the sample data used

during the estimation processes.
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To determine the optimal DA resolution that willopide an improvement in grade
estimates, the estimation process using DA and Sination techniques was executed on
block model range of different resolutions; 30x3068x60 m, 120x120 m and 240x240 m
grids. Analysis of the results using the equatibrihe line of best fit of the scatter plot
revealed that the SLOR increased significantly sthiR decreased with increasing block
size. This implies that although increasing thecklsize improved the quality of estimates
for both estimation techniques, because R reduigmifisantly with increasing block size,
the relationship between the sample data and thmatss weakens as the block sizes
increases. However this can be attributed to swsvothing due to biases. The SLOR for
the 240%x240 m grid block is greater than one inmgytihat there is a conditional bias of the
estimates. The block sizes are significantly lartifem the sample spacing and also all
blocks are well informed and therefore there i® disiitation on no extrapolation as no
samples lying outside the block being estimatedevusied during the interpolation process

for larger blocks.

The dataset was domained using the mineralisatemdtas a guide to find out whether
domaining would improve the quality of resourcameates. Analysis of the results revealed
that domaining the dataset has minimal effect opraving the quality of estimates

calculated by both estimation techniques for thalEenblock sizes. However, as the block

size increases, domaining the dataset tends t@imaghe quality of the estimates.

This study has shown that generally, the applicatbDA estimation technique during the
estimation process on two dimensional 30x30 m bloddel generated from a slightly
undulating area at Driefontein mine does not hawgaificant impact on improving the
guality of estimates. This can be attributed toftdw that smaller block sizes have the effect

of improving the quality of the estimates, probalblgcause samples are closer to one
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another and therefore tend to share weights. Howvéve is not the case with larger block

sizes.

The results also reveal that the OK estimation rieegle becomes a better method of
interpolation with increasing block size in comgan to the application of DA estimation

technique during the estimation process. In otherds; as the block sizes approach the
level of resolution of DA the benefits thereof aeeuced and as observed may even become
a confounding factor in estimation leading to lassurate estimates. This is due to the fact
that as the block sizes increase, the anisotropgstéoward the regional anisotropy and
localized directions become misleading. Howeveg, study has also shown that doubling

the grid size from 30x30 m to 60x60 m improvesdhality of estimates significantly.

The results of this study can also be explainedhieyfact that it was executed in a two-
dimensional environment where the dip componentD& has been ignored, “the z

coordinate is a constant value throughout the eentatabase”. This is a limitation for this
exercise and further explains why the results betw@K and DA estimation techniques are

very similar.

Therefore the author recommends that for futurdie) Driefontein Gold Mine considers
implementing a similar exercise based on three d#o@al and widely spaced data or
regularising the point data into data blocks andgisimple or related kriging techniques.
This study was also done in a mined out area aeckfibre for future studies, the author
recommends that further investigations be executexh exploration area with low sample
data density and test whether the DA method ofrpalation will improve the quality of

estimates.
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Appendix B:  Fitted Back Transformed Semi-variograms
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Appendix C: Domain Grade Distribution Validation Plots
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Appendix D:  Sample Number Optimisation
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Appendix E:  Block Discretization Number Optimisation
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Appendix F:  Grade Distribution Validation Plots for Different
Block Sizes
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Appendix G:  Scatter Plots
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Scatter Plot of CMGT OK Estimates vs Samples on 60x60m Grid (All Zones)
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Scatter Plot of CMGT OK Estimates vs Samples on 60x60m Grid (2 Zones)

Samples (CMGT)

14000
12000
10000
5 8000
s
=}
8 y >0.8574x + 320.45
E R?=0.7696
2 6000 -
w
s .
of o 3
: .J L]
4000 ,-'-'."-‘d( s .
2000 4000 6000 8000 10000 12000 14000
Samples (CMGT)
Scatter Plot of CMGT DA Estimates vs Samples on 60x60m Grid (2 Zones)
14000
12000
10000
5 8000
s /
=
£ /yvo/ 8437x + 339.00
E 2 -
£ 6000 . R 0.7'628
w (]
(]
°®
0 2000 4000 6000 8000 10000 12000 14000

130




14000

12000

10000

8000

Estimates (CMGT)

6000

4000

2000

Scatter Plot of CMGT OK Estimates vs Samples on 60x60m Grid (3 Zones)

%= 0.8431x + 349.78

R* =0.765

4000

6000 8000
Samples (CMGT)

10000 12000

14000

14000

12000

10000

8000

6000

Estimates (CMGT)

4000

Scatter Plot of CMGT DA Estimates vs Samples on 60x60m Grid (3 Zones)

A= 0.8315x + 364.41

R? =0.7603

2000

4000

6000 8000
Samples (CMGT)

10000 12000

14000

131




Scatter Plot of CMGT DA Estimates vs Samples on 120x120m Grid (All Zones)
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Scatter Plot of CMGT OK Estimates vs Samples on 120x120m Grid (2 Zones)
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Scatter Plot of CMGT OK Estimates vs Samples on 120x120m Grid (3 Zones)
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Scatter Plot of CMGT OK Estimates vs Samples on 240x240m Grid ( 3 Zones)
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