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ABSTRACT

The application of geostatistical met hods i n min
of the mining industry for decades. These met ho
use in quantifying rmnefedut e e dsaucdc amsasefge lv etise dmhi rto

valuation Tt modes$s generated from these metho
protocols and orsa&tiexnrtacti @eal ope ienc onBmcenbenefi
there has been a rismacihileneehai n@apélbafcdme meofal

resources .edthiimathiasn been i nfluenced by the incr
production of | arge datasets from exploration an
to handité@deg gnowth in digitisationt fammidniamngd o mat i
mi ner al s.MLmatulsddsy have shown in many studies t ha

to prodtwaceulmiagly model s and hihdkedarbi @i blyi n ot decd
t hat mi ght dhfafticonabdedelsni ng traditi onalThdrmsalryetsiecaarlc h
ai med to i nvestigatMl at ger iatplprigsematriiadeirnagf r esour
esti mdootmadms wused in tshiet esgdlnmhtgroanded dfnithhe Car
t he Carl et onovfi Itlhee GWIil tdwa tebrsi it & n BT Bliad i@ohrms used

are Random FloNecasrte s(tRFN&INNhbAdaBoOost ( AB) and Su
Machi ne.T(hVM)ot al number of pri merny ona melres 5Beflo
after narrowi ngardetalye yt twe r Bhe2@gla’'t. aset ruessedaricm t h
compr ( aspasmpl e cpandign&tzeéb) gobdagfduyrams per to
gt,) (c) gol d accumuAadcmhoml/dordi meaed|l agi cak. prop
vertical thickness of the cohraenbneeddy(Chj ommment ¢dr & he
centi mem)pps cédataggl omeirtaltien t hepebbéiezapguon ki ng,

roundn eosrst,ipalgh dses e mb | aagieds Nijener al i sat i oin. edagrshcan pt i
cont emltqur and badhek tohegWibdligoonr i wihths adi ti onal
geostcaatli smeitmods ner al resourcehaewvashawnapdsior k¥
promirsd nylhtespt ipnoailnt wi se domai n genetrraatdiiotni owaasl dac
means <clust-meang aeodplked with signed ditswance f
mi ner al resoudacmaienss.i mahdnetamsei ¢ti oswérikng resul t
mi xing which is unfavourable for resource esti me
or overestimation of grades at these ofoeathdns
was.telt also may complicate the generation of dor
theoint diomai npirnogc es s, t he boundary l i nes may
i ncomprehehiké bdiegtineme Bdeans clmedelri wgs sel ected
best performing model becausemiinterraels urletseodu ricne uenst

domains which is desir albhlees ef osri g rel@a ek rdset#ianimmat | o
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domains were selected as t heTlhasrdefl thlaae d dmaihn c
performance matrices scores, where both the acct
kNN model had the | owest scores withDeaesputacyhean
RF perfor minghNelnetdedersul t ed geeolaogmocrael | y reasonahb
boundary which is consistent with the gElé ogi ca
domain boundary displayed an unevre nRgefobmetirrny,vadrly
(e. g-tdohawywhenergy) depositional environments. The
affect how congl omerates are arrangedFoWwhowhnign

the definition of estimation domains and subseq
used to gui deKrbil gpiorkg gr dd s ae gddtmamad toinan Pmoesttr i ¢s s |
bot h Kt hgEfnfgi ci ency ( KEFF) and the Slope of Regr
refl ecftawvnwgu raabnpée e i ganati on and confirming the

selected domains and resultant. boundaries for re

KeyworRomai ni ng; Geostati Krigs MpGhlidheDepas int ;9 ;
Resource Estimation
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1 INTRODUCTION

Mi ner al resource estimation is the process of (
mi ner al content of(Rasgebhuods cld] Teéeodismpl ement at
mi ner al resouirnc emiersitngnagdpermati ons forms the basi

designs used in ore extract (Gdmcared) ab2g0n0eX ipcrioapteiror
mi neral r esourscd nepsothi¢ raiantuistkeens o aoimMmpcact of any expl
project or minnegabdpeesbiubbpaase HEegao mattiirekdmg i ndust i
for many years and hasncs eaesmpgletvatl iverdalwipgdwer e
abundawmiaehi n t he @umarkdurpsepyagiey a, ). 2 T2 & dmitn eornaall

resour ces neestthiondast ihoarv e b e e ne vuesne db eéifno rteh et hpea suts e o f

Most of these methodapisnwamnldv eld atwhvd ggoavd e vienm e

by hand to either intebypotdatae poi exsrhpobame £b
rel ati @Oosthiagpg?hnnel s). GeOGL at i st iarad unddamtcede ol at e
values in unsampled areas or( Padnes safn hmpd®r 9B Xt a
Stone & DO)nnSomed 9®f t he necllddmettthedssecti onal me |
met hod, triangul ar met hod, regul ar & random st
wei ghting distance, and contouring methods.

GeostatistiicnaviolInvee htordes appl i cation of advanced si

(Sabouri nThawm®Be&r ate under the assumption that sa
estimation process are representative of. the |
Mat he@®®BiB3ntroduced trheegicoomeacleipztedofvari ablandt heory
emphasomsikes randompoeud agdpdaes esnttrakcitomr es in sel ect |
for geostat i.stiTdt afl u nadngael eysstiaslp r § h i@ccg logufna r spati al
correlation and variability .ofGepesdladgisddlc adl atmae:
effective when deapaongd wdatha idvihfiefgiocl @lathlypsee vi sua
whemsing traditional eeocssttianaitsitoine ametnnmapadiise. fGa mo u s
Danie G. Krige whedr ihggb dipma iotmeadl dtd hess highly va
mineral ofyjrades Wit wat er s({Ga medtzegron &n ddegzg o $Zghi 8s6ga n

interpolation method for spati al data analysis

selected distanBestannd). ddGlelesieen vari ogram model s

spati al dependence of selected poi fasndivefbssa@&ampl es
2025 I'n miner al resources, the variogram is usec
variability of the mineralization whi(Ccharngawdt al

andAmri, ) 2016



Domai nimgi mparatmgpmtnent of ma n®euadegefswluprcec eesss i ma
and is based on the principle of stationarity, |
should be con@Atmatrongspadé@B; & Hul jolbrad gitisn,g e 7 6)
process of usi ngs uwcehd seopigid migo f iha taidae nl @t oc odceemar cat e
the orebody into homounrei@iasws t&an de dvig.rNtulilhiiws urOo2cle s s
fundamemi alerfadr resoyyeaete telsdrianaitds omt i 'l preval ent
downgrades and project devaluati GBnsetkuag!l R01Ppoor
Pooromai ocanges data mixdagafpomutaffenent han may
This miximaegs wlfthEammder stthedspagti al di stduiebatoi on
data misrepEmrcsmdratt(i ®dief i ne grade domaining as |
a minerali sed drogdrya ddee fiitbteeddvbaylas ni ng and agrreade doc
standard in the industry and the | atter i s ¢co0omma
many i fcomomeralilal smbdwéalt & naggsa cekimtgpedsirc iitmp |l i ci t mode
approaches that i f companedalalgpi nsesuletachnovaer al
and volumes(Cewtintmaté.dt ruct ur al g e o0 nbeotdry® seentdi ct h e
modaltlegomponents in the crreeagtuiiorne oaf cdaotn&fiantsk aapnpd
et. al 2019

Due to the increase oivmedceo mpadtatd eomaad e ,p otwear e has
in the devel opment and applicati omeobho¢thar pat obus
et 2a0z1B8Bary 20)6Machiermeg n(iMlg)s a s uab ¢ e fniteefldI( dé&hce
i s bapmlgied in a vargdgredjy@eotfaandlac soit ¢ Jel o niio2er a |
resource eval udtain@nhawedulseery, i ntroduced as eith
cl assical esti m@wuwimanDoump e ¢ h na mgdu e §royra , i ankt @aEylrt h
geostatistjcahmuaatgyhbordisd fiteut nhaokdosrp eyn Ar y a, ). MI0 2 1
anfdlal gorithms can provide insights into hidden
do using traditionbMogneahéldhet ands maneaat the re
devel opment sgtiddgesnfewcretsitsart adengl opmentt eamé ref i
applicability, standiarlkdisathencamde xeMMotCamidnmger al
Aur et ). 2Vhikaer e apnpeltihetdddy e sphoswint i ve amdesmuiddmi 9inn
terms of accuracy, precision, and the ability t
(Dumakbaurpey and AzZhyaae ¢ .22012210;2 3

1.1 Research Motivation

The udé aAldomi ner al resource esnéwmate ®me¢isalal y efl
deposits found within the Witwaitmhei dMld dBhesi n o f
creatdomablhs just recently captur@Eevitkt er28211i n

H



Zhared . al 202Bdomai ofonrggebolkdaesr ami,fiwhdhennspoor | vy
executed it may | ead to undeoegt iac@ki oahadrr ove
Bl ackwe) |l Thz2z0MW t watersranarRBRadiomi galt @ dddyodihtes n
(Domiety. al 289 1s,ashi matdienpgo tehses pr oven X oaprdo zeompl e
domainsnigey intaddredailOhengsti mati on or underes
resources has an i mpact in the business case of

due to under recovery of gold and this subsequen
1.2 Aim

The aim of this research is to apply machine | e
estimation domains for the Carbon Leader Reef
(Wi twatersrand Supergroup, Sout h Asfirtiout @9 ,grahkliech

estimation Kviigiargdi nary
1.3 Objectives

The objectivesarod ttche research

|l . Apply machine |l earning clustering and <cl ass
geol ogi cal properties to enhance domain sel ec¢
Il . Assess ore continuity and directional vari at
Kri gionggesti mate grades in unsampled areas whi

I lTlTEvaluate the effectiveness of Kmt egurtactoimegs ML
wi slhopee prfessi on K$SLORhgamency (KEFF).

