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Abstract

Ore and waste classification i nopegerratge odhehi nel
which materi al I's cdreoisdarteadctasalor eeohniwpd s
conditional simul ation are used ftod | esve d matye t
applicat toofnf ogfoaallécwtri mi nati s cl me s mat ent abs oc

estimatbdds are not consistent with the actual
di | uWiitoln t ee ot agiodhpuoferes hawd ogy, including ad
procesiregdicampib@amhadhierse | earning aided cl assi:

eval uation sy.stem are proposed
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optimize matealahgel dedustcabal oapproac®Kpased
SequeBdusxadianml aSS@M)is (used t o si mulagtae ntshhe wdrn @inr
t wo grade controlamedelhsead Raddsi Sfdcr@K)t open pi
Bot bdallesmonstrated decent results, achieving
Howevére, Kriging model exhibited approxi mately
Support Vector Machine (SVC) showed a slight|l

across the two scenarios.
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Chapter 1
Introducti on

This chapter introidscaeashset hvga rti lbaisi g,r aldrei efolnyt r o
in open pit mining, theircolniduoichtaetd) Dini aeadt me v
Section 1.1 highlights the problem statement
Section 1.2 introduces the research question

the outline okfftldestheptsoandfaebrech section.

1. Problem Statement and Motivati on

Short term planning regarding the destination
mi ni ng operations. I n seeking to maxi mize NPV
on opti mal sequencingnofcput apoeforde b mrkoawedsntge w
(Hustrul i dMiennbglad c & sf2A0&lgBpe b r e f gas pwastes sfimrg t h
dunmpkept at the st adekppeinddth ofgoer tryephea(nadidet engpd B d g s
pur pas®ai ntaining targeted head grades for mi

requi néeémbang & KTeéet de”iDdi69on of whwviash elmdid er i

significant i mportancsda nfcer itthe smitrhee' sl apsrto foiptpa
company to achieve its estimated revenue, and
reverse due to its proximity to production (R

make Odettserons regarding the classification ol

each parcel of materi al mi ned.
Gr ade ic®osneitr odf processes that allow the | abel|
order to facilitabDemiheakopouonbhbsdé&sGoday]j oad01l.

M



201Bhe typical gr adse scuombigrrofl p eprr ontagidnwrodpeir mdg i oIn
hol e sampling,angatdceliaadsstiifmaotaivoenme nt bmaas ur e me i

definiti onpasolfl eddtgi ajth me t s

. Grade Estimation B et Movemont Definition of Dig
Blasthole Sampling (Pre-blast model) Measurement Limits
(Post-blast model)

« Core samples are » Assay results of samples + Blasting displaces rock « Set ore and waste

taken from bench are used to estimate the from their original boundaries

being drilled concentration (grades) at position * Define excavation
« Samples are unsampled locations *+ Rock displacement is extents for  shovel/

analyzed for grades » Geostatistical interpolation measured (Post-blast loader

(among other methods such as OK are model)

processing employed to generate + Direct measurement

parameter such as grade model (Pre-blast (physical markers) and

purity, recovery etc.) model) indirect measurements
+  QA/QC protocols for » A cut-off grade in used to (numerical ~ modelling)

sampling and discriminate ore from are employed

assaying waste blocks

Fi giSe mmatnygerodde contr ol process

Bl ast hole sampling initistsadded illel sqych altichlee 0 0t K
typically f i Itloedbrweiatkh deoxwnl otshiel ierso caki dasf tienr edxectao
t hhea ulodgana.t eDPurailsg t he dhallds,ngparft tdfesteh é | darsit
and analyzed for the miner al grades, rock har
( K. Zhang & KAsesi ayp nr2e@€luelétralargr audseesd t o model
di stribution for evienbgl oggikiveer @molry i loinmiotfed hreu m
availnablrepmeabhbdsegesasthataisst i cal aast iumetdi drort & d
esti meaotliloorwed by t heofafp plyiacdatmpaas migmad thebdntegr ad e
cuatf f ,gnaacei als with -ggfrfadersa ced oavree tdhen siuder ed

t heotttgradehias fwarsme .t hdebasnat obnmateri al



Energyddueli e@sndgpd wase s rdo s pdfartoem btehei r ori gi nal P
detri mental to the accurate delineation of thi
l oss and diluti®doo enhsupé Bbabowéekanaeribrheecniant gt
measurements such as physl| ch&meramodallasiidosg iinnd !
pr edipcotbitragst r ocMMorMecianfi@emmati on on the effect
AppenldOxcé& we have t heacnceow nrteexdk affcartciadn omsunda
proper mat eriare skt adea tphatn only materi al
specifications is extracted whi lger aadwo indaitnegr i tat

was(tFeurt ney .et al ., 2013)

Every phhgesadefgromdewwssdb!l ves a degree of uncert :
variables, consequently | eading to uncertaint
(Vasyl chM&a&nag@ioia® the grade uncertainty stems f
hole data and othermMmhgeaflyppr edil ctiindror mat hods
robustness of thw®hegwade @ortdi @lt iewohdne gpuleeasy ¢ dna t
produo@tsamali matiami esatdl aseo faocdtmatneri al s ar e
wrong ddsetaidnantgi am si gniQptciamitz iercg nsoinabticie d | smrees
waste whiles accountimgs fomeofdbedeasabisaiguntynt d
gr ade pcroonaersbsl uletd oymetrhoelf sptr oo f (o\paesryaltcihounks, 2016 ;

& Deut sch, 2018)

Grade control typically r eleicmasusen i gr &ddba mpr dd
delineating o(fRi mndr avlespeulz&s e@o@Go a@y,r oalkchs)s f
est i mantcil cund e Necal rabssstg k(@dM)e t hod where grades of t

sampl e are assigned dime eDilsset Wenic gh(thilDwgg k hmd d e |



which assigns grades by calculating the weigh
di stance of theOepsizm&ROB3@ At ocatl Oaki Kraitghiondgs s
were introduced for grade control in the wear
weighting methods, such as minimizi ngRotshsei e& t
Deutsch, Copo00d4) i ohalseesn muhetmoswt advocated tec
i n recentadyielairtsy ftoo address the shortcomings o
met hod si mul ates grades at given | ocations, a
di fferent optimization algorithemsawhatredt &agaim
simul ated realizations and the optimum destin

(Vasyl chuk &. Deutsch, 2018)

Constraints inherent i n these estimation met
optimization techni dgwes efxamphleodl eclnaesagiefsitc atei

di stance methods are commonly wused estimators

not account for spatial continuityOotitzhe20PRE6
Ordinary kriging, which is a very common geos
by reducing the estimation variance. However,
opti mal for grade control ,ansd ndcoe st hreotr ecsaud tt u rr
variability in grades fOOR®gsidu& i bgluhtehehnk Ir2@ckas
processes used to decide material destinati on:¢
of conditional simulation challenging, despi |

di str Wheni the grades assigned by an estimati o

grade distribution, itag eislull Fstgakeend esicd asscsa tftie



of ter ue qfr aniefsice gceo mp a it deds ttiopmpabdds. Ore, wast e,

dilution zones are defined when considering a

This researdbavelsamipringe o rded dh s t blwboylevemodgl ng t

predictive capabilities of machine | earning a
waste mAy emaranesssing advanced machine | earnin
accuracy and efficiency of material <classifi ce
and extraction strategies in mksinhg cpeatat boan
advancement of grade control practices by pr

cl assnficatio

Anot her source ofsfmiosclsasngp.iofrsagrapgliiomg seremor s a

During the collection and prepaaabiei oinntorfo dsuanmn
ranging from fundament al sampling errors, S e (
(Dominy et al . ,. 2T0hle0s;e Mirnrnoirtst ,c o2ndplr8o)mi se t he ¢
for grade control. Hence the possibility of i

this study.

10.0,
Mumber of data 17391
Number plotted 17391

Number trimmed 3502

X Variable: mean 1.204
std. dev. 648

Y Variable: mean 1.204
std. dev. .793

correlation .805
rank correlation .806

Te

—— Cut-off grade

Estimate

Fi g@r eMateri al mi sclassification in g

P



1 Rese® uebti ®bhj aatdi ves

The advancement of computers and technol ogy h:
vol umes of data within the shortest possible
industry considering the aemrumitng faldgdrai tihtmsg e
coll ecti onc ormp uvatdevrainzdeardt Ilhseowi dg a f aster and
processing -davel upragebsghs. Recenniapgpincaud:
oArtificial Neudea |l e Nteit maotrikasn fiom mirAebunat oreseutur
2021)and Random Forests f or( Celva ks ieftwh artegh vy ge €200l 109¢
recei ved aed oHo wefv esru,cctehses appl i cation of a mac

waste i expébred. be

This research seeks to answer the foll owing ¢
1T Can the performance of grade control be
T How do sampling errors affect the qual.
T How do machine | earning methods compare
|t iI's expected that solutions to these quest
increase mine revenue and the overall product
researcher worked with the following objectiyv

1T Devel op arramdecde le nlcy tshiemuel nattiatrivagp Wino nbayi n
lnmpoismutpport, and tate ma Wilyo coky @lv@ea ka gs inmp o r
This serves as a grmoadcalr®eraodompaopewahi Ebr
benches of the deposit, the process 1is

each reference model



T Develop a supervised BagmdencteColasai mi ca@t m
(SVvC). For each selected badntoehai nann gS Vath
fitting t hheptmaodhd!| hwsplemigsa rwaonueltde rbse a t es
the same deposit as the reference model

1T Devel op an esti madiuen r mo gieextheee® h@si agd
number of samplebj act PpWwegmxhikcadwd ut ddbe
secaordt modeadandeints apwedflovartawmagtaetdnet

ref erence

T Generate synthetic noises i n the origi
sampling errors, andhesgessengonhepnt de
bench.

T Repeat the entire process on another mi

1.T3hesis outline
The supervised machine | earning algorithm use
with respect to ore and waste classification.

f oorpt i miamat icam be used to i mprove grade contr

Chapter two contains a review of the main gr a
met hods for grade estimation and sjimwesl astuicare.s sk

in mining and its poteinsial sexpiescusoadof gr a

Chapter three presents the  pmrtoucenstds,ekdeyTueg ©r o a ¢
processes of establishing the reference model

chapter. Opti mal hyperpapamensers aff o 8VGcamsde



Chapt @rntfrootuhwoc egsr ade contr ol dast d.het dadsregds tbuiacks e
t reesafbbtosSW@nd aOkeo mp artehdeet er ence mo dseelquemd a tad c
gaussi an.Tshiemu lmgptaicdan of sampling errors on each
random noises are added to the dat as.el Blte edarttic
trahe mModles al so analyzedTheesemaohti pheebehalt
separate deposit, yet replicates Tthhee enieftehcotd ot

sampeér nogr st hiegldsaotad uat ed .f or each case

Chapt @n sestle® main findings of the research, t

conclsusRenomnsd ma atiimpmoving gradeareebsbr di scnose.