1.4 Data Context

The datasets used in this study were obtained f
owned by -SSiiblanwaet er |, one of the world's |l eading

companies with a diverse asset padrothfamlnies.b ulrtg,i sn e

the town of Carletonville (Fig. 1.1), and is par
Basi n, South Africa. Driefontein is a mature mi:H
data used in this studiyngame fthemcaemahomer istaimp | &
hosted in the Carbon Leader Reef ; in this cont ex
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3 ander
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1 - Welkom
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Fi gulrleLoc atbif onthuechysea i n Southern African(left) a
ma p of Witthweat eBasandaasdcigaotleddf i el.dsTh(eri gad) pol yc
corresponds to the | ocation of the study area.
Wi t wat eBasgiamdhave b,eegnurree nmoovderdf ii mme f r &2nmNv@&a i | a

1.5 Research Scope

This resd¢ardissdisplai ne project t hatmiimeroalp orred ewsr
esti mahthodedat a analThtiiscstudy exMlladomges i hhenbese
devel opme mterremadource domains to facilitate the es
contains geosci érnutrivfeiyc dianfaor ngartaidoen di stri buti on
da).a éefthat abastechemiabel yvsidadyt hon progr amn{idJnygpe rl an g u e
Not ebaomki gol d gr asdvé | é stbhiemadthikzenh ami mg c omeilelricmal m
softwarMdal Gbhewit himnmsbe used to buyiidusreedpoteobdfet do ma
gold grades in unsampled | ocMlail gos wit himsbpe at e e ma
using F1 and confusi on mator dic®ari ypl poacne scso, mptl heet i SoLn
KEFF swad h pl ots twa ldr &awe adoa@encl usi oof onha hei ML 2
algorithms in gesedakesngmadbmannprocess. Below is

summary indicating ticmmtheea ddaprliipdd (nRirg.t i &)l rdessear c



Data Science/Machine
Learning

Mining Geology Resource Geology

Exploratory Data
Analysis

Channel Sampling

Python Programming

Geological Database

——
Domain Boundary oo q

Fi guli2eAnout liinndég cating the Il evels of this resear

Grade Deterrmination

geosciencéentiaedes. mi ni)nsgh ogvei onlgm gt gheeflp ¢ 1 hugs etdy pi en

data collection, dat aamdnahpemgmtadamdteh . eDlshsaagat i o
scierfené ddl e) involves the use of Python as basel
and <classification g@gefol d(grgiag mts). iRewolurecse t he us

geostatistics workfl owsr otcleastsi hngc¢ |IKmdieganmdlaywaii spa e

ordi Kmrgi egti mati on and post estimati on.
1.6 Research Outline
The research is structured as foll ows:

I ntroduChamthe fMhils chapter provides the project

introduction where emphasis is on the project qu
are defined within this chapter to contextuali s
areal sscope of the study are introduced to descr

Literatur €hapmtvleTehnwi2s( chapter encompasses the rev
|l iterature on the subject. The study area in th
di scussed in this chapter. Apeobstattiescthina agauleyss iasn (
MLal gori hhgweosciences wmi hbr almphasbBsirsoealesd idnarnea o

this chapter.

Met hodoClhhayt)§Trhi3s chapter involves the discussion
and the terms of reference for the research proj
data analysis process carried out to yield the o



ResulChsapt)eThids is the results presentation chap
met hods are used to display the outcomes of the

notebook using the python programming | anguage.

Di scus€hapt)ThiS5s chapter that i nvolves address

related aims and objectives of the research pr o]
the previous section with some | iterature to dr s
ConcluLhapt)Thiés chapter, and it involves the ¢
reviews the success of addressing the aims and o
Recommendati ons T(hClsapcthearpt®): critically examines
current machine | earning methodol ogiesl oakrmegour

strategies toremhancessmodedtal-apediftiyc ampmpl doaki In



2 LITERATURE REVIEW

This chapter focuses on the review of availabl e
the studheaWeawaBasi sirafdhe vari ousscamliadfdiretlhdesr ar
emphasis is onGalhef i Welsd WhRinadh hosts the Carbon |
under investigaThennemalt hi 8s cupud®c.eesss iimati eni e we
various interpolation and estimation techniqgues
are reviewEBdnalsiMWwerldbess iamat iagprplin geoscienti fi

provided wit mifneaoaall pxoeismtuaricee persotviindaetdi ohner ei n.
2.1 Geology of the Witwatersrand Basin

The Wit waBaerisnr damd arguably the bi ggesshtownr oidnuc(eri ¢
2. 1) .bellhoew pr oghd dt iinn tchfe Ba s idvimat es dR@al ears befo
t he ABwogelroawar c ontthirnotuegthéwar | d War "od| dh@a@ mme |

anti nt er),,Me2@0 2 ogeny and sedi mdnutdd led¥ iodnaaltt kepersor caensds
Basihmgui déhce under stthaen doirniggionf and formation of th
Dankert & )HEh ev, c RrOrleént mi ner al reserves are est
geophysical and drilling results tihtati sgoi nadsi cdaeteep
56km, extensive explorati onf ihed fdeimadiec &d hkndi t hat t
l en@Ctah rncr ossGol2d 2dr ebodi es are considered hard

occur r.ehnéciers occurrence has been | ocalized throug!
studies withi(Ahilhlei gbHlediWikttlwast er srand B&Lsi7M@ i s d
Ga and is | argeldy maada rwolamdn i(co brroecekl a1 2005 i s

situated apwnaatlheCrKaat on, an ancient portion of t
Sout hern African continen®all (Gl canudledPafgheed, bet w
Wi twatersrand basin is wunderlain by granitic bz:

hosting muubihm®mbgeodedr depositsrewmadohs maywubhk bigg
primary g@led ngduwyhchei 30 b@asin i s hvieght att@wlnarf ore @ ft
that wvary i n cseinzed miemtioceehsah dteawr petemdext ensi ve expl
and mining over the years. The mineralized zone
guapebkloemgl omerate hosting .Ibotilk d&nlodvnand whraarei L
roughly a wohilgddlsbfsumphpely and hosts s(Fmginmahed ant u
Mi nt er),Mo2002 han 80% of the Witwater<3r a2t gd!| d i
Ga Central |@rsesup hamdk®5.99 8 ft ot hze. 91 Ga hosted with
(Fri menel200.9



=24'S

———

anoighvzon

© ) L1 %
. "4 L]
3 <~y -
% ']
%\ KIMBERLY = fT& Y,
BLOCK g /
28'S © /-
£
-
2
3
]
3 Il Bushveld Ignecus Complex (2.55 Ga)
o
. O |:]42.66 Ga Cover
—30'S / ~—=Black Reef Fm. (2.64 Ga)
& ’ /7 |:|Ventersdorp Supergroup (2.73-2.71 Ga)
o)& o [ ]central Rand Group (2.90-2.78 Ga)
T ! Bey [ west Rand Group (2.99-2.91 Ga)
’f% ] Pongola Supergroup (2.99-2.907 Ga)
2%'5 v 21"E 25;"5 B >2 .5 Ga granitoid
- >2.8 Ga greenstone
Fi guzle Geol ogi cal Setting of ,8hew Wittewa tsetrrsu catnudr ¢

lineamen€Cesl esbtuthg magnan8addli elacokmat f a@Il f Ssy st el

asbdapeswl-SW ioar iBeEnsteantii oenl .o r

that squeeze the basin
in shown is the Bushveld igrnauwsatebepraedd fliocdht e
fromi mmel & NwEi |l a

2.1.1 Witwatersrand gold fields

The Wit waBagiissr anned
within the
bearing

ikthnso wanb U mda n t

gol d

pr edomi Mhaenrte eairgehts ognoel dd p cerl aldsi ¢
congl omerasboewncinséFibe2bada¥i bel ow

occurrences

occur |
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Fi grkeeaVi t wat eBassriamdand t he wahriicohu so cGoulrd fiineltchse ¢ on
bet ween the ol der We st Rand group of the Witwa
Central Ralnd Werlgdowmh f2ikelledr k gdbdB) elCdr | gobd#) el @
West Ranhdb) eCdnt rgaoll dRgrecEdsgoRdAd eBdutdolRaafnidel d
8) Evagwmdembdl 8i &d ifrrmem &2 NWw&i | a

2.1.2 Carletonville & West Rand gold fields

The Carletonville Goldfield is | ocated along th
shown in (FigTBe2WesboRand is found South of Car
by the West(FRamheFad&l N\waThe, TR@&R28&vaal Supergroupg
t hesegot idi el ds and the pervasive occurrence of
wi t hin t KHrersiemnikenli t& NwaiThe, pedfsdarogf t hese Gol dfi e
Main and Carbon Leader Reefs and they have the
occurr encgr ade hg oglh@Frdempnedi tesd Frail mme 12 0& 9N)wlahi el a 20
Carbon Leadadcdermi étadfi m&BWwai | a)an2d® Z¥r&r age grlde& was
g/t in the West Wits Goldfield compared to the
basin afTu&.keealg,/ t2Theé West Rand is relatively sm
gol df i el ds and t he auirfsi fhearvweu sb eaenndt Innesw endi If @gr dbtuls e |

¢



Domini onS&rowpv & Pr oTkhoe sbee ve, 0 Rgdtdme $ alt ymaicwe luy

above | ow angl €F ruinncnoenlf o& mMiaaikissi ghd0 20 cant gol d i
these underl ayi ng (Sianfiotnso va r&e Ptrrolkeod Beecevtd & O &I n 2
Wit hi ngottddsel ds there is the EI sbucrhgar alcitveirnigssetdo t
congl omerates intercalated with quartzite and up

which have future potential f@®ri mmeplndg OBlwmphaieas’
2.1.3 Carletonville Carbon Leader Reef ore

This study focuses on t heCaCdrel gon vdiféikeledds R eecfat @ f
approximately 100m abolvaenndSabhlgagoel pofandheé s consi
ol dgotlrdi ch unit Cavi t &t gonlvidiilél eMadi or i ty of t he mi ne
Carl etGmlivdflilel d occur weaul mfortmad | yajgormaBamk bon
rich bhapeoxilnbabtnenrh yi n tOni ctikepods .gomhndt ospd yked

pebbleiehhniearstitialEl canda®dB 8imatiraxgel y mined out
(Fri mé&adwai | a). TR&a2r0Ob bena d Ba e f occurdgshaamg edfiemrg ed t o &
si ngccog!l omefaat es ofrSFQUI t i braeafdesr hend It telmhpnbdetadc i e s

(MBBhown on (Fig 2. 3wi tbreilguwtrhedolndgy oonge wit eg | at er
variations(Pofifl on e swiadldthelhaaw,a c2t0eOrOi sed by a scour s
of a regional extensive angul ar unconformity r ¢
towards the northernBpoktaoan Bintde, gbd&5ield

Single Conglomerate Multiple Banded
Facies (SCF) Facies (MBF)

} Green Bar Formation
—— Rice Pebble Marker

"Glassy" Hangingwall Quartzite

uartzite ]
“lconglomerate] Carbon Leader

North Leader Zone (discontinuous
' footwall conglomerate bands)

North Leader Conglomerate

Square Pebble Marker

Fi gwRBe€ar bon LeasdiemglReedori@alcomsr athewi ng shorter a
reef units on tmudt { pbékt )b asahdawdi nfgl ehiiegsh e r dilutio
occurrences of mordd if v iethuadnrgabnash@d Su)i7i o n s



2.2 Mineral Resource Estimation

The quantification of mineamnmlism@masdp evett ad fs a my tnmie
operawasoms$ gives insight on the size and the s
needed for mine pl an(Roaamn baenudt snoi h,e AdOms3ngmaal r es oL
defined as a naturally occurring maaetchastwit hhts

presents ecoboomiecy @ddIQUaN ner al repserseats a fract

mi neral resource that can be economica(lVMegi rexrttr ac
et 2023)@& miner al resource can be categorised as &
whereas a miner al reserve can beresacwdgependiedgas

on the | evelamd tchoenfcdaresnickeer ati on Faofg. t2hed )modi f yi

Exploration Results

MINERAL RESOURCES

l

Increasing level of

Geological knowledge /1
and confidence 7

4
Consideration of the
; Modifying Factors ’

FigkAde€at egorimabuonessfearnvdiedsi cating the transiti ol
bet ween the two in internatiomaldly i qaé@RIgRISS®,d r
2Q4SAMREC, .2016)

The resomfécde@ence is increased by reducing the d
resour ce Woodat il)ofi 99 4 X ebmoinew r at es t he demarcat.i
and relsasmdge drillingMioenfal dercseo.urce estimati on
resource value as it confirms the extent of the
(Gl acé&enal 2DO0Li ng estimation consideration is put
geol ogi cal uncertainty associat edRowi&tlhe udepads i t s
2023 his i s dagnpiortmmevi des proper quantification

estimation process.