Chapter 2

Literature Review

This chaptepenepi ewsmi hheg grade control proces
met hods used by mining corporantdobelsi t@atsep adrn a |
wasithne open pit mining. Section 2.1 provides an
2.2 gives insightl| omtnad rmibmeglephmainmg ngGe dlod dpi ¢ a
and its impact on short range planning and gr
del ves into spatial prediction methods for gr
of or e andc amaisaod. f cCgatsasdief idet er mi nat iaofil nias | yevi

sectTdensc2r.i bes the process of determining the

2.1 Open Pit Mining

Op epni t mining is a prominent and widely empl
mi nerals and resources from the Earth's crust
removal ofBtbheeshbuddemock, anbeot hegetWwhoieetilbebd

2011)This mining met hod -sicsalceh aorpaecrtaetriioznesd, beyx tie

and the creation of wvast, terraced pits which
|l n epdn mining, operations are typically carr.i
of which plays a cruci al role in the overall

commences with an expl or atoiroen dceapnopsaiitgsn. tQe oil doe
drilling, and sampling are conducted to asses
the ore body. This stage is crucial for deter

the depaso €. bOdygei s i dentified as viable, the

¢



design phase. This involves determining the
designing infrastructure, roads, and waste di

project is meticulously plarnedvtio omaneinmiad e i en

The extensive nature of open pit mining opera
haul trucks, and drilling equipment. Drilling
of f wasteempoeeibwbhe ore. The effective manage
aspect of open pit mining operation¢$Hbstausedi
et al ., 201.3;HaMhli tttrlweck 2 0tlrlgnsport the ore to
and the waste rock is sent to carefully desig

stocskpil e

The i mpact of technological -padv amcne mmegn tpsr ahcas c
cases such as enhancing safety, ef fiicndewmsctyr,y a
is seeing the integration of autonomous haul
producti vpitty @p e rogpteinons. These technot ogkees e
monitoring, reducing the riskutifl iazcactiidoem.t s G ee
technol ogi es, suchomsSyGetogmaphGlcS)l ndmd maée mot e

pl anning, monitoring, é&ndséenvirdnmeéentabal 6 manag

Fi g8ire provided to illustrate some i mportant c
some items and terminologies from an existing
( D) for waste materials fromittheal piptiss nfiPrHeDd) .
expanded on the top |l eft of the picture by a
years after the 1 npgitti anhi mpiing ddperhataickmss |1 me lope

of ore from mhei heposgtwasi éeremoval. Careful

M n



ensure that mining operations are run smoot hl
and processing, reducing downtime and operati
viability of the deposit. eRlrudvindge dc aanc chees sc o

pushback caauedtehd pit.

The bench height (C) in this operation is 13.
of two benches is bolstered by a catch bench
wal | . New bl ast hol es aroe ebxepianngd dirhiel |beodt thboym tbhe
cuttings from the completed holes, which wild/l
beside the drill and behind the spill materi al
t he Ilhaestbeonfcht above the bottom whiles a seconc

(PHE). -fTaegkboppgadnhnepatese pushbacks to ensure sas

without the risk of spill age orttcondhe enampes
availability of both ore (from the initial pi
The chain of operations in mining is typical!l.\
and the process (mill) di visi on. The mine di
controlled bl asting,wanadreiamgd!| mi oadengj nbaul ng:

and safetop phanot hgr hand, the process divVvisi
materi al s, with responsibilities spanning pro
mi ner al cmna@dt raastsia@r eavma.l, y ¥ 061h8 )n t he proces

concentration techniqgues such as flotation or

mi nerals from the ore. The final stages i nv
extraction, armektelaecdt rtchvei mreitradg tfa om t he or e.
for distribution or sale, completing the comp

M M
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FigB8O@en pit mining operation.



Loamgange mine planning begins with a geologic
engineers coll aborate to calculate the econom

order determine the mine's pe®tehtowb dfatecnne

comprehensive resource model. The model provi
mi ner al content, serving as the bedrock of th
One of the prirmanrgye gmoanles pdfanlnaonmmgg i s the deter

and pit design. The pit design seeks to strik
and minimizing waste r ockt asknotvhadt. ilnc arsp car anue

data, resource esti maAh dealsj, alaifldh eZ@Ih®)ns cam G cp |

create detailed mining schedules that span se
ore extraction and waste disposal, ensuring a
open pit, b e necvheelss ) ( haorrei zdbendiagdneld t o offer s al

I n Il ong range planning, certain assumptions 8
operational cost s, overall wal |l (Ptagenanii 5|
al . ,. 29@8sumptions are subject to change as t
reevaluate and modify several cibiatcikc @le sa gme c tms
sequencff guade strategies, extraqtui o meat es,
flexibility is essential for responding to t
technol ogies, retiring, or acquiring equi pmen:i

i ndu(sHursyt rul id é¢begim. midaelp) anning, therefore,
optimizing the value and sustainabidihaygohnhgmi

environment .
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overall process can e gdamsmar icaed uirest ime

t steps.

source @GBedkebgywndCommencing the proce:
del detailing ore grades across vario
om the geology and mine planning depa
otechnical |l nput: Sl ope guidelines pr
tegr al i n shaping the mine plan. Thes:
pit sl ope angles and stability.

onomi c Modehge Aedomagmi ¢ model i's the
nsiders numerous financi al factors a
nancial framework for the plan.

it Optimization: Empl oyliergcGle@ss amaed @lL

optimizer, the wultimate pit i mits
Xi mizes net wundiscounted profit from
onomi c constraints.

el | Desi gn: To guide the design of su
ice increases are applied which resul

|l ineate the boundaries for future pit
shback Design: Designing the pushbacl
ints from the current topography to t

r the efficient extraction of ore whi
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7.Life of Mine Schedule: Provides the seq:
mi Aa f e. Thi s schedul e aligns with the
out comes.

8.Dump and Stockpile Design: Considering
design of waste dumps and ore stockpile
must have adequate capacities to manage
9.Equi pment Requirement s: An assessment (
ensure that the necessary machinery and
effectively.

10Fri nanci al Evaluation: The cul mination o
the |life of mine plan, complete with de

cash fl ows.

Based on Equipment
Selection

Recovery Design Production
Economic Parameters Constraints
Model

Pit
Optimization
(LG)

Ultimate Pit Pushback
Design Design.

! 1
I Resource

| Block Model d Dumps and tHaulge
[ —— stockplle Work
design
Legend:
BB input
I Key intermediate steps OPEX is recalculated
PR ) i given Truck Hours &
I_ _) External to mine planning Fuel Burn Rate

@ Uttimate output

FigdlLeng range mine planning process (i



2.2.2 Short Range Planning

Sherratnge mine planning blroa m\pgl eatnineg ngt rwa tt eng it ch e\
datyday tasks of extracting the ore. The proce
few months, yet its impact reachasngfeamimey phd
make decision mdegwhemnmnge swvhhereesa wi | | be extr
environment al compliance, and adaptability to
datyday operations don'-ttemmagllayn.,al d lgorstwri it ehg & éh ep

t hgas(pHustrulid et .al., 2013; Le, 1992)

The $Romt mine pl anning procedgsr mhagrleasnns ngi Ik

characterized by a higher degree of certainty

the availability of waste maitdedrmiaor aett f(laie sr e
enhanced accuracy 1is achi evehdoltehrdoruig hl ocnugtotiinngg
continuous geol ogi cal interpretation, provi di
di stribution within ther ei aoaftnegrhmarpelaa.n nOmeg diss ti

accesdgdtad eupg nformati on regarding the operati

o
o

mprehensive understanding of equipment avai

keen awarainesseefsre@ensuring that the product.

I n short range planning, a vigilant eye is Kk
assessment of the structural integrity of the
as needed. I n parallel,reococktosel pi momietwarnr ed i r

related disruptions to mining -bpematmiaoarspl Ano
its floooairdg perspective. This process typical

preparati omaandncobraritical activities such
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wahridn ki ng approach ensures that resources a

executed with precision, minimizing downt

|l e blast holes are primarily drilled to fa
nni ng, a small fraction of the materi al, r
e, Is routinely(Bubegrserd&tWaagmmsesray 2a0hlald;y sRa
assay results obtained from this sampl ed
ticularly in the cobetmxpl ahngngdeTheséeropeéset
trol geologists tocketidremi rmaen dt lwa slt &y onatt eo fi
entially, these assay results provide the |
extracted, where waste materi al shoul d be

at eqgietddM! hpi pta 2018)

i ntegration of technol ogy has -tteramsionee
nning-dmowvendatdficient, and adaptabl e. It

ducted with accuracy and rge duoc eshepatnedrutsitarly

sustainability. This technol ogi cal advan
viding early notifications of 1 mpurities i
ormation isvari biucsalaspecitts,i mpadcwusli ng mil |
e, recovery (Raeker an@lOéd2rgrerane, utsktkese tech

cision, proactive maintenance, and robust
mi ning operation, enhancing efficiency an
summary, trhaengset empsnel mplsammritng can be outl in

My



1. Receive DeHolid e@r aBdeasRl ans: Start with rec:
specify the distribution of ore, stockpile,
operati on.

2.Verify Mined Ore Grades: Ensure that the o
the mining operation to maintain profitabi

3.Devel op Digging Plans for Stripping Rati o:

desired stripping ratios to optimize the b

4 . Optimize Shovel Movement s: Pl an digging of

enhancing operational efficiency by conser
5.Plan Dril!]l Hol e Locations: Precisely plan
optimal fragmentation and ore extraction.

6.Schedul ed Equi pment Mai ntenance and Dewat e
key equi pment, such as shovel s, dril | s, a

operations efficiently.

7.Consider Pit Wall Stability and Prepare fo
ensure safety and access to "safe" or e. P
identifying rapid remobilizatiomagéralTkgse

proactive measures help maintain operation

Il n organizations -rwhrege pglhaenrri ng taeanmditulmey ar e

mu kntoint h tyee amulptlians. They all ocate resources,
cost s, ensure environment agdt ctooanpmamakete, clpamn @
community relations, plan infrastructur-e deve
range planners and management to al i g(nP ®rpeezr at

M ¢
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al ., -J2¥nli70;r Seitl vieeh . e s 201289 , t hey merragneg et he

anning efforts.

3 Geol ogical Uncertainty

ol ogi cal uncertainty arises from the inhere
posits are often irregularly distributed, [
riations in ore grade. oMiincealp |ldaantnai ntgo rdeeltieersn
d quantity of ore to be extracted, but this
anticipated geol ogi cal structures, and 1 nac
certAbnalyov, Ar2e0alsd )aorfg es hplranni ng that i s ofte
certainties i nclude resource all ocati on,
conciliation, dilution and ore | oss are the
3.1 I mpact on Short Range Planning

3.1.1 Resource Allocation

source Allocationriasnga miwnet a@leaas pd qatn n@fn c3 I
mpl ex task of determining where to allocate
| ance between maximizing acrne et roapcttiinoinz ea n
ofitability. However, geological wuncertaint)
certain about the exact | ocation or di stri
ui pment i n (sDuobwodp,t i2Mali8sywapys !l d | ead to wasted
ui pment and | abor, and mgrsacead opeortWiumii mates
ol ogical data can resul(Blioomsaitbsala.n,t i2201 &;i nR
14)



2.3.1.2 Safety Risks

Safety Risks are a paramount concern in mini
exacerbate this concern. Variability in geol oc¢
unstable rock structures, Ilcyanhazeasrudau si ns iutnueaxtp
wor ker s. These safety risks are not only a t|
damage and operational di sruptions. As such,

a critical -ragsepepxltanonfi nghorPl anners need to cor
geol ogi cal uncertainty can introduce and deve
involve additional safety measures, speci al i
prcesses to enhance safety unAderelymdearlt,ai2m 1ge o

2018; P®rez et al., 2017)

2.3.1.3 Operational Efficiency

Operational Efficiency is fundamentat ange t he
planners must continually adapt their plans t
Geol ogi cal uncertainty means t eant dd srcaivteira res
unexpected geol ogical features or abrupt shif

compromi se( ARbfalcovenc01.6; Thesved, c ROMEBeE s may n
reall ocation of resources, adjustments to equ
l nefficient responses to these variations <ca
produdtPi®uietzy et &d . mai2®@tl&Zi)n operational ef fic
uncertairnanyge sphloanner s mu st be agil e, ready
information becomes available and prepared to

di sreption



Mitigating geol ogi-rcadgeunglearnmiimg yi 9§ nesdeontti al
profitability of mining operations. Mi ners em
Firstdiymerdata plays a piovonhg!l amdl eonGeomluogisc
often through methods | i ke dr i |itldatge anndd esrasnpd n
of the subsu(rHuascter ucloindd i etlivoailso r, &t0 IMahl;it S,.Snr@eCe@8 ) a
i's instrument al in adapting plans swiftly as
techniques are used to model and simul ate geo

to develop more raodlustofantdthecsubatemarimieng hel

processes |ike resource allocation. Lastly, t1l
for the mining industiSyur pasaat &8 miemanfecsWygr e nt «
geol ogi cal data into the planning process, en
plans. These plans can adapt to evolving geol ¢
making capabiligiiemsalod. mi ning profes

Byi mpl ementing these strategies, mining oper

uncertainty ef frexngevepglyanmi nch.eiThisshoorat only e

but also contributes to IimproVvedabafety, sust
2.3.2 I mpact on Grade Control

2.3.2.1 Ore Reconciliation

Ore Reconciliation involves comparing the pl e
extracted. Geol ogi cal uncertainty, which oft
substanti al i mpact on this pr ddesys.arWhen pmicmil

on the assumption of certain ore grades at spe

of the deposit can | ead to significant wvari at



=
=

egular distribution of valwuable mineral s, ¢
structures that were not accufdbebhVomappéde6du
Deut sch, 2014; Vasyl chbok &ameatisams i2018)f e ¢
di screpancies between the planned and actual
significant financi al i mplications. | f the ac:

i ncreasued druevam the extraction of more val ual

| ower than expected, it can r ddAbauenttore .everadl.
This misalignment between planned and actual

of the mining operation, potentially i mpacti ni
ore reconciliation is @&Ilssgmdlialoft ot ke smirrei nd aj

2.3.2.2 Dilution

Dilution and Ore Loss are two related challer
and are two of the main issues grade control ¢
is inadvertently mixed wntproaedwlhodt eT D9 5diulru tr
can reduce the overall ore grade, |l eading to |
accurately identifying (t\Whaes yd calruk&v i2e0sltOdmfo ug h e
engineers do their best to métdece bl aissi sgtuat
factor to calculate as engineers do not know
mi ne. Il n most mining operations, dilution 1 s
sent for promkessedgotrte ame waste tonnage mill

expression used for dilution:

0" Qa 6 Q¢ ¢ pTtim (1




Ther

evoaaientsour ceRo9séi d&l Deudme hf i 29t 4ki nd, kn

di | ucdoowhen -powde materi al i's uni nt egnrtaidoen aolrley

bl oc

anal
mi ne

mi X i

mat e
[ i mi

Wh e n

wast

posi

dedi

Fitz

k during (THheé smii i mgplsghalkyc dg&n g cswurmp pgaahrarnigeed o f
to align the data with the desired output
ysis. However,sitxhteittehres hbaonbgeetl aheiegahshde -gl boawd e k

ral elstaitn @ ni.n Tdiel wtairgrer the block size con:
ng of mi neralization ofigbBtarmald di |l wthioom
ri bution when the mi marbalto cgkr asdiep p osr tpsr.e dlinc
of the sampled volume would result i n
equently, -grfaderevwei mlreet sh,i gihterwoul-gr ded&e o me
rial that suresuhdsi hham. alThesatcioohdof th

mean grade and standard deviation.

aleabahhalt) on is the dilution that occur :
rials is an inevitable consequence of mi
tations in achieving precise dig GRNe.s, e
the points of <contact bet ween ore and w:
ational and contact dilution align. Howev
e established duringomobmiogcaneiderat mbns
necessarily conform to geol ogi cal contact
he displacement of mat erials due to bl ast
tions f omplmicnaitnegs arhde negpd ang@edsiddgr abl e r ¢
cated to understanding t HiAg apgnh &n dmemoon 0o na

gerald et al . ,. Howle;velrsaaks seti mplort addl4)



number of mining operations have made concert

bl ast heave inte.their mining processe



Frequency

Histogram of Simulated Cu

Number of Data 217000
number trimmad 98000

mean 1.13
std. dev. .91
coef. of var .80

maximum 9.94
upper quartile 1.40
madian .94
lower quartile .56
minimum .06

- - L e e N B
.0 2.0 4.0 6.0
Slmulated data {%Cu)

(a)

FigembDe stribution

of

Frequency

S

Histogram of Simulated Cu

Number of Data 2288
number timmead 862

mean 1.10
std. dev. .74
coaf. of var .67

maximum 6.34
upper quartile 1.38
madian .97
lower quartile .60
minimum .11

value

(b)

mul ated Cu
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poi nt

support



2.3.2.3 Ore Loss

Dilution and ore |l oss are intricately related
contributes tadndimMouwtei osmp eicn faincotthee'erms, ore | oss
val uable ore due to inaccuracies in mining op
are not correctly defined, val uabl e oTrhei smay

directly 1impacts profitability as it represe
significantly affect the economic viability o

result from misdirected matdviealtl entdaysper senwt

mi | | or valuable ore may be mistakenly routed
of control equi pment | i ke GPS and Truck Dispa
error, t he wrhiand eagrer edt emat er i al destinati on

i mplications f Abrhiehjadgi bper@tlBonP®rez et al

Mitigating these challenges involves etarneef ul
data analysi s. | mpl ementing strategies to re
reconciliation is accurat enlgy poonfducatbhead iarye amrc
t he actual financi al outcomes align with the

and effective ore control practices are key t.

2.4 Spatial Prediction for Grade Control

Rock samples obtained from bl ast hole drill s
di stribution prior to blasting and excavatio
together, they do not fully <Lompleggutme | gnt iar e

required to predict grade values at unsampl ed



Il n manpi opmnnes, straightforward estimati on
nei ghbor assignment of grades are employed t
nei ghbor method associates theeaahuenosdmplhed nl
The inverse distance interpolation method est
bl asthole sampl es, providing a weighted avera
inverse distance wetghticongnmeflooddaita do@s$ i gu
ani sotropy at different scal es. Kriging, a po
addresses t hese factors and theoretically n

assumptions.

The following sections delve into the techni g
i mpact of |l ocally varying geol ogy, mul t-i vari a

l inear profit comakdepgaprooaessasdeci si on

2.4.1 Methods for Grade Prediction

Grade prediction is probably the most cruci al
selecting ore and waste zones. The main purpo:
at unsampled | ocati onsfiwhatcihon.s Sahnep |perse niiaskee nf
analyzed from which a quantitative model of

extrapolating between these samples to accoun
is with ohethasumpktithe sample | ocations and t
domain. There are various methods devel oped f

however we only discuss the most common ones

HY



2.4.1.1 Nearest Neighbour (NN) met hod

The nearest neighbor method is one of the sinm
of the polygonal met hod, the nearest neighbor
the entire (WaawmpthdkSplnactek 9t he we i a hk e yif h eeatcdr
esti mahe mgNl hod determines the weight of the s
the closest sample and every other -csfafimpdgreadert
the NN method regards the esti matsiaonmp | leo d ast il canr
than oOhé gutde. The value at the unsampled |

equation bel ow:

p MO QLA € (0B o

- t £/ 0QI Q Qe (2

wheweo i s the nearest neighbor & s_t iinsatteheatn etahre
nei ghbor weights_ of mtobhei ssatmpd elsnovamdgriade of

plBrEf or whtitedn t ot al number of sampl es.

One main strength of the nearest neighbour me
(KapageridHowe2@14) study has shown that this
cannot be trusted because it neither takes 1in
redundancy i n( @rhtei zi,nTDE2MH)I sonepancies in this
| arger t hat ot her esti mator s, and for many d

significant errors in the estimate occur in tfF

H ¢



the average grade and wnfdRoesit i &haDeulkonédtalg@D d¢g

the nearest neighbour method can be used as a

2.4.1.2 Inverse Distance Weighting (I DW) Met h:
The inverse distance weighting technique is an enhancement of the classical polygonal methods,
and is most suitable for uniform orebodije®a b u n't o r i . Tai$ methdd.is,use@t0 estimate

grade values using several nearby blasthole sample grades to obtain a weighted average for each

block as shown ifr i g @ The calculation of the estimatessown below:

~

W 0 WO Q pBRE (3

whered 0 is the inverse distance estimate at the unsampled location _ is the
inverse distance weight assigned to each known samplé @ndis the grade of each known
sample for which'Q ph8 FE is the number of samples. In this scenario, the weights assigned to
each samplareinversely proportional to the distance from estimation locatioraagchlculated

as shown in equatiofhbelow.Each sample is weighted based on its proximity to the location to

be estimated.

Q pB ke 4)

for which _ is the inverse distance weight of sam{flEQ is the distance between the
estimation location and samplR0 is the inverse distance weighting power ani$ a small
constant for numerical stability or computational reasons. When the weighting power approaches
zero, the weights become similar and is calculated as the arithmetic average of the samples

( Ab z al o.Ontheothdr Bapd, a larger weighting power assigns all the weight to the closest



sample making the inverse distance weight similar to the result of the polygonal neaylelsor
method( Or t i z Jn praclice,@he most frequently used weighting powdws however

powers of 1 and 3 are also used for estimafwen though the inverse distance weighting method
provides better estimates than the nearest neighbor method, it does not account for the details of

the data configuration or the varying anisotropy at differents¢adst s y | c huk , 2019

Figerever se Distanc

2. 4. 1. 3BBaksreidgibnsgt i mati on Met hod

Geostatistics, devel oped in thgKeagly THO&HQAS,
geostatistical concept provides the platform
of the regionalised variables (in this case

continuity factors i nt o tthhee rsepgartéi gadliz @ohr cetdei cclt @i ilc
Kriging is a collection of generalized | inear
weights that minim ze the expectEeOrteirz,oln222ald)
produces an estimate that is a weighted | inea

error, hence, i Unbabhked EBé¢tiBasdDrL(BeIE) .



Kri goiansged grade contr ol came to |(i@eut sicnh oepte n
20Q0)Di fferent types of kriging algorithms hav
ordinary kriging (OK) particulRaorslsyi i& Dgealtd cri,
Ot her types of kriging have also been applied
fuzzy (kGamngzignlgezAl 2R0d@pmonsoitmp | e tkaadl gion d e(edhK)us e

estimate but more often used as a checking to

Ordinary kriging

Ordinary kriging (OK) is a robust estimator wlt
SK which assumes a known mean), but constant

guasi second order( Certtatzi,on2e0r2jQt)yr arstsauanpg li mba |

constrains the sum of the weights to be 1.0,

(Abuntori .efTheael wei gBR248)used in kriging direct

model for the data set. The variogram model , v
to obtain insight on the anisotr opgy eisn itmad eg
summari zed in the equation bel ow.

01 QQ&EG I "@IXXIE 0QQ @O @O _ ®o (5)
whedeo is the ordinary kriging ov,al ueheatwet lydt

assigned to eadch &madiwn tstaempdreade ofd emctvhkaoabw

Q MBRare the total number of samples. The kri
the estimation i s given by
01 'QQED I 'BDYABINE O, _ 0 ‘ (6)



wheyed i s the kriging vari anmc, iast tthhee wasrtii anmace
di stri_buti drhe weight assi (Qdeids ttohea heo \karoiwann cse
samfillnred t he estibmatameématddctat onal parameter to

in ordinary kriging whé&nhéi ndamiganthe ofptt ma mk
have proven successful i n many operations su
(Vasyl chukl,he20BlESI) grade control met hod is a bl
|t uses an ore/ waste indicator variable to p
| oc a(tRomss i & DeutTheh,in2l0ktd)Xt or variable is thi
probabil ity of odnahsee ke satn nmahtee dg rlaodceatof t he bl ast
is determined. ThismomeybddnumpUjicpe EChed@ppeIioo
the classical inverse distance weightimdg.met h
The BEI bbkowerdf car mance than | DW and a summar

subsequent sections

Kriging proves valuable in predicting grades
approach of estimating through the minimizat:

grade (cSOrnitvraosit.Blvias 11980F¢@cause it prioritizes |

broader factors that influence the overall co
variance in | ocal estimates can | ead It ol eosvser f
robust and potentially |l ess effective in capt:
Therefore, a more comprehensive and balanced
control in mMiRosgi okeDaetcoamt s20ha)x kriging h:
more successful at grade control compared to

smoothing and the inability toFgogamei fy the s



Fi gu#@:Senoot hing effect of kriging.