Mi ner al resource estimation results are publish
depending on the jurisHdheaehbt ennatfi otnladr leppa reatoigmn

standaagsed on countamy h@&bi pr aO©Otecd®eserve oGommi tt

MM



AustiJadRCG, )20M8 01 of CRemada and Mitsh@dImimy t tr2®0 Fo

Mi ner al Reserves I nterndgGRIoRm>d Q,Raefpdo rtthien gS oSuttahn dAaf r
Mi ner al RepoSAVMREC,Cod@Bd) of these skeponetangi Wila
goal for the generation of standard terminol og;
reqguirements for describing exploration and mi:
i nvestor s, community | eaders, esRewnldatdirsk e lalnyd, i
200.1

- Measured Resources ]:[D Proved Reserves *  Drill Hole Collar
Indicated Resources [T Probable Reserves Potential outline of mineralization

based on surface rock mapping
Infarred Resources

Fi guz5eMi nereabur cerssamdes demarcation according
confidemmall er d rniglnichh ®klassespaonfi dence from res
modi f oeldo waniific Nu(2t0. 1

Mi ner al resource estimation is carried otua by i
predict the distributumderodg.rTdnendlel anidomi aer ahe
resource estimati on( Fied hd.dB&) hifsr efMdoaine i met hods U«

some underlying mathematical and statistical as:¢
a variable at wosampgledl besabai omampled | ocations
estimation methods are in practice today and are
and the avai.lhaBbidiimpyl eosft dmitraer al resource esti ma

of geometr (Jooufrunmedt i&Q0oMHsu),  suebhpt as: 1978

1 Polygonal,
1 Triangulation; and

9 Cross-sectional methods.
There are also geostat(RstsbscahbhnidnDBuesauccehd afisé: i B o d ¢

1 Inverse distance weighted;

1 Kriging; and



1 Conditional simulation techniques.

RecenMLlay,gor atlesned for mineral (Me&obuoentbe20els3t i mat i
these include the:

1 Support vector machine;
1 Radial basis function;
9 Artificial neural networks
1 k-nearest neighbours; and
1 Decision trees.
Current market trends (2025 and beyond)
14.Uniform conditioning recoverable resources I
15.Machine learning in resource modelling
16.Artificial intelligence in modelling
11.Conditional simulation - Gaussian I
12.Conditional simulation - Indicators
13.Conditional simulation - Algorithmic
8.Propability kriging I
9.Multiple indicator Kriging
10.Mixed support kriging
1950s - 1960s 5.Co-Kriging I
6.Disjunctive kriging
7.Indicator kriging
1.Classical polygonal method I
2.Inverse weighted distance
3.0rdinary and Simple kriging
4.Universal kriging
Fi guteEvol uti on of miner al resour ce sehsotwimmagt itohne 1
ol der and simper methods on the (Il ower I eft) anc

in the (dapt e dDgdht(® nal
2.2.1 Traditional mineral resource estimation workflow

There are varsouswiametGh ¢ t mant betanseer f mirmer al
resource asdi matvieomi fferent components of the m
Thesoeftwaaeodei ther besofuree pEavpemwise 200 )6r

c omme rsco fatlwgroev@asit 20Q0@%hi ch are commonly wused in
mi ni ng Broanee otfs.t he commonly usedf cwamedlsd agf rmod,
Dat ami ne, Mi cr orHinrec ha)n dZTOSledr mae b é it waa @ 6sombi ne f i e
dat a, data interpretation(Alamdtags ) lhéadti t mankge ftune

vi sualisation of t he resour ce PBhesi edfi ndroalusree sfoc

M O



estimation process invol ve(skFifgi v2eT Ty)ist avlor & f ¢ psv ae
common -bgdtepp process adopted by most commerci al
the mining industry.

I Loading of drill hole data

2 Field limit definition, Data detection
limit and Duplicate manamagent

Mineral
resource
estimation
workflow

Boerehole data clustering into
domains.Uncertainity assessment

of the envelopes

Variography modelling

5 Declustering, EDA, Support
correction, KNA, Kriging, UC, KUC

Fi gwr7iel nt egrated miner al r e swhiirchre iersd d rm@d ri abtne swotr
i mportation of spati 2)Daanad vgetodagi oal wHet e i mj
interrogated Awmtdo ncdteeadh eddon3@di ni ng using spatial d
domain p®omas n4d)boundary generation u®omgimgeol o
estimation usi ngKrdege $nigs ma t i o gmoadai dfhimeNigu ¢ z et al
(202.6

2.2.2 Geostatistics

Geostatistics is a branch of statistics ttohat us
predi ctatwmdamepsl e,d iatr ealesscc rdadre spathiadl maygt ber us e «
various fields such as agricultuM™et hgeohogyt9a6d
uses spati al tools such as semi vaand&gi gtimmn gt o d
determine the spatial predictions and standard
values at uns(ampdterdo g .elakk9BBe expl oration and mi
geostatistics is used as a tool to predict met al
used to demetedPoswdkwch| 2BDA@8ck modelling involves
di mensi othnalr g BrDds ent subsur fTahcees ey egorl aodgei sc aalr ef euasteud

M n



pl anning fpur ppacsheesddul i ng extraction poin$ashad any
& Pal ) 2017

2.3 Domaining

Geol ogi cal proceissenamueenco mal éy result in vary
over a short distance andi bhmenema§gl caeaseucoempeés:
estimation of grades and other rock properties a
is continuous dlauechdmo®® hd ulshée i sma,itdhe esti mati on
grades should be |l ocali zpar ttidcoutiadra eaptio i 200t )s9 wi t hi

Domaining is tilve dpommelmeandy oif ntdo s mall er portions
properties that aid i nMdhthaemmeaendtieapdDaspohe ptbces
understanding it has proven to be difficult for
of domaitplriegsents challenges i n miegiahndpeép eradti omrs:

Poor domainiingndame e mgmétvier est i mawh iocnh ocfa ng rraedseusl
poorly informed, tmhuidt nigmpde & mmitroinsg pr of essi onal s
cognizance of (Sttreietk ADJ&eGeod domainingnpraetice
under pi nnfionrgmi mge proceseps es bragedsrckyent i fic i nf
gat hered fradmtae clopdecd §Svas tk 20 1.9

2.3.1 Types of d omain boundaries

Due to the inherent complexity of mo st ore dep
natur al phenomenads have influence in the miner:
may shoef t ,orh atrrda dsipteinadrinalg on the formati onal proc
may Dbegesnyent i c of ©Plesse geoendari es influence the

resource estimation and proper risk management |

out come.

a) Soft boundaries are poorly distinctive transitions from one domain to another as result
of a poor confidence level in data interpretation of the geological properties and
structures (Fig 2.8a). This is inferred to and can only be conclusive after field and
sample verification (Elliot et al., 2001).

b) Hard boundaries are abrupt transitions due to vivid differences in adjacent geological
domains shown in (Fig 2.8b) below. These are normally marked by contacts of different
geological fabrics caused by changes in mineralogical composition or structure. These
can be verified though physical mapping and core logging to establish the location of

these boundaries (Ortiz and Emery, 2006).

MPp
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c) Transitional boundaries are the hardest to deal with as they represent an overlap of
both soft and hard boundaries (Fig 2.8c) below. These may result from post-genetic
processes such as structural deformation, contact metamorphism and alteration as an

overprint on existing domains (Kasmaee et al., 2019).

(a) (b)

gwr8eCommon geol ogi caa)l Shoofutn dbaocrunedsary with no di

undaries showimgblawedelsr cdksA combination of I
undaries which i s moordei fcioedup $firacant €elt )t9% | ma p
Clustering

e process of estimating grades i sTodeepseemdodnts hi

majansunsup&ieoli seder anatgsi bemdsebddeéeot hese sp
| at i.onTshtherpes are various clast bei ngetdetoniagye g
to clusters, the selection of t,hitsy pmed hoofd sc li uss
chnigerpl airmeedFiq uxs.t®Irgomgi t hms popul ate input
oups called clusters, dependXmg &gomWunbBeEha®@AnabDys

uster is defined as grouped data points with
e benefit of wusing clustering methods is that
ta points that may have beeuha&r dVuthe x helfch@@mWi5z «
e of clustering methods in geosciences 1is <co

maining owue i btoldd emrgelbyt i onshi p between spatiall
fundament al in minlemadrisesoer oé¢ ¢htei watdiedry. u

chnigquédata science andiiby 2descri bed bel ow
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on high data
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compared to low
data
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on multiple
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data.

Grouped by
hierechical
process of top
down trees.
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concentrat.i
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2.4.1 K-Means Clustering

K-Me ans

number

geodomai ns i

on

(Sinaga

clusiterbemgsimey hmeshod t hat develo

ons of points 2) Distribution m

usters at used data concentration ta

by the a set number of centroids

Hi erarchi cal met hod where a top do
cluameol thgl € sunsMipbgoer sedm that divides a
of(Wel &stWer.d OimRosttheabadtering technique
n mineraThiresmerbed estamaitti emati ve
provided by the data set enabling i

features
& Yanhhe 2@Bradomeass sed

i nbehew(Fig

2.10)
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_‘ process
Process Y
initiation
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Step Update
Fi guZledSt eps invoKwmednsnchkhetethag pnotedes 1) I
initiation 2) Centroid assignment in determining

the previous stepclhtwssel €c4) oRepaenatm tKhe process
to generate optimald cdamesef i 65d mkhegtesnd? 0 3.0

K-means method optimisesmitrmiemich airsd &rmri sred e cwii tomi by
the sum of di stances between each dRrt%anpdoi nt s
Sierano)a,l n20nliSning selection of clusters wusing
di fficult over the years due to their compl exit.i
means clustering provides an easier anndi nfilnegxi bl
oper atlinonmd .ner al res,g&tmeaasest umatrong met hod i s
point domaining step to configure the dataset ir
the geologically continudasdny®Ohhompb@EkipolAsldomai o
shows a graphical i I 1 ustmeatnisornc lafstteme oe@etsad e ng

clusters, with points that are positioned cl ose

My
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2.5 Kriging Estimation
Krigisnga widely used spatial interpolation metho
l ocatRonsndeut sch),l t20va3s initially wused to estir
gradesWi hwahelhassiamdand is named after a world re
engineer Da@iae GaeMisegegnen, THRiIOSO3met hod has since
to other fields beyond mining geol esgy esaanede, as h
remote senangsSdteeahlddRe D giifgd ers from other inter
such as Il nverse weighted distance and Linear r
characteristics of points (Manann@t & b p b)l TahfeduSt Bpnusta mp |
of Kai geisntg mate is influenced by:

1. Distance between sampled and unsampled points.

2. Data configuration (Spatial distribution of sampling points).

3. Spatial correlation of data.

Ef fici &ncygiisogmali

nly

dependent

on

t he

correlatio

|l ocati on.

n

mi ner al

t

i s

a

val uabl e

met hod

because

it

pro

res@ui ver e &t iWgdKgitiegai Lnsg® 6 § btdlee sspati al
ani sotropgyapwhirheeh di recti on
Boi seeral PRORgvMen g ht s

dependency of

arkeasaessitgmedspati al

from

t he

spati a

correl a

spati al

Li neUnbi a€Esedm@Blo W(E3d nn

c dlfii vgeurr a& i Wenb dtfte rti,lse2 OdBadtsa der e d

& Gui).ba

| 1

1998

1 Best: Kriging aims to minimize the error variance associated with the estimation.

M ¢



1 Linear: Estimated values are calculated by a combination of weighted linear
equations.

1 Unbiased: The error mean is zero.

The weights given to points are proportional to
(Rosamndeut schyshdwh3in egDhthelcétwsecensingehisdhllyo
clustered datweiigshtgrieveesn dpeasrssel y di st rwéiud tetd, dat
and this subsequently affects the influéwWeaee of e
St edtn. al 2AADsotropy is a cKiignertdhopr aperitty iisn ctoh
interpol ation that autocorrelation ofBodatwé&rpgoi nt
al, 200Mi sotropy is calculated wusing a spatial
correlation (Pofsatdidtcat paihnt 013

Kr i geisntg sreartleey pot hetically expected not to be | ow
used. Equati ons shkorwignigngthleatsi onps i fi ed

@ B 0 zQ (1)
B 0 »p (2)
R 8-G ( 3)
wher e;

T 0= weights

T "3 Qi 6QadoQ

7 Y Qi 60" Q0Q0 @i

T OO0BA OAI OA

To ensure that optimaKlriwdsnegghttsharei melht @aveadys | i
for selected points on the kriged matrix to ens
according to theseasnmit JWaRtoasgmndmiunsthe Pds8e | i nea
equations are expressdéaaowasylae Inpavtwhi exr en otthaet iroend und
represented by the correlation matnri wenigg htthse, | e
themselves regulating the impact of clustering o

achieve the mininomoebed)y 2608 mator
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Wher e s he semi waarliueeg wammampploei nt s .
Cishe covariance between sample | ocations.

2.5.1 Simple and Ordina ry Kriging

Mi ner al resource esti mati on wor ks under t he as
regionalised variabl es, as such f(Wéyvdrispgl aMebso

199.6ny random phenomena can bseh owenpriens eengt.ebd bbeyl oew
Qi m+e(s ) (5)

WherZd s andom vyarnnmiasbltehe gl obale snsarnt ha&nd etsha ual r
from the difference bet waan otmh elag lisealiidel¢ amei)a, n 2a0nld5
I n s iKmglgdhneg gl obakknomanp,d i 8 is factored into the
by subtracting it from the data and added. back i
Si mKlréa gisngasy to compute and (Ouprat )JsthBoSwonweilnl ewgi.t6l

bel.ow
@ o a B8 /8wo a (6)
Wher e:
T & o0 : Tehseti mat ealt vtahaeunknodws i higmmlte okiri gi ng
1 a: Tkhneown mdarnt he random field (assumed const a
Kriging).
1 wo : Tohbeser vedatvaknuoewndél ocati on

1 /: Tkirei gi ng awseiigmted t o thée observation at

9 /: The number of known data points wused in th

I'n or Kirngtingg gl obal meamdi § sumkonowinact ored into
cal cullatt iaammsumes spatial stationar i(tWgc kodr nbaogten t
200.3 OrdKnagiymgcomputationally i nt ekirrsiigdendgc o mpar «
provides more accuracy as it cé€lreslsatdebh d®Be8i hoc a

eq. 7 beBwotwhKsi qamidg Or Efr hgirely on t he variogram mod



the spatial aut o(®avyaneHeatairo)nD wHO tpw iinttss hi gh accur
Krigisngnostly wused in empttaseatei am asrud fmicniemg dat

W O B8 /856 (7)
Wher e

f & 6: Tehset i mat ealt vtah e eun k n@uvsni @irgdd antairgyn Kr i gi ng
T W6 : Tohbeser vedatvakinoewnoél ocati on

17 /: Tkhrei gi ng fwei gthte obéer Waettieami aéed based o
correlation.

1 7 The number of known data points used in the estimation.
2.5.2 Variogram analysis

A varibgramggeostatistical t ool used to <captur
dependency wi t(haoa ml iangd at2asOetodel s t he spati al st
variance between pairs of sampl e (Ddiinwvtes a&s We bfsun
2015; Boh).innd, iz30@€al cul ated by taking the squar.

at an increasing distance and averaging them
rQ —B a6 Q aqo (8)
Wher e:

Q0 YQE QU 0 1'C0dE 0T &

6 wWQwE&dn dov@mdada Q Qe Qi

N 0 OWR 0hE ©Q

d ool QOFED Q1 Qi o

ao WOl 0 BRED Qi IDING6 £ O E WERD AWM 0 "QE &

40 Q0 0ol QOEED QD Q0 D OD WE £) 0D B & AN o dE OQ

Variogram establishes a |l ocative continuity in \
greater similarities compared t o (Oddmpelres& fWierbtshtee
199.When using vamaloogsmatnsn uwwiot y gaft itome mitneéersalief | e

growth rate of the wvariogram o wearr iao gsrhaomr t¢ odm psotnaen



1. Sill: This is the value of the semi variance where the variogram graph start to flatten it
represents the end of correlation shown in (Fig 2.14).

2. Range: This is the lag distance of the semi variogram where the semi variogram
components reaches the sill value (Fig 2.14).

3. Nugget: Represents the short scale noise or randomness related to regionalized
variables and is inherent to geological properties. It is illustrated graphically on a

variogram plot as a discontinuity from the zero mark of the function (Fig 2.14).

Experimental

/ Variogram
®
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Variogram
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Correlated | ¢Nu99etunoorrelatedv
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FigwrieSemi vari ogrsahno wsitnrgu ctthuer esi | | range and th

the area of correlati oarraengdi ams olr e yedanado @cdoerakr i €naiuai tnhh
Bohl,(2md).5

2.5.3 Quantitative Kriging neighborhood analysis

Toper fOmimeisnd mamyrstly deal with the conditional |
i s inher &knti gdantgitnhaet i ofWapeoca@$s 00T3hi s bi atso may |
unreliabl e grade valpresd uwdhthicdn manp alceé sdmeé neo over
the seaaighboWahmamad al 2008ddr ess tghaat bKatspgvag
nei ghbouanbh b g@KNsA) carsr i ¢ dl ed etr tmh e e o Ktr ii gadnrga met er s
(Tal esh Hosseini;Vandksgla RO 0THRENAOhel ps t o create
search volume by taking into cognilelhated-tbre m©Oo
caelated points within a selected block for re
parameters arianpoon aindkerrtieogi sntwginmaat i on and are det e
QKNA pr:ocess



Estimation block sizes;
Minimum and Maximum number of samples to be considered;

Search range and configuration; and

p w DD PR

Number of discretization points.

Kriging ehfllicpencfy megsedsi ondetermine the best
These metrics ar eKrailgsisntgumaedi as e@watuation tool s,

in detail in the methodology section.
2.5.4 Kriging Performance Analysis

Mo d e | performance anal ytshikr iigsisnag rhaetyi cam mpethlkeond, ofif
insight into the accur Kcy geasntdi nahtee .prletc iissi oinmpoofr t
meas urtehpefr f or mhAnesti mati on methods because of t
(Loguin & DoOboTihgt,si didiscgaelc,i ally in the mining indu
for mining decisions.ciFaod uar sot iansasteasbsh etaheet hebfdf
overall perfor mance dafe tthoe dnrisrdiemg aodpee reagttMiaonmat i o n ¢
anGui bal) %$8asistical and mat hemati cal met hods ¢
and quantitatively analyse the performance of v
i ncorporated i nt o scoofnnwatriettase dmodéEmé ningime o wi © g

are commonly wused in assKesisgising matei epres f or mance o

Kri ggififg ci ency

KEFF is a statisticdliranmnaloyaice dt dol DRtamaste. lhaviKs i g e
2024 I't measures hbAhdcksesek Kmagviasrgisaansce nor mal i sec
bl ock wvariance expressed as a percentage. Thi s

met hodol ogy section.
Sl ope of Regression

SLORs a measure of condit (Denudls thiad ¢ 0 dTth et hSeL GeRs tii st
a comparative method where the | inear regression

dat a. This method is discussed in detail in the
2.6 Machine Learning Applications

Zhqg@O3J3def iMLeEbe use and devel opmetniméoy Iceoamrprutwveirt hsc
foll owing explicit instructions. This is done v

which may draw patterns and Mbliavenaepeduloimanm Ig



procebdt stinguishes it to traditional from conv
JooskRakipl 2021t provides the ability to learn fro
trends wit Nlihnast hgea idnaetda .popul arity over the past
mi ni ng i(hdmeskDawrp eayn dhr ya, ). 20T2hlese t ool s have the
generating predictive ngoedred reaxtpdh@r atcig@®n dtea radseetds t
202@a@anasseéeangeol ogi cal compl(exrety ab® 02Amad giitomnal |y
mi ning opMihati dree,n ustdr dap titiomd sfat miomer albyr esour
studying mineral ogical and grade d@Jashtbroeobbu il on w
202.2n all t hesMLhaapsp Isihcoamni qoprossi ti ve r esmuldtas alsye trse v
t hat had proven difficult or did not gesner at e
(Kar pettneal 2MalBi ar et;JabshalRi0Ol1@§Thaks. j s2mainly due
computational capabilities as they can handl e n
model s f asrtaedri mbi boanhalli n g Mlmael t shoo dest s icihseeas advahb a t

of the programming planByChmrrrrudih eas opepytaercess
Despite the gr owMnign agpeds ciaegn oens otfhere are stil
standardisation and integration into obddesystems
fl exibilMUiy idssvuedsed i nto t2h3lee broad areas (Fig

1 Supervised learning: Uses labels to assign datapoints and train algorithm to generate
predefined outcomes.
Unsupervised learning: Learns from data without human influence or preset outcomes.
Reinforcement learning: Environmental based learning in which an agent learns from

reward feedback.