2.4.1. 4 Bamed aMeomod

The use of simulation as -eadga emdatchadgi nopidade
commonest simulation method used toSeguenhnti ale
Gaussian SilmWlVatsiydmc h(UkXGS®. DEhit scimet BO6Ad8assigns
and also takes into account the wuncertainty
assessing economic consequences of grade cont
estimati qwamgt b dE&T he20glrdade assignment proces:
such asclduasttae rdeng, nor mal -cslcwstee rterda ndsd toar,mad ii mu
for the condi ti ontarlandsifsotrrmibnugt | soinmualnadt ebda cvkal u e

returns a range of probable values fadpfmasa c ol

shown in the equation bel ow:

"00ps & 01 éd0 Osé (7)
whetOépseé i s the cumul ative fr e&q@quacnccoyundiss tfrarb
uncertainty in the uegnessentsulkoval ueondnti oni
the specific neicglhhborhood of | ocation



but

me t

201

The

cl a

ma t

f un

assess the probability of ore and probabil
ssified as ore or waste hased oretabdstheaec
tain optimization al gor i mhpnso fsiutc(hD eaustc Inai hm m e
: 2000; Dimitrakopoul os .& Meackow,er 20 1 he W
sequences of sending ore to the waste dump
optimal selection criterion is needed to ac
optimizati onulaaltgoorni t pmev itdheast. sTihne appl ic
ssification functions for grade control do
al so provi de essleinntdarl mentf aolr maec owerfioas

al | urrighwtad a@ft ti nter est by aaWampbéekg &hBereco

7)

mi ni mum expected | oss method consists of
ssification and selecting the <classificati
hemati cal expressions haveorbeteme pdmiviidraddm
ction, but for the purposes of subsequent

by Vasy!l chiuk,pr2dsléént ed bel 8w as shown in equat.

mh VEDOE T T AIDQI QE &
YDA € 1D & o BOREE 00 G whQEWEQE weé I0IR @D W QI Q¢ &
G ao wh "VEDEQE OE 111 @B QI QE &
)
Hence,

GO G N Q G XN Qi QEQH I



wheReé represent t HEQOMMIs S sf urhet ieoxnpect ed | oss

real i zati odsa iast tl-botcfadt gitpahdse ,t he si mul ated gr ade

0,

wandare the penalty coefficients for under e

For i nstance, a bl ock wil!l be selected as ore

than the expected | oss for mining it as waste

Si

mi

milarly for maximum profit function, a bl oc

ning the block as ore exceeds the expected

information on concept of mdfniitmuars ea pleacsiesd fl cor

deci sions c@Rodxi f&Oubauti snc h, 2014; Vasyl chuk,

Benndor.f, 2017)

2 .

Te

o fi

4.1.5 Machine Learning Method
chnol ogical advancements in reecraatmyesarambdam

nf ormation within the shortest possi bl e ti

coll ection of advanced st atliesvteilc ad o mpeuttheordss te

fl

an

exi bility and simplicity when iimt edgartaat,i mughiac

ar duwiutsh tlaisnkear geostatistical workfl ows. \

solve Earth ScdentcesDeubésbtustmsits anlo.t, f2u01U6y) i nt

geometal l urgical wor kfl ows that model and opt

recovery of mi(®etalzs AB0d @netassl s hi s review is

of

en

be

machine |l earning methods for grade assignn
terprise with not too many applications. ML
en fogedni ner al redbuncter ie deuit mantaiveen 2n0ob221 )b e e n



grade control. The application of ML is to en

make better decisions concerning the classifi

A recent( DeorSk |vya detmoalst r a2 @210 he application

for grade control in the Carmen de Andacol |l o
their work: Elliptical Radi al Basis Function
(SVR) . T hael gtowoi tMilms ar e trained which was prec
hyperparameters. For instance, the number of
was defined for ERBFN. Once the nodeaersd aa®sidgr s

a new networking system to each node to make
obtained are averaged to form a trend model wt
the consequences of eacmtgiadeccenmtdl olcadedi €io

Just as kriging, variogram models were gener a

The Support Vector Classification i s a powerf

classification problems (Chalup & Mitschel e,

training sampl es, known asi ssiugm ofru n cvteicam.r sl, n 1
classification problem, which is been applied
a maximum possible span. For a simple case, t

be summari sed as
y ()x = + b 9

Whermmésxthe training input #§r e ntalregtedd il msm@mber
fixed transformation functionwof x Calksdiknew

which is maximizing the distance between two



(Bishop, 2006). SVM approxwamad ebpetsd maxiumisz ¢
of the boundary. Hard classification mostly ir
case scenarios such alsi nuesaerd iTrh etilkigsr evbepp udw,nca
compr ehedd ntehaer nmmoant ur e of our data by adding m

them more separable. Most fgapluedahekeandehl|l fbast

was used in this gdemndaryalbiexzatuisen ogernfter mamgdhe.
Tabl®ypes of kernel functions

Kernel type Function

Linear kernel (& ®Nj) of GNj

Polynomi al kernel (@ ONB oJ(@N;j 1)

Radi al basis functi OaoNgYraaNo”2)

Sigmoid kernel Y@ oNFt an b N i)

WhedeNj denotes thedboundbsyaeeangeoonf values f

d equals 1 in polynomi al kernel, it becomes
increasing the amount of feature space in the
kernel appadixalmalhaesi ¢ of uncti on.

The data is divided into a training, val i dat.

defined from which predictions are generated
bl asthole values are thent Hfede i mdaior ao ft rvaa lnwedas

grade predictions ar e (maadgeo.r i Xuhsnmt olpitk emi ERBF N ,h €

oy



ore and waste by wusing the final predicted mc

based ormrvaenotfcRiadhgrade defined by the mine ope

materi al is determined. D®&utnaiSisvafethat. wolk?2
2.5 Ore and Waste Delineation

Tradition®llkty miinmngpemer ati ons, di scriminatio
contr ol is relied on a straightforward approa

c uotf f t h(r\Veesrhl oyl,d @Qroa0dbe)s o f mi nerals within the

geol ogi cal dat a, drilling results, and sampl i
met hods described in the previous section. Th
qgual ity of the maboéfigltadAniecanomi ticat thres

particular section of the deposiaabl esweodtiei dat
grade is determined by var mbosBnfiacpobosessnobucd
for the minerals being exftfragt @des The fdert teh eni

nex-t section.

The estimated grades of the materafafl grnadeh.e Ipf
estimated gr adcef fi,s iatboive ddnssi dceurted ore and w
falls bedbbdow, the ¢s8t cl asiscdliled et weastt rea catnhedd .t

selectively extracting toéforwhwiehmgnadesgi ag

| ogqur ade or waste material to optiniCze Vi ePeut s
et al., 2000)

While this traditional approach provided a st
it had Il imitations. It often did not account

and as a result, It ¢Dumdtreaeadopbol ose &l &Gos 09

o



Benndor.f ,1 20nl&d¢dent year s, advancements in tec

all owed mining operations to i mplement mor e
ore/ waste delineation. These methods rowndgieder
more accurate estimati ons, |l eading to I mprove
in this area has shown the delineation of or

indicators through cer toanisn ienc ccroambii cn actli aosns iwfi it chs

assestcbhemittrakopoul os G a@e®douyncezd@lad)nty is ev
numerous grade realizations generated throug
process of selecting ore and waste is closel)

economi c r asmiofciicaateidonwi teh sending a bl ock of
processing facility or to the waste dump. Thes
consequences that result from such deciasiieons.
contr ol has not seen a widespread application

economic calcul ati ons.

2. 6 -0ut Grades Determination

Cudff grade is the minimum grade required for
processed) . Mat eri al surpassing this giliade i s
categorized as wastfe.grByWmei dasl leyx,prtelses eduti n uni

(g/t), dollars per tonne ($/t), or as a perce

Vari ous methods can be-odrmplgoywadk ,t e acet esramiyn en gt
sel ect roofnf ogfr acduets i s driven by specific object
or maxi mi zing economic bwemteien sr.eflTihreesce tod|aeachii

including total profit maxi mi zat isones sienmme dail a
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pl ay
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2. 6.
The
met h
proj
t he
2004

cont

rstandoftfhagr aadhee icsutnot a fi xed, definitiwv
able with significanMi ninmg.lti,TlazdGodn)gr dde img
mi c parameter: it is adaptable and evol ve

as fluctuations i(mRRemdatuag!l ZWiOiI8ge s hand amuei

(%)
QO
<

it al role in determining the profita
ndesired or potentially hazardous substan:

i deratuenseathe tchassification of waste r

leBre@malnd internal met hod

simpl est appr oafcth dgroa desetvear nnti éneed It irheeta écrunt a | r
od is straightforward, requiring minimal I
ect planning. I t s eHovweesv ears, aint ehfafse cltiinviet ast
|l ong term, as it does not consi devi nfnacttor
)ZThe iwférgaldeutassesses whether a block s
rastevdanodcflbbtrgeaalde categori zes material as

ecessary or can be dirseraekgeanr daendd, irnetseprencatli v

able initial estimat e, it may not fully a
come into play as-exepoftfjuegt ageogansbes c.
g €e€duabByi ohi sregarding the mining cost, t h

r-ofal guade.

o 19

WherGe:s t-bef cgtadehe cost mf sptbeesoishngiodr enj ni

t he

cost ofy;tnhenimmegt anba srt eechoev ecroymmoidsi ttyh ep rriecfei nmaenre



Whi | e t-chfefsegrcaudes offer a quick means of di st

advisory to solely depend on them in a more <c

2.6.2 Laneds Method

Ken Lane introduced Lane's Method i-of f19@B8adae c
application: mining, concentrating, and proce.
Present Value (NPV) to createhatthogeagdeedeéeters
aimed at maxi mi z({ @Gigt hihrei pretsealt. va2x@k6; mee haou,

providing a highl y-oacfc ugrraatdee ,c adlecmalnadtsi can go fe act ue

and is typically not the initial choice for p
Al t hough Lane's Method yields numerous 1inter
singul ar out peuotf:f tghrea doep.t iTnmu ng couwptt i mal grade, a
the advantage of factoring icnewvsarcapadeist isas.h
is cruci al to acknowledge that these inputs <c

producti on rates and concentrator capacities

particularly accuraperandoaetf ep(h@istehidriird hegt panle

Il n t ot aolf,f sgirxadcewst are selected for all stages
|l imit-ohfy guades, which come into play when onc¢
l'imiting factor for thegnemtiinge cpercainitom@mt i mas

sales. The deteoimi n@gant ades oifstihefsleuemdec¢ed by bot

However, they are indirectly affected by the
categorpasesmecsont hreo®f balgamdiesg @ut marily f ocus
capacities of paired stages i n-otfhfe gmiandiensg par os

process i s empl oyed-otfof igdreandtei.f yT htelad Hoopsy e rancieap ttcih

nH



becomes a centr al el ement in the calcul ati ons

for financi al eval uation. Det ai | s( @ift htihrei ac reitt
2016)Parameters wutil iczoendc einntcrlautdoer ocraep arcea d o/V, e rrye
costs, sale price, concentrator costs, refini

2.6.3 The Grade Tonnage Curve

Gr atdennage curves serve as a Vvisoafaf goadeg oi m
the mineral reserves of a deposit. These cur ve
of f grade and the averaddigraheosein tthe eddrpd gi.
for categorizing materi al as ore become more
meeting or ewnttedradetbdHecrcabases. o€dnwyerasdel y,es
i n an i ncorteaals et oonnn atghee otf t he deposit because t
ore and waste becomeofifesgracstirs ctaiveed Ast hée
that i s extracted also increaseepefittencyrbet w
the choféngcatdte and the average grade and ton

processing stage.
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commonly known as a geol ogi cal bl ock model . T

uni form blocks in the x, vy, and z di mensi ons.
estimation of the finite Mimermrall ®KRep®uirtc.esTIpea
plays a centr al role in various mine design &
critical decisions such as selecting the mini
production ratets, amdboss thgbleiguhipmeg npr oducti on
Every Dblock within the geological bl ock model
including grade, vol ume, densi ty, and | itholo
with technical and economicioagnsimidei agi erpehi
cost s, and miner al recovery rates, are subsenq

each (bTlhooclkana & Mu.siTnhgewienciono2nmi2c2)val ue of each

t he equation bel ow.