MLi s a subset of Al which has the capability of
l earning of the set thRodyrashdi t®9a@d8ed by the da



Machine learning

Supervised
learning

Unsupervised
learning

Clustering

|

Reinforcement
learning

Classification Regression Decision making

Q-Learning
. . K-Means clustering R-Learning
Naive bayes classifer A e Mean shift clustering TD-Learning
Decision trees Neural network DBSCAN clustering
Support vector Regression support Agglomerative
machines vector hierarchical
Random forests Regression decision clustering
K-Nearest neighbours tree Gaussian mixture
Lasso regression
Ridge regression

Fi guurxl8MLcat egories and their respecdt)i vSeupeaelrg/a rsietd
| earning methods that wused | abelled data for | ec:
unl abell ed data and no human interaction (indepe
met hoesy on | earning baseadopn ecduyud,darde). @ e r ewar ds

2.6.1 Traditional machine learning workflow .

Il b heeci ence and engineering fiel ds,muislite iisd @mtmimfoine
to start wamiyc hprwijlelctf orm t he ijrei&@iinillMdsmeeyph oadfs t he
require a probleef ot oenih@céhdevint il f iaedl i n the sel ect
met hodol ogy obfectahdbeep yocedsdms are n@Etana edmdealsi ze
202.A desired outcome may be determined prior to
data collection can be done with the dMlLuseme in
and in some cases may |l ead to bias in the modell
gual ity of (Mehher ecbuitaclopnie2Dlat a i s then coll ected ba
problem and desired outcomé r utmius aiyelywgboel el irtohcokl
geochemistr yBafndr grriMdmesided & eat ures are to be de
artehe MLempdel s and are defined aumemy cdagt avh(i cuhmaerr
as inputs i(lhubtohuee ,ymo2d0dlDy pr esent the informati on
required to predict and decrypt data relationshi
variMlas gor it hinbhret onaj ori ty e8f0O%)het odabtuaisledt t(h6eO i ni
of phedimddé@last esk)i, Mad&lF evaluation foll ows by
t he remai nidgo)tdlatt mi § 29Dt a g e ptehref osruncacndtées | agpforrdti it dr ms

are assessed byetpreirdfBhremacnocemom| y wused perfor mar
precision, recall and Fl1 ¢(ésdmtde,r XOBSrsifégrnes Di
al gorirtoloms mean square error, mean absolute erro

HC



erreorre uBetdchkar pv,l n20nmo8s t cases the bestn perfor
selected to form part ofudgeidn méiegrt hmao dvidle motdatl | ¢
wor kfl owbied osvh @dmugr t2h elr up t he wor kflow is the me
and maintenance process in whicdand heueal iitsy comead |
any updates on the model modul es and dependen

performance .of the model

Identify
The
Problem

Outcome
Definition

Data Collection Feature Model Training ilodsl
Engineering Evaluation

Fi gRndAsi mplmoddlwoirnkgf | ow t hat shows a summary of
above, the identification of problem and model
ML moaddlopt ednfdr(don).9

2.6.2 Machine learning model selection

The selectiomodoefldtibneggr rt gmt i s not an intuitive p
proc@®sschka)l ni0tli8al understanding of the data i s
al gorithms, it i Wihf eonr muss itnhge cplraoscsei sfsi.alag d rotnh Banmsd 1 ¢
userushtave a good undematthhendad tnigec aolf atpheler sttt laat st i ¢
underpins the process of these algorithms to m
out colnees.el ection is determined by careful consid
dat a ,t yfpeedst meesi onal i twndi ningremrdetdacmieldist t s @r om |
and ShinFigb@a8monstarsattdepst espl ect i on aprroecgersess safon

algorithm.
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Convolutional
Neural Network

Recurrent
Neural Network

Fi gwrrné& MLal gor it hnf Iscew eschtd winn g t tetpe pstoempss of sel e

Outcome:
Discreet

Decision Trees
Random Forest
KNN classifier

Decision Tree
Random Forest
Regressor

@del Selection

Image
Classification
Supervised
DL

Speech
Analytics
& NPL

model fit for purpose.
2.6.3 Machine learning model performance

MLmodel s have shown to have potenti al in optimis
introduction sectiome@abiove. a  Thegeufimdrdred rsd édreti @ e n
t hat the | evel of confid@mecehkarwiWhendédl Bletsh o chdd
include the use of val iFdoaltdi ovna |tiedcahtnniiognu, e sa cscuucrha cays
andrror value magnitude anal(Sasrntsr as uarhd ajsh rtilowstf yu,s i
eval umeétilobods used in this research are discussec

of this report.
2.6.4 Hybrid machine learning algorithms

A combiofMLtalbgori t hms amidnédrraldinte omarmeehdaddd i mat i
recently gained firnomenised usntHgye ecdpxrpees d st s a wor kf
demonstrating tMlei ni nat egpattii aoln eEEtridmatain@nEr fareg e s ¢
202.2his combination provides robust modelling as
MLand stpheet i al relationshder of adaditagpomirhésakar e$ ot

MLal gorithms in mineral resource est i (Mathibomband
et 2a02,3 wihavhei ghl itdlatedven though some oMLthe st
met hods out peMLibarsmdidy omon IhmMmscsaosnees ,col | aborative p

bet ween t hestu@tdeamul t s.
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3 METHODOLOGY

This chapterstphhpes eptsscrtolpe t beomeghed used for thi
worlkhe wor kfl ow adopted in this project is illust
into two workindg &iyy ihmooNodtaeptysoekrbBpantda mi ne model | i
softwar e

3.1 Datasets

The dat®pr ecsheanntn e | sampl Dmige fdamn tae ifm ognol d mi ni ng
Carl et@Golvdflilel d of the Wi twat®ehe rdatda Biasithab Sloan
stored i neacdfieenrosdhe st aianaoepdilniatthecsf agrade gol
and sedi memarod mgti erad .

S t
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1 Quantitative Kriging | I
I Block Modeling Kriging Estimation Neighbourhood + I
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sy |
Fi gwBrleSi mpt aplgi c al illustration of methodol ogy
at each step

used

3.2 Exploratory Data Analysis
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programmi ng Tlhengwadgkdasn.g directory was then setup

project. This is then followed by i mportation of
or as an external | ibrary defined by a user.
|l mporting and installing all r esquucihr eads:l i brari es

1 Import Osi Operating System: Allows to interact with the computers operating system
(Windows, MacOs, Linux). This module provides ability to manipulate file directories,
extraction of operating system and shell commands.

1 Import NumPy as np: Stands for Numerical Python, forms the foundation of computing
in python as it enables the use of arrays in different sizes, matrices and execution of
mathematical operations.

1 Import Pandas as pd: It is fundamentally a Numpy extension which allows the handling
and analysis of structured data.

1 Import Matplotlib.pyplot as plt: A visualization tool in python that enables the
representation of data in static, interactive and animated graphs and plots.

1 Import seaborn as sns: This is a statistical visualization tool that is built ontop of

Matplolib which is used to present high level statistical graphics.

The primaeyowaladY @ onverted to dsnu of itlhee arud yitmpo rptl
initiating the prepPromas sciorgh mafasiteh ev ad aited.n me as u |
centi-meamet pem()g,/ tit was then convelrtedytohanmnmenl
wi d(tchmind an extra column was added t o tbhye tdhaet a.

equabiedbow

5 6 Q0 87 (9)

The data summanrtgh esnt artelvsiteiwesd scusbagf uthetidébnyde Th

to check the following statistical properties:

Count: Total number of entries per variable.
Mean: Arithmetic mean of the data per variable.
Std: Standard Deviation of the data per variable.
Min: Minimum value of the data per variable.
Max: Maximum value of the data per variable.

25 %: 25 percentile of the data per variable.

=A =4 =4 =4 -4 -4 -4

50 %: 50 percentile of the data per variable.



1 75 %: 75 percentile of the data per variable.

Thdf .info() fwwnctheke&r ast ecedaftaat,dhet hi s includes
types (float, object, Bool ean, integer or strin
mi ssing values in the dat a.

A Sclikdrtn (external |l ibrary) prewasmpestad &odct
to convert categuomeéenmil calataalimg.o Tahi s is done by
features into @ofidummynadrgr vieaner with zeros or
i s conclérimedoaneen t h@wumeni c al variables (packing,
mi neralisati on, car bon, pebbl e aTshsee nsbplaatgiea,| cdoaltoal

was constrained to an area with sufficient data
in the repositioning of the outline/WwWododarthef
research to data centri cnuarheefrs cwimpoah amaywynaédgad c
the estimatTlhe ¢patocxzesatures waresciahéemr dipspl awe
mat plfouncitbhi on (plt.scatter) to display the spat.i

their measur ement s.

The data features were displayed on a histogran
di splay the distribution of the data by a series

data falling Wwhetehidatahdtatamngs. were then displ a
both wBénpgandas (df.corr) function which is driwv
t hat measures the Ilinear corr el ahte atnmalpe tfweocemnm tpt

Seabbdbunction (sns. heataomlpgurt odirseplraey enft ttthe corr
correlation was done in three blocks, one on a
properties only and then gold grades against sed
correlation iamndcgtehemudndre son percentage correl .

matri x percentage conversion.
3.4 Sample Point Domain Analysis

To build thet pS®tiamtd athamaksns |l usckeni agge was nesved arl
appr o&icdin eid d itbsatseerdc ec | us t®@emibmn g & ta owddiirees d and mul t
di mensiosoaalibngnawarspomoatredduce the di mendihenal ity
St andamdarKs cl ust enxipngfh agtderi n2 and t hebaSiegined

clustering techniquUbédei seguplraidnédbbalrows were ir
executi onmednst hel ukst ering and in addition the ¢
scal i ngmemist clkust erTing daet @odas i mported wusing p



pd. read_csv (file name) and ensured that the da
using the parbhasa fcwd awtmnesnd.0 be uhblfeedatwerree isred ercttae
antdhis data was numer i ¢ as)prantei alo | ludkdmesXYi( dgpr | alddeead  (
dat a ,Au( cg)/ sedidnetsdiohogmsglad mer ate % andTlpebble
data was then scaled using the St aprdbaredSad arlge iwhfic
is used to standardi ze cchdteas .wiTthh sdii fsf edroemret buwn irtes
and then scalingThe dauaitsvahéeéanteansformed by
data wusing the scal er ..fTihtent rsend sefcari no(nd aotrfl §tr hfea hacp t
clusiteerdgdet er mi nseidl hucsu entgtndd daseé¢Beostel di n i nde x

3.5 Signed Distance -based Clustering

This clustering teicthhngeaoaobwdsismicxg:-Iro (Betddl3 Thi s
met hod was hbhppl heth Goo@ppibemenbs the Bushveld (
gol d depoWitwabéBadialmads shdwantages over the com

clustering techdWirgqwuesn. ahtd ie$ i "dianatteison handmamue

determination of clusters. It solely depends or
capturing the spatial components and wvariation
underl ying geoNwogi&k &lr i 29&:.tl eTmsi s i s i mportant in
mi ner al resources mheekbsr apyiegndn omeaded he model
This medodmoiddheer sdi st ance and directionality of sa
clusters technique has been used in mineral reso

acombination of-melaest c&dis tiiegonitatiga nkcred f @(Nnawcatidl can s

Fri mm@)3When car rtyhiinsg n,euthod, firstly the feature
i n ¢shiidgry t hi s s tClW Y cABAnffbgm .t)gvetr e s el ect ed toget he
spati al | (oXYaa)coosdii Mas eghad edld st amt¢eul ati ons ar e
d o nfeor each samphe metmoéd chosenmsebesdhepodihet s

nearest feature boundary. These -madicmug aal gosi twhet
where each point is given a signed valWeat o6 adef i
& Fri 3T he magnitude is then determined which
point is nearest to the feature boundary.

Af ter assigning signed distances, the weights
i mportance of the features. The weighted signed

mu kdtiime ns iroendad dttiyon but preser vi ng de nshtaannccheesg b et v
visualisation of relationships anddistinenn$iaomnaliets

spadde Sklearn mani fold MDS modul e Rvarsdlbleye,& t o



means clustering techndgmenwiase daipcptlgi ewde itgdht elde s
di st amaclesses. Trhearfs nallukKt ers were selected basin
andimilafidaea points in the dataset.

3.6 Post Clustering Metrics

Upon completiomgofprbbess])] uat @roist clustering an
determine the goodness of the clusterBavgieenser at ¢

Boul di mriendisxd to analyse these clusters.

3.6.1 Silhouette scores

The sil houette score is a mathematical matrix us
bwnsupercvVviuseadri ngR@k ol i & hMs). mdnn, mzd@Gures two p.
cohesion andhoaemari ant iFagp r3a i deesl oiwnsiight s into t
reliability of (Bhusmpwiacd ocali eGCoRORMEN i s the sin
variables withinmnna 4ihreg wlegradiadt s iotmecrbasruittédye b et we er
nei ghbooalrhe®aepsdtr.aal p82Pudtr.g20DJAi ghlight that the
scores are a matrix is driven by a distance calc
function is wused. Fig 3.2 below is an illustrat
calculation f oéd | diwsgrmami ng on th

CLUSTERA CLUSTERB

D3

D4
D5

cfiii)

Cohesion

Separation

Fi gwBrRe&Si mpt aplgi c al i $il lursaaradttdied aantdi fotnhse cl ust er sel
critle)ri@Gohesi on demonst(2)at®eaepdryatbilomnad DPebdtr at e
and abds5opt edafppuoma@3.0 al . ,

To calculate the cohesion, separation and the si

is calculated and the Euclidean distance i s used

on



06 & AWOIGEGE Q0 ® o 10)

O &I Q¢&— (11)
YO Ol 06— (12)
YO0 Q®E VOO0 E6— (13)

R
3.6.2 Davies-Bouldin index

ThBaviBeosul di n si mdheox her metric for evaluating clu
similarity of each cluster to its most similar

of tch tursa er-c It wstienrt edi stances (Petrovic,tahZaG®E) . I

were computed using the Euclidean formula. The s
DB+-B —) a5)
Wher e:
1 Kis the number of clusters;
1 i isthe average within-cluster distance of cluster i;
1 i isthe average within-cluster distance of cluster j; and
1 Q isthe between-cluster distance of cluster i and j.

3.7 Domain Boundary Analysis

The generation of domain bouHddearrine sl iwvwarsardyo npea cuksai
is a host of many <classification and regression
and evaluating the model . T (ee d a t@a)snattregw écsh gd i avni dd
crowsaslidation set. The features (independent var
variables) are initiall ycrdossfsil n eldhattian ns eatl | ma khees ntoQ
the total data and [ sevakdaiFioonh hehtidssg ealojmacde a s
mul tiple c¢classification ML algorithms was used,
t e, RF, A B, Napvree Praggdsiyo L logNestt wer ks and t he Gal
Thee xnt shepl ved defining the dictionary of e a
hyperparameters which are model controlling par
and testing of the dadetaavorasouv(all QQl)a tiiso na ppprlef ceetlsdsw hoi fc |
stratified cross vali daseircene mehilypocelall a®™h engp rt ehcki o tei

op



frdme cross vradsiulléteex,omr aey anrde skull tssc obrfeo mhea d i
iteratioalsc demtelee aver age waesr fcoarlmqmaanicaanedel . The ¢
forming modehstdrefuhene use

3.8 Machine Learning Evaluation Metrics

MLperformance iis measured using a variety of e
establishment of construdNdweakefveichdb)&@cKhif®ri ¢ heon
by the continuous feedback generated from these
mo d e | unt i | a desi r dla pokuotwci ochniea pi RsO @eficghhi aehv,e)d2 0 1 5
These matrices also provide quantitative measur e
of wvarious models which helps in the selection
cl assi (Nioowatkiearn 40 .7

3.8.1 K-Fold cross -validation

TheF&mét hod i s ¢ omkhictmol ye vias eudatien model perfor mance
used in this projecandstad irdeagemptihee tnhoadned a tpeesrtf otr hree
reliabilityyRodfritghue amdddledlpon completion of-the te
validation was carried out to analFyosled tvhael ipdeartfioor

done by determining the number of a -tge tuipn o fd atad
These subsewmr ag efiknl dso and in this project, a
singular fold is trnédat ®adneda st hae ttreasitniimg sseett 1K t i m

the eradssdations i s used as the model performanc
3.8.2 Confusion matrix

Confusion matrix i S used to measure the perfol
Japkowinaszhah, ).20Tikhe performance is visualised [
comparison of predicted outc@Bmesrand CheiTaiey ua?
following class of resultant responses from the

of t he model

True Positives (TP) i Correctly classified/predicted positive labels;
False Positives (FP) i Incorrectly classified/predicted positive labels;

True Negatives (TN) i Correctly classified/predicted negative labels; and

=A =4 =4 =

False Negatives (FN) - Incorrectly classified/predicted negative labels.

Accur acy



Thi s captures the proportion of correctly <cl as
i nstasnhcoevsn i n e@olVakmel adv).7

36 (17)

o g ¥ ooy

0 01 ®

N

§

Preci si on

The ratio of the true positive prediction made
predi shiowns i (Noevp.k8& i 40 ).7

01 Q0Qi Qét (18)

Recal l

The ratio of correctly predicted poshiotwinv d no kesgge riv
(Novaket iZd)7

YQ O G G (19)

F1l1c®HBre

This is the harmonic mean of the precision and
bet ween Pr ecisshioonn & (Reecqah@® i 50 ).7

0 co— (20)

3.9 Pre Kriging Process

Kri disng -dpdateiaal analysis technique that is wused
prope(Rbiseasbeut sch.BeXIr®x) p&Krrfigtimgng ar e spati al
t hat are determined t o aTtchheiseev ei nacnl uodpet ivnmaarh doegsrtai nm:
data transbormmatiionn pr ¢Vmenmt e @D D.Manghoni Kat gvaeg
nei ghboanabipsli &l stoo ddoenteer mi ne t he bl ock sizes, nlt
with, search range, and the totalVannenmb2® 0.%f di sc

3.9.1 Z-Score transformation

Mi neral resource data normally contains highly v
values and quantitaOnvmaggoobemsbonyg, daha.data h

them which are defined as measurements of a var



nomi nal val uneussbte Thr s at atthaa tn olanimmatysa wstelsi er i nf | uen

the overall di stribution and statistics of t he
including outliers in data analysis haWevalkkeen di
& Kim,;Bao0bheét)and o99Hde met hods of identifying and

been extensively studied.

O — (D

Wher e

1 Z=Zi Score;

1 X =Individual data point;

1 u=Population mean; and

9 G = Standard Deviation.
Treating outliers is a sensitive task because i
capping data may distort the data and result in
we want to deal withonhe iowmpeavwd $n edadcedudahfbuelr s
compromi se the quality of the data. To curb this
acashepcasneer it. In this project confidence | imits
outliers to deal wiehvahA Whhchonfsi deggawe rvail wanltu & oi
prefefThiedd means that al | data that pl ots beyond

outliers, this helps mabDotmain Ohéenibtabgtytpadf 1t
were reduced to 1386 after transformation so 91
samples and reduced to 495, so 45 samples were c

effect of droppeddsampl batienstdbwgrams in the re

3.9.2 Normal score transformation

Gold grade data is inherently positively skewed
di stributiont hes tdionm@twidoent o pé . Na 0O ma l score transf.
was used in this project data. This is done by s

to highest and are assigned an equi valyYyamtserank

2022 These rank values from the normal distribut]
dat a.

Krigisnga <dJepghtdent interpol ati on met hod and th
determined by sample | ocations §&nmd hdeeesitkaln)xCel 4 r om
The collection of mining data is informed by ¢ttt

oy



sampled, for example in a mining operation more

of the mine which introdulcesaksamplSmigv.dbsdtasv a,o IS
3.9.3 Cell declustering

Weights are distributed based on proximity to th
Generally, data points that are close to each ot
and those that are fa(Goapaert t)gCet-blhfiséerde dweecil guhsttse r
mi ni mizes the declustered mean per cednd tshoeiar p
respective declustered means i s generated to ch

declerusd nfeamaks & Srivastava, 19.89; Ros si & Deut

(a) Cell based declustering process.
An original cell network is determined. A grid of equal cell sizes is placed over the domain, the
cell size approximately represents sample spacing in a sparsely sampled area of the domain.
The total number of cells occupied (6 ) is calculated and the resultant cells are assigned
the same weight. All the occupied cells are given equal weights. In cases where there is only

one data point in a cell, it is given as:

— (21)

In cases where there are multiple data points within a cell then they share the weight assigned
to the cell they occupy. Sample weights are calculated as follows:

0 z¢ (22)
Where:
n=Number of occupied cells;

0 = weight of the individual sample; and

¢ = Total samples within the cell which sample i occupies.

3.9.4 Variography

Once the normality of tyeenadlaytsai si swatse sctaerdr,i evda ro uot
the spatial properties of the data and generate
These parameters are required to compute data ¢

certain (Rldhmsltiam)cTeh@00ari ogram has been the most i

o o



Kri gpirnrogcess as it provides insights into the spa
dat@l i aeWebster), 2015

Covariissnogd ver 3b pvwerkeprwe t he first point is the he;:
is the tail Z being the vatBablienof 20n0®rest at
C( h)—=B a6 zao Q a za (23)
Wher e:

C(h) = Covariance function;

a6 =Head;

1
1
1T ao "Q = Tail point with lag vector h;
T & = Mean at head values; and

1

a = Mean at tail values.