= &

BO gl A E@MER & OTWR GQR QOE 0 WO Q0PI QHQ

0 'Q¢ "@EED 001 ¢ OQIiviENDQ

(12

The process of determining blockds eaboemican
bl ock model. When a specific set of input par
bet ween bl ocks deemed economically viable and
suitable for mining iwhilte ietcoin®miangwviadeared sunmn

value i s negative.
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Chapter 3

Met hoglyol o

chapter outlines the workflow for develo
es described anmltyle snentcompapses. tThlee ap|
contr ol met hods. The first met hod empl
i minating ore from waste by applying a 1t/
diemghohe ahe classified as ore, while t hc
ol method introduces a novel workflow t he
assify ore and waste. The niorde) uwmnfd etrhgeo e
he remaining thirty percent ( 30 %) are 1
cted between both methods and a referer

nti al Gasgg99iamn simulation (

e sections that foll ow, t he Miog kif éTo®e i s
a l secti on, section 3.1 delves into the

ntroduces the devel opment of the referen

grade control me nh A3d 3 arud | b eper sohcnedsraki eaddg. 1
dures employed including the i mpact asse
d for grade control based on current I nd

on 3. batdieatnaidfs tthhe s<upEpor't vector machi n
ol. The evaluation of these models is di:¢

des insights into the computation of the



The si
(GSLI B)
prompt

i s

Reference model

mu |
deYy®keaoapsedhbg
and

devel oped

ati

and

on

Anaconda

usi ng

Ordinary Kriging

Model

kriging

Jupyter

Anaconda

model s

ar e

notebooks.

Jupyter

Block Economic
Value

» EDA

» De-clustering

» Normal scores
transformation and
variogram modelling

» Simulation at point
and block support

Variogram calculation and
modelling

» Estimate at 10 by 10
meters
» Estimate for added

sampling errors (10% to
50%)

» Prediction

» Split data into training

and testing

» Tune hyperparameters
= Fit

model on training
data and analyse test
results

for added

Quantify lost ore blocks
for both Kriging and SVC

» Calculate average grade

of ore blocks
Determine tonnage from
block volume and

assumed density (2.7

constr

Joexeeuted9®B)ough

t

he \

Addi ti

notebooks

of t h

Vv

ia A

gene.

» QOre and Waste » A cutoff grade to sampling errors (10% to ton/m3)
classification  after discriminate ore from 50%) - Calculate metal content
cut-off waste blocks » Prediction on unseen
- Model evaluation  with data
reference model » Model evaluation with
reference model
Fi g@iSemmary of methodol ogy.
3.1 Exploration Data Analysis
Data analysis forms an essenti al part
application with Python 3.6.5 installed
Ryzen 5C®ar6eD OPréocessor operating @B BAMO &HE ,r «
on Windows$tld0 (&4t he f i-irnsftorcnaesde bseanucdhye s fdrvee ome
Il n contrast, the secedned tcha seex asnti undayt i foond usf ersa dosn
bench. Summary statipsbobad,) I hityt pgoams ar &
The mean, standagdadeviatirangandfi hhervari abl



el iminated. Out |l beastt et isise deat alsaent b e @ @ |

or mal dmosdtamefeldhditsamoul d repuesede tbedpwbr

wer e r.elmdtehgesb ot h scatter plots and box plots r
far from the bulk of the data. The presence of
interpretation of data and there$s$iooeralwef2Ded n
spatial view of the entire blasthole sampl es

3.2 Creation of Reference Model

Sequenti al gasgs9il ant sai npuoliantti osnup(port i s used i
model for each selected bench. This is 4fo0oll ow
of f grade. Creating a reference mgdgiem nuoil veg s
generating a synthetic realization condition
properties and conditioning dat a.

3.2.dl Dt ering

Prior to simul-altuostnher ¢ cheafdtagra exsplder ati on dat
reference distribution. Duegrtaodd her g@as fcefr etnhta
is a high Iikelihoodoothepatriuel dbisasibotroduo
i'S necesclarsyt etro tdoe obtain a representative di
transformation of the data to normal scores.



we=a1é:]8. ® ° w=1/6
®
o g w=1/6
N w=1/18 °
each
[ ]
o
w=1/12
each

Figabel cldestering widibxceupekhsdabDauaadh, 2

A range of celll sizes from five (5) to thirty
cell si-ezkusCetindeusually involves defining a
to each informed cel Impdlecsh ftolhuaatd isthaea&ch heeltlo,t
uni formly. The ideal cel | size is the spacing

due to the uncertainty surrounding the exact
sel ectiighgt (tBeexrtas c.h , T h2e0 1gbe)o st at i st icceadp dagigbrraanr y

which makes use of sample clowstdéematBeast ainlds vafr

filaetdue presented in the appaestdexrxinghescopn
Figlbbe

3.2.1 Normal scores transformati on

Anot heropgesesing step to simulation is transfo
the distribution of the data into a standard
devi atiSgsasaafumes data normality hence the trar

n



to the approach. I nitially, the data is ranked
with each data point is calcul a@bedtsd¢ciheat faln
Devore & Berlksec b2roblr2ayry i s wutilized for the tr
details are presenta&dd|l | osthatappéehdi kxat Equnat e«

transf or m.

Yi= T8(P) a3
Wher e:
T Yiis the normal score for data point (sampl
9 0''i s the quantile function of the standard
T Pis the percentile associated with data po

3.2.1 Variogram model

The next preprocessing step is variogram cal
transform. The variogram measures the spatial
squared difference between data paigntdtseapmpEprle
Eucli deahbyvi at ancaec2ot)r(dDleudiscthankceJ ot hnsel di 4§08
measures the | evel of di ss# ma)ndara tnye abrebt ywegerna dae

compute the experimental -vvaariioggraam,f owe vaali owls

The result is a pl ot o¢*rvafrunacntcieo nc htahnagte ss hasswsa
as il l ustr a4t ed hevnasreigofaytannfnor a gihyensl|l agl dubkas
foll ows:



] — Do “ho Qo (9)

Wher e:

T oh) iIis vhei Pgmiam at | ag distance

T Nh) is the number of data point pairs separ
T Zuw) i s the gradie value at | ocati on

T Zuth) i s the gradishvdltea doth ||l agatdiicen ance

The GSLI Bggpmwguamd to compute the variogram a
by an angle of fifteen (15) degrees. The para

that contains the grade of the wvari abnge,ofl ag

tol erances parameters. Details of the paramet
the |l ag is generally chosen in conformity wit/
tolerance igtegpasahbliyfcompthe | ag distance,

data and decreased i f (@dihreaabeetua sacrhe A2DA)RIrd y

tolerance of about 22.5A within the plane of

Geol ogical formations are al most always not i
to establish th®i mpoae ntcheabbl adstr eltdlieoendata do n
vertical wvariability, itolge apr iamei peelt ed imi encetdi am
horizontal ©plane after the directional variog
calcul ate the variogram tvhil wet hhetswteani amgr y wa

Hadavand & Deutbehvdgrioddnam model i's descri be



structures with different contributions, gene

(LMR). The variogram modlBbheliesw:computed wusing
i | 66 Q 15

Wheriar € variance contri bui=idoen sattess e ac ht hree sntuegd

conventiijeorng laindit variogram functions.

The GSLI Bvmpadaglrasmed i n compmoadenlg arhde pvaarra noegtrea
number of nested structures, nugget contribut

directions. Other parameters used are capture

3.2.1 Sgsim

Sequenti al gasg9gil axns suisneuwdl attoi ocnr e(at e the refere
put, simulation is a probabilistic procedure |
whil e honoring the statistical pr opeirma teiso no,f

where a best map can be generated under some

realization with simulation, sin(c@rtihz2yThAe® 20l

all ows us to obtain a distribution of the pos
study however, just a single realization is d
Simulation is carmhiedt abtsooml d opv@idntuss ¢ @l @aswe
points in what is performed as change of supp

averaging the simulated point gradeg 9Wwintsheidn, t |
nor smiabbre values are automatically back transf

parameter file makes use of the coordinates of



and maxi mum data to be used for simul ati on, a

of the parameter file is presented in the app

Validation of the simulated model i s perfor mec
comparing the histogram of the simulated dat a
guant-Q) epl® of the ori gi naatle db ldaasttah oalfet edra tbhaa cal
are plotted to validate the distribution. A g
to thfeivert{45) degrees |line. Similarly, a goo
and origindaat ablaasstwehloll eas the reproduction of

simul ated model

3.2.1 Classification

The grade model I's pr ocefefd eglr dd/e atno alpell p cdit 9 or
waste. The choice of the cutoff grade influen
the quantity of the reddwrce htehatptiisnadavaiultallf
variety of iIimportant factors such as the c¢omma
geometry and geol ogy of the orebody, and the
(Cairns & Shi mowma edc R0 0Prradcastused in this stu
meant to illustrate r el evoante acchhs ecravsaet isotnusd yo f i
t he mean oThea hsaogef accimippllei e t o al |l rtelsg oman mige

deposi t.

3.3 DaRraocPesesi ng

Errors during sampling are inevitable in mini|
study. Random noises representing sampling er
each case study. The added teor rfoirfst yr apnegrecde nftr o(nt

p o



bench selected. Il n most open pits, bl ast hol e
samples) which ranges from ten percent (10%)
error to fifty percent (510 %)e aclo vaeprpsl itchaet iroanrsg e
these added errors is to assess the accuraci

experienced and models with more erratic samp

bl asthole vabuouat {({ BH) aatl aachnbdom error term (
error depends on ,tHhe awnar iiasbiddalyedof?d yBmhi(e hf a
introduces variability i ntleée tThda serfroarmutlear mca<
uncertainty or variability in the data, with e
tadjust the magnitude of the random error. Th
error 1is normally distributed around a mean ¢
model i ng.

OYYI WO O h— T8 6 1P

Wheyeand are the variance and mean of the di st
of variable at &ach samplki mglluecbecomes a new

using kriging and support vector classificati

3.4 Creation of Kriging Model

A kriging model i s devel oped using the same b
met hod estimates the value of a variable at
near by sample | ocations colorecttad i wni Is¢ ruacn suir
Estimation i-BylddmnleOn nblaoclkOngri d foll owedfby t|

grade.