Correliasatigoemgn2bywleéomatmitdevercalvlari ancsquarde t he

the ssmanflardsfilevi Boit bntvadll (Besmd i m&.ad hHE5—

(24)
Wher e:

1 r(h) = Correlation function;
1 ., = Standard deviation at the head point; and

1 ., = Standard deviation at the tail point with lag vector h.

3.9.5 Quantitative Kriging neighbourhood analysis

Thi s step involves the <calcul anieoghldu.rthhbtebdopt i
parameters being considered for this process ir
mi ni mum and maxi mum number of sampl es, and the

bl o@knwa ama, ). RrOilgfienigghboamldydi s mini mizes the ¢
bef or e rHKirningeisngg é@eatnent . al 200 3

Search Range

The sear awlmdredngued by the output data from vario

sear ch anwdreisomgatalges ghar i e &earchOP@nges were ¢



par amé@Wef¢c mAuapdiltih.)./ tThe search rangeowmas ndet e
i bhbhis research domdaidmsnawelrse 0d eafnidn €ld .a s

Bl ock Discretisation

Bl ock Discretisation i s t heXYpanodcdei snse nosfi odisv iadsi nbgl
sizes which are (Manbéeuknt &ohpiodsl aprea@dcess i s | mpo
geostatisticalprwworn ldfelsowa agsr iidtded representation
prope(Buhnd&Deut schin20B0Ds case gradeasl aemgsl. cPhainmte | ¢
wasised in defining data t ¢Summldeacyk &a vDeerjalRdeo lecko v2alr 2i
vari an&ei guimatrg ave cues e dd étoertmi em eo pli ismalet os&dsi ze an

iwasal cul ated per attribute in each domai n.
Mi ni mum and Maxi mum Sampl es

To run a Kudgeeagghudoanabpdi §s i mportant to set th
the data. I n this projexwhitheaddtratissthepvesent
di stributidaetefmidatat hegoopti mal mi nt membbhodkmaketk

i nDwas s»830matwyd30Onand mx@Epresenting no elevation).

Kriging esfcforeisemwey e plotted against the number ¢
channel wWKEFE&Nnd Thile@Rer e plotted and used as gui

opti mal mi ni mum and maxi mum sampl es.
3.10 Kriging Block Modelling and Validation

As explained above, it is important to determine
Haet. al 2i0 3t hi s case, a 2D gmihynma&o ndfeisg wgrnaetdi ocant .
bl ock model was generated in Datamine modelling
used to develop a graphical i WUipwst rcaotmpdretdofont o
mi ner al resource esti mahbelomclkndod dle, gramcdelatyv alni d
out. The model validation is important as it <che
t he model i s r RoissmBeuansdhyse@WaeBper f ormance of t
critical wie# hfmakdeecd sfi@msmi ne planning and mine
(Gl aceena00.The number of$ebattedmddeplacacscuracy as
data poiagtrseaitavdanhacbverall performance of the mi
mod&losanbeut sch, 2013



3.10.1 Kriging efficiency and slope of regression

The performance of the KBEEEnd vBdls®@Ra s hesseedrescoanr
Kri geivmmd uati on matri ces u$¢Ded tierc htah2g0 1ndi hne yn gme ansdwrse

the closeness of our estimation and measure t he

1. Kriging Efficiency (KE FF) - Statistical tool/method that measures the effectiveness
of the Kriging estimate and is used to analyse the accuracy of the resultant local block

estimate. It is described by the eq.25 below (Deutsch et al., 2014):

Kriging Efficiency = KEFF = —— (25)

2. Slope Of Regression (SLOR) - This statistical tool is considered the conditional bias
slope in which it measures the extent/degree of the smoothing effect of both high and
low grades within a selected block or domain. lllustrated by the eq.26 below (Deutsch,
2007).

Slope of Regression =SLOR = —// (26)
Wher e:
. = Bl ock Variance
, =Kr i gviamg ance
= LaGrange Multiplier
3.10.2 Declustered sample grades versus block estimation grades
Swath plots were used in this research project t
bl ock grades. These plots can also be used to co
met hods, which is not wi t HGomn ctah ev elsicro RHEI2LGf t e g is
demonstrated the comparison between OK, | WD, an

swath plots take an average grade along a certai
projectS BahW @&irections wer ensctoannsti d5e0r edv alt sa Tlhe
pl ots output file contains the number of sample

hi stogram. Absent data grades are also recorded



graphs are generated to compare the model estim

inspecting the correlation between the highs and



4 RESULTS

This chapter of the thesis cover s, ttilce vraarsiutitithessd f r
resultsekpoborahery pdaotcsadmseinphitd oamegeaul t s from t
point domaif ol btoheesnyMti hsg e n elyr caut neddearriee sr e.v i ¥avreidogr am
analysis results are then presented showing the
data, where spatial properties of TheeQHBEAa BbBe d
then present edKr iwlppieamgaenegpt a mal Bedlewcdteadr i ng and we
resulrtes t hen presented, furthermore estimated gr
presented. These 2ax eb Indmableplh,d yredieud Int aant peonf esmanc

aral so ounltimies secti on
4.1.1 Data preprocessing

The initiadsnirsdbvieddbHtl®n dmratnads ,i t is made up of t he
of data points, where xwessatyit 8j ng=westidhgatcestda
south axize,| eshei ght (was not cohshawmeidn fbablteri
bel.dwe data al s®&W r{oilhjidcens itshet he | engt ht heef gsod ndp
grade valcead i -gvenh npee r Aon (cm. gt al so encompas
sedi mentol ogi caiwhidebbbtit pt spparcek i ng, rounwhiesk, an

al | describe the maturity and coCapdieadiEmefof t he
Finally geological descriptions tolie tde@n gnhionmeerraalt
per cenanadgaes al ctohnatteascadr i bes the nature of the ©br

' it hol ogihoma iwmniTad.l e 4. 2 bel ow

Tab#keSpati al l ocations (X, Y and Z coordinates)
X Y 4
2354. 5 -21088. 2 -2343. 2
2357.1 -21074.5 -2334. 1
2363. 9 -21080. 9 -2356. 2
2364. 3 210714 -2360. 3



Tab4dzZFeatures from the primary data includi
showing the first 5 rows of the data matchi
Congl omer at CW (cm) Au (cm. g/ tfPebble S

(mm)
22.0 11 4742 20
60.0 12 3671 20
77. 8 21 8203 22
76.5 13 71509 30
Basal Contg Packing Roundness Sorting
Sharp We | | Sudbounded Moder at ¢
Sharp We | | We l | round Moder at {
Sharp Pebbly Sudbounded Moder at ¢
Sharp We | | Sudbounded Moder at ¢
Sul phi des Car bon Pebbl e Reef Col
Mi neralisat Assembl age
Low Low Oligomicti Dar k Gr ¢
Low Low Ol i gomi cti Light
Low None Oligomicti Dar k Gr ¢
Hi gh Low Oligomicti Dar k Gr ¢

n
n

o Q



4.1.2 Study area selection

An
because

area selection

esti mat i onThpeursptousdeys .ar e a

t he aceind atsendg na m & ol fit
b ominndi aruyr2 W0aOsOngs xeit mwm

for

dpaotiawth & c h

i s

t hsee | setomtaigyo navadatcar deeresi towt

good

X 2500M ni Mum7,000 @maxdi m¥dm= 9TMNLe |l eowtfi drhi s study
resul t erdediunc ttihoen of 5j6altOa2@dbimnhtes sftruodny ar eéan i(sFidgi sp
4. bhel.ow
80000
~16000 -
"p
70000
~17000 S
Selected Study Area
- 60000
—18000 -
o ~19000 1 : —50000:
- e . ! S
3 . ) : i g
S -20000 b R 'i 40000 u
[¥] ° 2
> =
Y
—-21000 1 - 30000
' ’
—22000 - 20000
-23000 - 10000
T T L T T T 0
2000 4000 6000 8000 10000 12000
X-coordinate
Figunleut!l ine of the selected swhidyh awaa tdiommed
the whole dataset because of the. density of dat s

4.2 Exploratory Data Analysis

The

converted

(cmu
(cm.@d tgdne
g

gol d grade
to
(igs/ ta)
is the

rade calcul ated

recei vceedn tfirgoena nish epAamri fitepmwsgos tiitn wa s
graombt perThiosnwasulownecmhmyg/thjei di ng
featureathatlr g patnedsaesn tsslanss I a B BAWt | o n

f uTncbd ieBapioés ¢ mtes od dnleuvorfre stunlet a nt

from t he

golldhiaghdumhlt adi om & d ¢



Tab#4FExTabl e

bl ue

Th e

perc

numeri cal

shdwirmsg et deat a gcroalduemndse Ifadgris g h | ( ght ed

| ower )vrailguhets ccdorynvesrir & ieaifp.n)g@iitghl!l i ght padnd n yel |l
t heW (¢m) ghlighted in orange)

Au (cm. g/|CcW (cm)Pebble(®mJPacking

673.42409/86. 546120 We | |

508.03133/80.493420 We | |

310.16474/72. 640417 Scatter

349.96073(30.698320 Scatter

Roundness|SortingSul phi de Car bon

Mi nerali s

We | | rounModer atHi gh

Subounded Moder at/Hi gh

We | | roun/Poor Hi gh Low

Subounded Moder atfLow

Pebbl e Reef CdBasal Con|Au (gl/t

Assembl ag
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Tab44&Data apwpgdgesumber of null wvalues per variable
Before Encodin After Encoding
Col umn| Non _ | Dat a Col umn Non N Data ty
Coun Coun
X 727 FIl oa] X 727 Fl oat 64
Y 727 Fl oa] Y 727 Fl oat 64
z 727 FIl oa] Z 727 Fl oat 64
Congl omer 727 FIl oa] Congl omer 727 FIl oat 64
CW (cm) 727 Fl oa] CW (cm) 727 Fl oat 64
Au ( cm. 727 FI oa] Au ( cm. 727 FIl oat 64
Pebbl e si 727 intg Pebbl e si 727 i nt 64
Packi ng 727 obj e Packin 727 int 32
Roundne 727 obj e Roundne 727 int 32
Sortin 727 obj e Sortin 727 int 32
727 obj e 727 int 32
Sul phid Sul phi deg
Mi ner ali Mi ner al i
Carbon 727 obj e Car bon 727 i nt 32
Pebble As 727 obj el Pebbl e As 727 int 32
Reef Col 727 obj e Reef Co 727 int 32
Basal Co 727 obj e Basal Co 727 int 32
Au (g/ 727 fl oa Au (g/ 727 fl oat 64
4.2.1 Categorial data conversion
To conv-eumenboal data to -mameencadedataanaf ommat
depl oyed and transformed the cate@babb®Bald4d.dat a i n
On#hot encoding is technique used to convert ca
It works by creating a new binary columnifor ea
shown in columns ,hofasBdlglnd n@l dn dvedlll cuivmdotc at e t he p
of a category. This method prevents models from
categories, which can occur with shantplendamdieng em

| ead tdoi nheingshi on a
sparse matrices that may
if fit for purpose and domai
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Tab4®Python extract of the encodedhovwl ogst heofmit
columns ofrepereedanted in 0,1 and 2)
PackiRoundn|Sort|Sul phid¢(Carb|Pebbl e |ReeflBasal