The first step in Ordinary Kriging is to modeée
using a variogram model. The variogram model ¢
with distance and directianiofhaemsmepel usee i
in the generation of the variogram model for

was cal cul ated for t welve directions and fitt

usignmgamvmodepecti vely. The major difference is
to generate the variogram model in kriging wl
val ues. Details géamneopgatametesre nftielde i nont he a

To estimate the grade of the variable at an u

of equations pl7/esented i n equation
W 0 _®o (1y
Wher e:
Z(w) is the estimated vemlZiup atethkeeubbasmphedel

near by dau,a a&maodceattihoenskr i gi ng wei ghts assigned

based on proximity to the estimation | ocation
For each unsampled | ocation, the weights for
their spatial distance and the variogram mode

the variance of the esti matuinobni aesrerdore s tpirnoavtied. i
kriging is determined as a weighted sum of t
GSLI B pktoyd amsed for the estimation and it ut
for kriging, magniit, ude dofvageargcham model of ac
the parameter file is also presented in the a

PP



3.5 Creation of SVC Model

Support Vector Classification (SVC) is utili
supervised machine | earning. This machine | ea
operations by optimizing ore andderwastneg demicsei
Support Vector Classification involves finding
di stinct cl asses. This hyperplane is chosen
minimizing classifiobatl omesrtbesbl abehmbeecoor
the samples into oreoédahdgwadteassiafjetbacsafMgr
model s. The fAclasso feature is addétl gnadeth
ore and sampl-cefsf begrl aodvwe tahse wast e. The SVC mode
coordinate points as the input parameters an

workflow i Figliéaeented in

3.2.1 Hyperparameters

Prior to prediction, the model undergoes trai
remaining thirty percent (30%) are reserved f
the model before it diad aseadsatmoutl gardeeddi crte fdemr eunncse
accommodate complex data distributions, SsvCc |
hi gthiemensi o(nRils spp,cTecB606hoi ce of kernel functi
the dataset and the problem we aimed to addr es
proved to be most sultmabbhei kegrotl oduedabat h&h
hper parameter,o2@bédmma) dentotyegpaamameseti vaat det
width of the GG@@&rsesn.,anrdduldl)cetor evead lute si mfa br oade

deci sion boundary, making the model mor e f | ex



val udsaadf to a more focused decision boundary,
i mproving g€éner ahiotaeron.mportant hyper par amet
behavior. The SVC objective function usually
an@Gcontrols the st(dongtdhnof2®@hbhBps apenalat yposi't
hy peamr amet er thatofdomtet awleent me htradaerg a | ow tr
complexity (|l arCgemcmanmra@igr)s. aA widmeaelrl margin and
making the decision boundary smoother and the
Cpenalizes misclassifications heavily, | eadi n¢
boundary. The otam@ide offticbat wéeen finding the r

flexibility amd genarcal  exadi om. aTlprocess desc

Hyperparameter tuning is an I mportant step in
search combi-vnaeldi dwaittihoncriosssused to explore the
combi nadxaind@@dnv adfues t hat result in the best mo d

Di ffereman@wdlrsessfare randomly selected with |

of repetitions. The optimum hyperparameter pa
the highest accrursaety. ohhd hter avian e dd arho e | i's t hi
assess Iits generalization capability, with ac

ground truth for the entire bench.



Blasthole data

Data for material

classification (coding|
of target data)

I
Training Data (70% Testing Data (30% of
of data) data)
L SVC Model SVC Model

Development Validation

L Ore and Waste
Classification of

Bench

Figafichematic diagrem of SVC wor kf]l

3.6 Evalwuation of model s

The classification results produced by SVC an
(ground truth)comdédsli on$smag hekhkeont ext of any
problem such as ore and waste classification i
the models distinguishd8hkheatdween @r0.2 0Ba cbhuwresth
in the confusion matrix represents an actual

represents a predicted class (from SVC and kr
values with those pr edinadt egde olsyt atth st maxahi me dleé
classification is summarized by displaying th
false positive (FP), and falseaseghbwgk?2 @FN)

|l bhis case study, positive is ore, and waste

Py



Her e

The predicted value is

positive and its positive
Type | error :

\ ACTUAL VALUES
The predicted value is

\\ Positive | Negative positive but it False

\

TP

Positive

PREDICTED VALUES

Negative

Type |l error : The predicted value is
The predicted value is Negative and its Negative

negative but its positive

Figae@onfusion matrix for model evaluat:i

i s t

n

(7]

he breakdown of each el ement

e positive (TP): Instances where the
Ss

e negative (TN): |l nstances where t he
ste) cl ass.

e positive (FP): l nstances where th
nte gw@waset e). Type 1 error.
e negative (FN): l nstances where t|

ss, poosti(tbitveegvasType 2 error.

al examinati on, a good model i s one

| ow. However, the confusion matri X

ncluding accur achy,prpawicde iioms i ghetcsalil

p ¢



effectiveness in different aspects of <classif
Afaccuracyo is computed by <considering the ac
averaging them. This provisdietsuaat ifaan g swcaHh uaast itc
the occurrence of waste far ekk®MeeObugbenbteyea

is calcul ated as the arithmetic mean of sensi

rate), giving equal weight to H&th cl asses an
6 O W EBXRLD | O 13
Wher e:

TNNnldRre true negatives and true pospbbeBwvesvESS
represent the t otbeall orougmbhesr noefg altli ovcek 5 wtalsate) an

respectively as determined by the reference (

3.7 Block Economic Value Cal cul ati on

The block model from the predicted (estimated
value of each bl ock. Bl ocks that owkreclkps edr e
guantified and accounted for in terms of its
waste instead of the mild]l and are considered

generated by the Fnignlighepegopmpasegnt Ftbm fal se p

of the confusion matri x.

I n the calculation of the economic value of t
met al content of each Dblock are utilized toge

the economic value | ar gel yasdegireandles aonnd tthoen ndaigr



economic parameters are external factors whi
economic was calculated by computing for the |
(BEV) of the |l ost ore bl ocks ti sl odsett eirnmienaecdh bby

the formul 8Obeillmwequati on
0 0wB ® w Q 1y

Wher e:

Ziis the grade ohuembeh bl ock\ifs nt dlevdblsunnteh, g an
density. The product otf ornrnoadgeealclhmeé | aorck . dd msiott
met al content can be determined using the tonr
block was 10ml10mli10m (that s

, 10 meters 1in

used wapneR . MmettedrmMcube (



Chapter 4

Case iSegsud

This chapter presents two case studies. I n tt
Ordinary Kkriging) are used to di seriitmipnoatpehyar
copper Chiine .i nSimilarly, the second case stud)
this time appliegpitogodda anhdomi aveopeeposit,
performances of these grade cont rroelf emmeetnhcoed smoad
commonly referred to as the ground truth.

4.1 Case study |

Il n this case study, bl asthole data from an op
The host rock is a granodiorite intruded by
granodiorite clasts with cemdas somphosasd chhwl
pyrite, mol ybdenite, and some bornite. There
the western and southern areas of the deposit
4.1.1 Dat a

The data set contains 20,893 blasthole sampl e
meters high each. The mean grade of copper for
bet ween bl asthole sampl esdeass oafb ocuatp peerg hctan 8be
centr al part of the deposigtr ader zrownrede darley all cw
by dense sampling points indicating preferent
presefimabB2leiThe benches chosen for analysis are

be

nch_ 3868 and bench_ _3836) inddesoaendnayg (B8O



of the entire pit odi Bdn siaampdles( A @) ,viaewd af ttv
each selected ben&EhguBprpThe aafmbpbuateoshdwewhai nn

with the depth of bench.

4. 1.2 Reference Model

The reference model was generated by a simula
univariate workflow based (cgss@fusntwiasl fpdd D
change of support to sobdt aiimetntse ogqir dldans bwi tl1Him

applicatobh gfadecuthe ore was discriminated

Tab2Z®&ummary statistics of Cu grades (in %) for

CountMean Std Mi n 25% 50% 75 % Ma x

Al l (208901.17(0. 76¢0.01(0.690(1.020(1.45((9. 90

B_39¢4409 1.26(1.07:0.07(0.640(1.000(1.52((9. 90

B_392048 1.16:0.72¢0.18(0.680(1.01(1.44((7. 71

B_3911842 1.22:0.65:0.16(0. 78(01.12:1.53(8. 18I

B_38¢1360 1.20(0.51(0.24(0.86(0(1.11(1. 46(04. 55

B_38:528 1.11:0.49(0.32(0. 73¢1.01(1.39(3.01
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Distribution of blasthole samples (Cu)

Elevation
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25700

25600

25500

25400

25300

North

25200

25100

00
24400 24500 24600 24700 24800 24900

East

Blasthole samples on bench 3836

25700

25600
25500+
25400+

25300

North

25200

25100

25000+

24933400 24800 24900

24500 24600 24700

East
(f)
sampl es

).

t o

Cu %

2.00

175

1.50

1125

1.00

0.75

0.50

0.25

Cu %

Cu %

from ent

r

e



4. 1. 2c.llusheeri ng and Nor mal Scores Transfor mat.
The dataset from the blast holes used in this
clustering i n s oHneg lapeesacx lauediteied @ mtg fstem was ne

done to obtain a representative distribution

where values in cells with more data received
The paridmetneardef use of the sample |l ocation, sa@
Detail scbistba@ei dg parameter file is presented
Anot her preprocessing step |l eading to simulat

(nsc)o.r eThe -Gavuesd i ainmgusmdon n this workfl ow use:

original data. The simulation is carried out |
transformed wusing a nor mal scor es dgsapcnko gtrraam s f
i mpl ement ed i n-btuhiilst satlugdoyr ihtahdm atnh aitn aut omati ca

after simul amabnscAfeetrahsefoomati on, t he dat

mean of zero (0) and a standard deviasconeof

program utilizes the original -cdatsa ewa lnuge abned at
parameter file can be found in the appendi x.
4.1.2.2 Nor mal Score Variogram Calcul ation an

For each Dbench, -vaanr ieoxgprearm nweanst acla Isceuiat ed f or t

were separated by fifteen (15) degrees, for t
of ten (10) meters and | agptobeadapntéeal $s0l ef a
are adjusted reasonably as captured in the p
standard nor mal score values were wused, t he
variance of tilse odisstrrvielduttihcan. tlhte spati al cont

cp



bench to the other Benches 3964, 3868 and 38;:
directional variograms were calculated and mo
ani sotropy 1in wo orthogonal .diTrheec tviaon 0 ga mdn wnx
each bench Rirgdwenhawd dnrections of maxi mum
model ITiam3 ei n
.| 120 /}-,fg-—*—-. Y 1204 . J‘/./,)
- e ” = e - / T e
"Y . /;’f" R S Y 80 /,f — . FY A0 /
(aB_39614 (b) B_3940 (c) B_3916
Variogram Model For NS:Cu Variogram Model For NS:Cu
Yo / e [V | e
(d) B_38638 (e) B_3836
Figaddor mal score variogram model fit foc
cc



Tab3Rrincipal directions of spati al

Bench Directions

B 39614 Omndirectional

B 3940 N45E and N135E

B 3916 N45E and N135E

B 3868 Omndirectional

B 3836 Omndirectional
4.1.2.3 Sequenti al Gaussian Simulation (Sgsim
Simul ation iIis executed on a one (1) meter by
then block averaged at ten (10) by ten (10) b
simul ation was f i xfeidveat( 2Z5)u nr ee4pcehcatmavded e nftaon d
of thirty (30) meters was usedredMentedniormbhei
The resul t Faisg lpbreessheonvtse do nien st ochastic rcefal i zat
the heehcch accounts for the spati al vari abi |l i
colours which decrease steadily to blue in | oy
|l ocations for each bench.

Simulation for bench 3964

23400 24500 24600
East

(a)

24700 24800

24900

Simulation for bench 3340

24100 2500 24600
East

(b)

24700 24800

nnnnn
24900 £

Simulation for bench 3916

2500 Eo0 za7on 24e00

125

030



Simulation for bench 3868

Simulation for bench 3838

23600 - 175 25600 L75
& T N
- " I
- o .
23400 - | 125 25400 125
25100 :} -l 050 25100 l"{ = 050
(d) (e)
Figab®i mul ation results for each bench
4.1.2.4 Model validati on
The simulated model was validated wusing
demonstrate how well the simulation resul

at 1
dat a
ts r

the distribauantnQ) ap llg@ta nafi Ihehlee odatga nahd bl s t s
after back transforming were plotted. The plo
the two distributi ofnisv.e P(0odi o)t sd ecd roeseesr Ition & hseh d w
Reasonabl e tdiaotha irse palbsgdaircved i n al l benches ir
simul ation of theQgphdes.f &eseabathi Qlethe heae s

a1 1
Blasthols data (%Cu)

(a)

o1 1
Cu%

(b)

cy

T
o1 1



10_BH Data vs Simulated Data for B_3868 10_BH Data vs Simulated Data for B_3836

Simulaled Cu%
r
Simulated Cuz:

0.1 ; 0.1 T
0.1 1 10 0.1 1 10

(d) (e)

Figabe@Q pl ot of blasthole data and sir

Second validation method was a visual compar.i
the histogram of the simulated data generated
hi stograms were vital c hecksr t iaensd arhce ys ti ntdii sctai
only histograms for simulated data afRdgaregin
17 whiles the rest can be found in the append

of the other benches showed a reasonably repr

| mab4d et he degree of bias present i nperacdntbegqe

di fference between the mean of the sample dat

the measampl & heat a. A high positive bias ind
however, proximity to zero indicates a wel/l S
be cl oseal usot eéerheed dmnee a n . However, badausxsa aoroldye |
was generated, it is expected that it wildl fl

were generated, their aveldagd esleaulbd alse ‘her e

c o



Histogram Cu

7 Murmber of Data 4408 Histogram Simulated Data
1 mean 1.26 A Number of Data 217000
_ std. dev. 1.07 1 F number timmed 98000
120 _| coef. of var 85 1. .F mean 1.13
maximum 9,90 120 atd. dov. 91
— H upper quartla 152 i ! coel. of var .80
median 1.00 maximum 9.94
W B lower quartila &4 1 E upper qu:u?n!a 140
= minimum .07 median .04
080 [ lower quartie .56
H i 5 .080_] minimum .08
Z ]
g ] & g L
s i i
.040 3 040_]
Hﬂﬁ i WH“}T
000 Menem o 4000 P i | :
! ] J ! T 0 20 40 6.0 8.0 100
.0 20 4.0 6.0 .0 10.0
Simulated data
Cude

Figark#i st ogram of blast hole data.(a) and s

Tab4d®8Bummary statistics of blast hole and si mul

Benc Type CounMeaiStd Min 25% 50% 75% Max Bi a:

B_39BH Dat44091.2¢1.00.00.6:-1.001.6.9.09 10. 4

n

4 Declu<44091 231.000@ 0.6:.0.9'1.4:9. 91

Simul ¢21701.1:0.90.9'0.6'0.®:-1.04 9. 9.

B_39BH Dat20481.1¢0.70.0/0.6'1.® 1.&.7.0 3.6

n

0 Declu<20481 160.70.212:/0.6:12® 144C7. 7

Simul ¢19521.1:0.70.0.-0.6:-0.9:/1.417.49

B_39BH Dat18421.2:0.60.a'0.0:/1.1:1.6:8.A:2.6

n

6 Decl us<18421 23065 016¢CO0.

\l

'1.1.1.5:8. 1

Simul ¢16751.1'0.90./0.0'1.A@:1.0® 8 B8

a
B_38BH Datl13601.2(0.50.2:0.8'1.a:1.&'4.06G'100/(

n

8 Decl u«<13601 19050 024(C0.8r111C146C04. 5"

Simul ¢10341.8/0.%90.20.:/1.:1.06:4 08




B_38BH Dat528 1.1:0.40.8:0.7:'1.® 1.88:3.0 1. 38

6 Declu¢<528 1. 11049 032C0.7-12.1® 139C3. 7

Simul ¢51871.0!'0.50.0:0.7:0.9'1. 31363

4.1.2.5 Orl asnsdi fWacsatei on

Applyi md fagowtde of 1.263 % Cu to the model , t
model , pFeg@é@Beetiownng the ore and waste zones
value is our reference model. The or eTablde was
S5andabblrespectlinmvetttye computation of thetaomateria

Swas assumed.

))))) ORE/WASTE FOR BENCH 3964 sro ORE/WASTE FOR BENCH 3940 - ORE/WASTE FOR BENCH 3916
2560
55555 23500 ore

2400

g

25200
100 5100 e

25000

2300 20900 Yason 24300 Ze0 2700 st zeam M%eon aae
East East East

. ORE/WASTE FOR BENCH 3868 2700 ORE/WASTE FOR BENCH 3836

25600 25600 -

25400+ 25400
£ 9 £ a
£ 25300 & Ezs300- a
2 g 2 s}

25200 25200~

25100+ Waste 25100 Waste

25000+ 25000~

24900 24800

23300 24300 24500 24700 24800 24900 4200 24500 24600 24700 24800 24900
E: East



(d) (e)

FigaBeOre and waste zones for selected be

Tab3RBench by bench ore properties for referenc

ORE PROPERTI ES

BENCH # of OAverage o010re volOre ton Met al co

blocks (% Cu) ( f) (tCu)
B_3964 699 1.917 699, 00(1,887,3 36,179.5
B _ 3940 638 1.777 638,00(1,722,6 30,610. 6
B_ 3916 684 1.642 684, 00(1,846,8 30, 324. 4
B 3868 387 1.5409 387,00(1,044,9 16, 185. 5
B_ 3836 175 1.607 175,000472,500 7,593.07

Tab&®Bench by bench waste properties for refer.e

WASTE PROPERTI ES

BENCH # of WAverage wiWaste vWaste t Metal <co

bl ocks (% Cu) ( @ (t) (t Cu)
B 3964 1589 0. 747 1,589,04, 290, 3 32,048.5
B 3940 1455 0. 793 1,455,(03,928,5 31,153.0
B 3916 1095 0.881 1,095,(02,956,5 26, 046. 7
B 3868 733 0.®8 733,001,979, 1 19,3065. 1
B 3836 456 0.9114 456,001, 231,2 11, 253.1




|l ti mpotwooambae these values estalflabSalmmddbebg t he

i s

pr

co

cl

Th

vV a

a representafhadedsfattilopen serves as a repres:

oviding a comprehensive understanding of t

nstraints such as ' imited sampling and es-
assifinaatiaomabseu Hence, the classification
mpared to an exhaustive knowledge of t he t
sentially, by increasing the nunibeegstoifmasta nof
chniques, we can narrow the gap between our
hi eving a more accurate representation of t

1.3 Grade Control by Ordinary Kriging
grade model was generated by estimating the

ri ograms of the bl ast hole grades were <cal

reshoffl grcade) used in thel crwasi appbf ethtec
del to discriminate ore and waste.

1.3.1 Variogram calculation and model ing
riogram calcul ation and modelling for each L
d not the normal scores. I n mining operatio
er time rather than allaatresclkt iThibBavnoage
ailable when inferring the variogram, hence
e used to assist in the variogram inference

is approaclppiemaeamtkenhd oawauil abl e data and

riogram estimation, despite the spatial dif"



ariograms for each bench were calculated and

ach bench.

n the absence of clearly defined orthegonal
irectional variogram is model ed, suggesting
cenari os where the anisotropatyajnitsi a8otommon
o fit the variogram wi-dihr eacnt iiosnoatlr ova rci ongordaent
veraging the variograms calculated in all po

score values nfthberdwt 8Hbdttaoi si attribut ec

nvolved in transforming the raw data into no
ata's statistical properti €&€sglbpPpertheaediaed dat 5
ndi cate t hedicrad cctuil ant eeld wamniiogr a ms , whil es th
model . The sil/l in the variogram modeling re

(estimated byaxliosokvahlgueptatt bauyof the variogr a

variance of t he bl ast hol e data within each b

variogram reaches a plateau or |l evels off 1is
becomes bhneg!l iThhe variogram i s motOahb7lead wi th the
1 Variogram Modef For Cu 1.20_ Variogram Modet For Cu 1.20_Variogram Model For Cu

'Y E B0 _| ,.Y 80|
, i JES
. 80 L e ]
] 40| 40 R R
ACI:
B , i 20 _{ o 20

T T T T 1 T T T T 1 T T T T T 1
@0 80 120, 160. 200. 50, 100, 180, 200, 250 00 e 50. 100, 150. 200. 250 300

Digtance Distance Distance

(aBench 3964 (b) Bench 3940 (c) Bench 3916



1.0 Variogram Model For Cu

1.00_]

120

1.00]

Variogram Mode! For Cu

e v
e - -
] A I
(d) Bé&®8ch 38 (e) Bench 3836
Figa®wari ogram models for all fi

Tab®Aettri butes for variogram model
Bench Type Si || Range Y Range
B 39614 Nugget 0.3B6

Spherical0.0d4 50 50

Spherical0.®5 90 90
B_3940 Nugget 0.7

Spherical0. 161 50 50

Spherical0.03® 100 100
B 3916 Nugget 00D

Spherical0.174 50 50

Spherical0.@5 100 100
B 38638 Nugget 0.7

Spherical0.1L5 60 60

Spherical0.®4 100 100
B 3936 Nugget 0.0D

Spherical0.0D 150 150

vV e

b



Spherical0O0. 0426 220 220

1.3.2 Ordinary Kriging

dinary kriging was performed on a ten by te

XIi mum search radius of fifty (50) meters in

r estimation is establisbappgedtafti vef{(9p) (5&h

rms typically involve using a range of four
utilize five and fifty samples in this stu
sampr etshevidpeci fied search radius and to a

ti mation result is a map of the spati al di s

1.3.3 Sampling Errors

mpling errors occur mainly because the char
aracteristics of the entire domain. To capt
ndom noise were addedhow the bélasvihole dfatt
anges in the presence of these errors. The

d 50% error. For each | evel of added error,

re calcel attddwedhus to assess the errors i

ndomness to a single value. Each realizatio

kriging and the results show signiificecamts eadhamd

original blasthole data and the fivEiIi gB®el s o



Blasthole samples on bench 3964
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4.1.3.4 Ore and Waste Classificat
A ecouftf grade of 1.263 % Cu was uUsS
for all t he VFargifaibdh @tsh eo fo rceo pgpred . waste cl assif
variable (Cu) and one realization
compari son toThmes glrtosunfdont rartdé an
presented in the appendi x. The ge
scenarios. However, there exists
in each case. These variations th
each bl ock.
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ORE/WASTE FOR CUE30 FOR BENCH 3964

OREWASTE FOR CUE40 FOR BENCH 3964 seren, GREMWASTE FOR CUES0 FOR BENCH 3964
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(e) Cu with(f30%uermwridrh 40% ) rGu with 50% er
Figad@ere and waste classification for bench 3

estimated with original variable (Cu), ar

4. 1.4 Grade Control by Support Vector Classifi

The i mplementation of SVC to the dataset 1 s a
supervised machine | earning. Support Vector C
model known as kernelized supporel veston kach

the classification of more complex data to ac
i mpovtaantadéedsin shaping the moddéaly pame nteh e rtsy p
and gafm@emad gamma both control the complexity

causing more complex model

4.1.4.1 Training and Testing

The dataset is randomly divided into training
The vakEdatbdoerstenr e used as i nput cvlaarssabmmeglsoy @aad
target. Prior ctl avatssh atn,c otdlreed vaasr iaalbclaet egori cal v
of f grade of 1.263 % Cu: <class 100 is coded a

the dat a, portions of the train set were ran

TP



assess the performance of each hyperparameter

The remaining of the train set was used to evas

Like the kriging model, random noises represe
set . Noises from ten (10) to fifty (50) per ce
twenty (20) realizations soafmet h2e0 BrH awiitzha teiror nosr
and is split into training and testing. The m

and used for analysis.