Mi ner al i Assemblcol gCont ac't
2 2 0 0 2 0 0 1
2 1 0 0 2 0 0 1
1 2 1 0 1 0 2 1
1 1 0 1 2 0 2 0
0 1 1 0 2 0 0 0
4.2.2 Feature analysis
A feature analysis was carried out to understanc
abovel. t hi sorslgy & m foimtuaneirviec al dat a r ebseud @ uss earcef ptrhe

ease of

dat a
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sfati shecselected numeri cal feature

Congl omerg CW (cn Peble Si{men]Au ( Au
(cm. ¢
coun 2017.00 2017.( 2017.002017| 2017.
me an 51. 45 105. 7 16. 24 26.6 2089.
std 33.99 51.70 8. 16 52.9 3430.
mi n 2.40 6.00 0.00 0.0¢( 0.00O
25 % 21.00 67.00 11.00 4.27 385. (
50 % 42.70 105. 0 15.00 11. 4 1062.
75 % 90.00 143.0 20. 00 26.9 2427.
ma X 100.00 268. 0 98.00 800., 6037.
To understand the relationship between the targ
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n o
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4.3 Point Sample Clustering Analysis
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(c) Traditional k-means
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4.5 Post Clustering Feature Summary Statistics Per Domain
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CMGT_zscore (Domain 0)

cw_zscore (Domain 0)

Au_zscore (Domain 0)

Number of samples: 1386
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Tabd4®kZScovel (d¢s ghlight @g@nienf asreclaefpedatdur e per doma
(Domaihni gOhl i ghtaendd iDo mMmlime 1 hi ghl i ghted in yell ow
X Y Z CW (cnAu Au
(m. 9/|( g/t
7001./-22360. 8-3136. 32105 56.700/26 . 3
7108 .|-224831 6/-3221.6€23.37|54300/23. 2
7112 ./-218630 4-3022.141.69 (204.50[{49. 0
7113.|-215450 4-2879.986.55(673.47. 78
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of the total

py



CMGT (Domain 0) cw (Domain 0) Au (Domain 0)

25000 & 00 s
Number of samples: 1386 of samples: 1386 Number of samples: 1386
a © Mean: 1939.59| | 2501 G Mean: 108.97 e 2
Std: 2643.56 Std: 46.86 =
& Kurtosis: 16.86 250 b4
20000 o Skewness: 3.44 Skewness: 3.72
oV 135 g ov: 1.52
[ 2004
@ 200 é
15000 a
& =)
@ 150 4
= 150 i
=z
10000
100 4 100
5000
50
50 <+
0 [}
T T
CMGT (Domain 1) cw (Domain 1) Au (Domain 1)
23000 Number of samples: 495 Number of samples: 495 200 " [Number of samples: 495
2 M Mean: 112.46 Mean: 25.31
Std: 54.27 Std: 37.96
Kurtosis: -0.85 250 Kurtosis: 15.78
20000 skewness: 0.17 Skewness: 3.58
CV: 0.48 L CV: 1.50
200 &
15000 | 8
g : 150 4 5
= 150 a
g 1 =
10000 & ;
i 100 4 100 -]
5000 1 g
50
50 4
0 — o ——
1 1 1
MGT o A

FiguwunleOutlier treated data represented aAu Whi ske
(c m.)P/otma i nA Wc rp.)dP/otma i nCW (cdhm)mai nCW (ddPmMmain 1 e) A
(gbobmaldfn) (AWbmai n 1.

4.5.2.1 Domain p airwise comparison and correlation plots

The comparative pairwise plots between the thre
| ocations are 4)hoMonmaiim (OFiagci4d . Oémagi MA. Torrel ati o
analysis was done per domain for all theb5target
anbomain 1 showh.in (Fig 4.1

p



DomaOPairwi se plots

Pairwise Plots for Domain 0

>

..
Zos o

St "
| AR,

100 200 w10 100 by 300
ow Au

X
FigunlndPairwise ploelsedtoed avar itinfel Pemaifni @terest

The strong positive Auo fir)alnadt (iApins )bseht owere ni n htehe co
matrix belSpw TRegcdrrelation values,i swhatc h819% ftd
hi ghest <corr edlalt itome avreomigkihé esbwin@al y sedterarxeilsat i on
andaYis values as they are directly proportional

of t he saniphlees eporienlitast.i onshi ps are shownd4d al so in



Domain 0

1.00

=< 0.75
—
c
-050 @
%)
> =
©
- 0.25 8
ﬂ C
9 o
= 0.00019 ~000 @
=t o
< o
N --025 O
E -
= 0.017 0.035 g
= ©
S --050 $
a
= -0.75
) 0.0019 0.056
=
I
=1.00
X Y Au (cm.g/t) CW (cm)  Au (g/t)

Fi gunéPear sanrsroesl ati on heat map of sled(cent.fige/dAuv ar i a
(ganPW (@am)d t heir sp(abonmai n o0c)ati ons



Domai

=100
21250
21300

= =R17G
=200
2225]

gEEEE g

o &

n 1

Pair wi

S e

pl ots

Pairwise Plots for Domain 1

e

FiguiléPairwise

¥

= -
:I_j_._l . [ 1
= Tl T Rt B | II 1
T
i |
IR i
'] - "
- - |I
- 'Y |

o 10000 0000 a
ChaG

ploelsedtoed aVvar itoklwl Bemaini bt er est

ps ar
i fot

thia e ¢

Domain 1 correlation Ae@mngmds@uwray it dalafted hleave
hi ghest correlatid@nfhat e 7 @ %ie (Vikeepgsked ande negati ve
correlationXahbeé®mwe n afnitberft. lgghte se r el at i onshi
in the pairwi&e Amlannt@ W n oFe)gi a4b Fla%®s hdoows t hat
axis has a positive correliantiedrne ewi, dbhies nyavi ¢ f
negative correlation with it, this is also

evi de



Domain 1

1.00

0.75

= 050

Y

=025

Pearson Correlation Coefficient

—_
e
o
£ - 0.00
~
=3
<(
- 025
£
2
= ~ -0.50
O
-0.75

Au (g/t)

-1.00
X Y Au (cm.g/t)  CW (cm) Au (g/t)

Fi gurlgPear soornr el ati on heat map of sdéduemt)gdtAvar i at
(ganPBW (@am)d their spaal@dmdi n olc.ati ons

4.6 Domain Boundary Analysis

The domain boundaries generated from the ML mode
the second step visual assessment of domain bou
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CMGT Distribution with Domain Polygons
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4.6.2 Machine learning internal model parameter importance

The performance of ML al gorpdrhanmettitesr s@ o mtarr almed de r
determine the optimisation of the | earning proce

parameters to improve for effective predictions
4.6.3 Machine learning algorithm performance

To analyse the performance of the various mode
performanhrcieces were used to rank the models. Thi
and af dli-BvoeKd -cabbsdati on.

To examine the performance of the ML algorithms
were 10 iterations carried out and the results
these iterations per ML 220hgdabltd)md atx @ shown in (



Tab4&ML algorithm performance (accuracy score and F1 score) and intern

Al goricCal l Accur |F1 Best Parameters Mo del
Score|Scol Na me
kK NN KNei ghboursCL{0.995{0.99{" n_neighbors': 5} k NN
SVM SVC() 0.995/0.9¢{"C", " gamma' : 0. 0001, " HSVM
SVM_M{SVC() 1.000/2.0(¢({"C":100000, "gamma' : 0/SVM_M
RF RandomForestcC|1.000(2.0({"Criterion":"gini',"'nRF
AB AdaBoostClass|0.997|0.99{"estimator ' : DecisionlAB
ANN MLPCIl assifier|0.992|0.9¢{"activation'":"identi tANN
GP GaussianProce|0.985|(0. 9¢{" kernel"':RBF(l ength_ 4JGP




Tab4d®EerML Accuracy and F1 scores for 10 iterations.
Iteratio | Accuracy - | F1 Score | Accuracy F1 Score | Accuracy - | F1 Score | Accurac F1 Score | Accurac | F1 Score -
n No KNN - kNN - SVM - SVM SVM_Man - y - RF - RF y - AB AB
SVM_Ma
n
1 0.994051 | 0.994044 | 0.998513 | 0.998512 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.996034 0.996043
2 0.996034 | 0.996029 | 0.998513 | 0.998512 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.998513 0.998514
3 0.994051 | 0.994044 | 0.998017 | 0.998017 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.999008 0.999009
4 0.994546 | 0.994545 | 0.997025 | 0.997022 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.998008 0.999008
4 0.993059 | 0.993059 | 0.998017 | 0.998016 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.998513 0.998512
6 0.993555 | 0.993541 | 0.997521 0.99752 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.998513 0.998514
7 0.993555 | 0.993549 | 0.999008 | 0.999008 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.998017 0.999009
8 0.994546 | 0.994542 | 0.999008 | 0.999009 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.996034 0.996031
9 0.993555 | 0.993541 | 0.998513 | 0.998512 0.999008 | 0.999009 | 0.999504 | 0.999504 | 0.999504 0.999504
10 0.995042 | 0.995036 | 0.999504 | 0.999504 0.998513 | 0.998514 | 0.999504 | 0.999504 | 0.997025 0.997029
TableML Accuracy and F1 average calculations per model

Method | Accuracy F1
KNN 0.994199 | 0.994191
SVM 0.998364 | 0.998363
SVM_Man 0.99886 | 0.99886
RF 0.999455 | 0.999455
AB 0.998017 | 0.998018




Accuracy and F1 score per models
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Confusion matrix was used as a second perfor man
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4.7 Cell-based Declustering

Cel |l based weswxdedtttoi ngduce sampling bias by di:
to the sampl(ehidgihsltyr i dludusdtoemr ed samples are given
spaced samples are ,gelvlensinoea es eMed cgthitesn) i s done

target vari abilre (afRdgRF®&g ZHRoBnF.i Fi@andd 2Fir)g 4. 2
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4.8 Normal Score Transformation

Nor mal score twaansfsedmdatoi otnr ansform the decl ust e
di str.iGoutdi ogr ades are inherently posieffaencd skew
t heel ecstaimpe i ng i n miinn fnlgu teompicesr sadtii Otmrei fb utt H @ nr. eas on
thheatdes kewness and hesettiec @daoptavhdeir @n alh ee fef & cst
variabil i t-gr dde tshemphtiegiip am ed s t-gor atdhee slaomwpT hee ar eas

nor mal score method transforms the dataalmy const
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