4. 1.4.2 Tuning of Hyperparameters

Grid search, -cauptedi wnt hi srempl oyed to navi g:
determine t heamdnmbiwaltuesn tofat yi el d opti mal n
set . I nitially, t he moadmed atvaes desomgnaddedDi se@
bet ween one and thirty with an increment of o

val ues may bi{®,52at @amdar. Rr, ifdgpagmwas def i ned ar
the best performing QanglaersmatTd es enluanbte rt rod dpotoit
each search is set at thirty (30) after a senc:t
hyperparameter values chosen by the model at
foorand C betweenh ame thirtieth repetiCainan. Ho\
remai ned conBitgaihpe (Tshhuwswn tine search i1 s repeate

of ogalnld C values is calcul ated.



Convergence of c and g after 30 Repetitions
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Figaeetermining the number of Dboo(gstrappi ng
By averaging out all assessment of the model
performance i s obtained. This was done to avoao

The optimum hyperparameters psedefiabBHeasat wel Inc
as the performance oft hiehseetphbadmeédedtnomheéot &f ¢ e
The results for other benches are pr &£€&aandt ed |
gammaried from bench to bench, and the accur a

as the | evel of error i ncreased in al/|l benche



Tab8&@pti mum hyperparameters used to fit model
and refeE@rpe ed &gnidn atlh ev aorriiabl e EWDt hEBO, e EBOL

and E50svapi @llleld wiaa hal@%. err or s

Cu Var C gammi SVG@ cura SV@redic SV@redic

wi Olpti mu accuracy accur ac

hyperpar: dat a ref edanc
( %) ( %) ( %)

EO 3.51 13. 4 79 .055 77011 87 .067
E10 00D 23.03 79.050 79 .006 88 .00 2
E20 00D 23.03 77.001 76 .060 87 .096
E30 00D 26 .06 75.050 74 .07 4 87 .055
E40 00D 16 .07 74 .070 76 .00 2 87.019
E50 00D 16 .07 73.040 71.081 86 .061

4.1.4.3 Ore and Waste Classification

The trained model was used to predict the | oc
used ta heel msc@f@gblkocks. Predictions on the tes:s
of sampled and unsampled | ocations belonging
pl ot of the classification for each realizati
class probability of 152 as ore and those belc
with tmhe olfoddatei d est FS ggB@BledMo sits oshdawre itrest sar
ore (in red circles) were consistent with the
(for Cu with no error), and waste samples (in
The model demonstrated higher accuracy on un:

Y H



scenari os, signi fy
the continuity of
contributes to the
the results after
bench (B_3964) i s
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(c) Cu with 20% Er(ad)y Cu with 30% Error
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Figas®vVC model prediction on test data at ben

with added errors.
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SVC PREDICTION ON CUE30 FOR BENCH 3964 SVC PREDICTION ON CUE40 FOR BENCH 3964 SVC PREDICTION ON CUE5S0 FOR BENCH 3964
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(d) Cu with 3Q%)erCruorwi t h 40c% eGur owith 50% er

Figad®VC model cluss@ded eamrtae adn bench 3964 f

variable (Cu), and Cu with added e

4. 1.4.4 Fixed hyperparameters

Il n this scenari o, the models for all benches
util i zingmylpearapmeitmar s i dentified for tep benc
optimization for each. This approach ai med to

wi t h-opteil thiyagpeedr amet ers and the other with fixe
that , i n thi®ptontysmalr, a nteteer seviafl ues di d not
performance compared toFtlg@&bfeiThedwas!| aegeasrp
model accuracy with increasing | evels of samp

accuracy for each variable in a bench is an a

yp



Bench by bench SVC performance (Optimized)

Bench by bench SVC performance (Fixed hyperparameters)
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Figa@abrRer formance of SVC model s wételhr sopti mi z
4. 1.5 Evaluation of model s
The SVC andsfkari gealc mowdari abl e of Cu was eval u:
trut h) using a confusion matri x. The results
materials in respect to the actual maséenigal |
sgsiMmn example of the confusion matrix for Kkt
sampling errors (CHRH_&E®DBe bnetpeesegued, i hrue
reference (grounand rprtendicdtassds idliasast iiosn t he pr e
the kriging and SVC model The code 100 repre
mo d e | correctly classified 620 ore blocks (TP
wer scrhiassi fied as waste (FN), and 91 waste bl
correctly classified 601 ore blocks and 1420
as waste, and 169 waste bl octkhdeemicshelsa sagief ipa ck s
the appendi x.



Confusion Matrix for OK at CU_OE Confusion Matrix for SVC at CU_OE
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for Bench 3964.

From visual examinati on, the high TP and TN
model . However, the confusion matrix also al/|
provide more insights into thacwmofelr' §refgfagt

model s for each mieqkithe Tyspipcraelsleynt ead rienl i abl e m
kriging due to its high prediction accuracy,

closer proximity to the ground truth compared
e X htisbihi gher | evels of sampling errors, the cl
accuracy assessment ff orn haewerha gCau ovfarti vmdhr teayhierse &

samples used to make t.he prediction (by addin

Box plots illustrating the count of accuratel
reali zations for each variabl eFiweldrBted grliney aat teh
outcomes for bench 3964, aligning with the pa

yT
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4. 1.6 Economic value evalwuation

The economic i mpact of misclassification for

kriging and SVC Imbdeks.thhesweaerembseel assifie
to waste dump instead of the plant. Their eco
the metal content | ost in each block. The met e
andetaverage ore grade tasmdTme ngmaumt ckf dreatsalt

3964 due to misclassification Tiab9d&mdagbhil®eg and

respectively. The amount of metal | ost was mor
fewer financi al |l osses to the mining project
|l oss based on each model usadion eéxprodesaedtas
content in the DbFingcthd e Al hgiesneirsals hionwenr eianse i n 01
with increasing sampling error in all/l benches
model , a decline in ore |l oss can be obsserved.
presented in the appendi x.

y ®



Tab9EBconomic value of ore | ost for bench 39614

Cu Numbe Mean Or e Or e Met a
Ore v
Variaof Dbl grade volur tonna cont e
| ost
Cu) (M (t) (t Cu
No er 79 1. 37 7900 2133(293D. 8.a1
10% 81 1. 37 8265 2231!306®. 8.7
Erro
20% 90 1. 38 9020 2435:33623. 9.0®
Erro
30% 91 1.@&2 9150 2470!' 3509®. 9.00
Erro
40 % 93 1.a1 9315 2515(354®. 9.®0
Erro
50% 97 1.1 9745 2631:3709. 10.02:
Erro
TabltEconomic value of ore | ost for bench 39614
Cu Numbe Mean Or e Or e Met a
Ore v
Varia of Dbl grade volur tonng cont e
| ost
Cu) (M (t) (t Cu
Noerr 98 1.41 9800 2646(3752. 10.03°
10% 95 1.2 9515 2569(3648. 10.00:
Erro




20% 93 1.43 9310 251373602. 9.®6
Erro
30% 91 1.43 9085 2452¢3512. 9.01
Erro
40 % 77 1.42 7675 2072.2959. 8.Qas8
Erro
50% 77 1.2 7725 20857 2961. 8§.Qao9
Erro

Economic value of lost ore: Kriging
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of silver accompanied by Ilittle or no gol d e
commonly with advand&MPar.@iOHd3Wecv ears,s eimmb | talgiess s
( Au) variable is considered for anal ysi s. Ot

' ithal bgywatdi nar al i zati on.

4. 2.1 Dat a

Data contains 17,352 blasthole samples for al
cleaned by eliminating data points beyond the
sampl e points beyond t he reastsiamg | cco grodinnast eb ed
1000 meters and sample points with negative g
could have been due to sampling or assay error
reduced to 46) @5Q0AuTheowardered for analysis
upper gquartile grade of 1.4 g/t. The original
are assigned within the minimum and méaximum e
The analysis is performed on bench 3997 becau
and can be used to demonstrate the main findi
statistics Tabl le¢ rneesaennwt heiddi enennai 6 wa l view of the

| ocati onBi gthébevn i n

4. 2.2 Reference Model

The data was transf or nteldu sitnetroi nngo ramad tshceo rveasr iao
and modeled in the horizearalbgphanewasArctaéxpeénr
(12) directions which are tswemaryat(ed )b yn ufmbfetre e
|l ag separation distance and tolerance of ten

were adjusted reasonably. Just l' i ke i n the f

GH



otropy,-dheacti analommari ogramiga@®dechdrciungt
model ling process, a nugget effect and tw
t and second structures had ranges of 60nm
ectively. Det ai | sgrod mt diaeh qpudrdegrhiddirenrg fairlee spr

he appendi x.

enti al gaussian simulation is used to sin
rr- by 1 meter by 1 meter), and then bl ock
erent hoyfpfo tchreadec adf cluné@8armg/dr, adbeasefd tome t he
ied to the simulated model to discrimina
rial cl ascgfiffizrae i pneg d@andekidgBifilcee specti vel y.
rence (ground truth) model had about 39,0
es of gol d in waste. Tonnaget ag,s amd ctuh e
|l ting metal content (in grams) was convert

mmary of the ore and waste proapklf2ei es aft

Tabl¥summary statistics of Au data for selecte

CouirMean Std Min 25% 50% 75 % Ma x

143" - - 47313 - - - 47335
North143" - - 70363 - - - 70366
El evald43’ - - 4003 - - - 4006

143°1. 8 3.220.075 0. 4 1.07(2.36(0(88. 05




Sample locations for Bench 3997 Variogram Model For NS:Au
rossen 2.00 .
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Fig@bedSampl e | ocati ons, s(cho)fcewdsr imud raa m omnf orf o rBrh
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Tabl20r e and Waste properties for reference mo

ORE AND WASTE PROPERTI ES

Mat er Number Average g Volune Tonnage¢ Metal ¢

bl ock (oz Au
Or e 157 2.®85 157, 0 423,9C 38,801.
Wast e 295 0.05 295, 0 796, 5C 19, 20008 .

To validate the -guantr-Q)bagli ®@tn, ofa tqghueaanai il @i nal

simul atedaa&t & rafntsdror mi ng were plotted. Mo s t

—

he ffiowed y(45) degrees | ine whikihgGtedi Satme $ alb ¢
hi stogram and statistics of the blasthole dat
simul ated data generated by the model. The hi
data are reproduced trtrasomaambm| gf wedtit h dhet bil lag
and preBaebllt3ed®d pomsitive bias is observed indic

proximity to zero indicates a well simulated

10_BH Data vs Simulated Data . Hstogrmn ol Ay N B Histogram of Simulated Au

S Number of Data 444
1 ] number trimmed 4855
1204 mean 1.48
std. dav. 1.08

coef. of var .73

120 maximum 5.08

o2o_|

Simu lated data.

Freg
Frequency

0.1 4
040

‘ ] Hmlmmﬂmm - { W\WEJ

T 1
¥ T
om 01 1 10 o 10.0 0 20

Blasthola data Au

(a) (b)

FigB8dea)Q @l ot, (b) Histogram of BH data, (c
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Tabl3ummary statistics of blasthole and si mul

Type CouiMeanStd Min25% 50% 75% Max Bi a:¢

t

BH Dat 143 '10®% 3.220.00048 1.07 2.36 88.0 124

De 143 1821 3.18007:04301.102.36 88.0 4
cl uste

dat a

Simul a35811.561.630.D0.83100 2.0® 100m

Dat a

4. 2.3 Grade Control by Ordinary Kriging

The model was developed by esti mat i-megt eérmhegrgird.
Prior to that, the variogram was <calculated wu
t wenty number (20) of | age &t ftwelnvée 1632 mediemr
directional variogram is modelled with a nugg:¢
of the parameters foTabtldee Omodelt har grpdesemnded
cuaff grade of 1.8 g/t is applied to the estir
repeated for original and the addedResrurldars Jarr

t hAeww ariabé egr eFsiegnBteed i n



Tabl&Attri butes for variogram model

Bench Type Si || Range Y Range X

B 3997 Nugget 5

Spherical3.09 18 18

Sphericall. 904 90 90

Sample locations for Bench 3997 AU_E10 BH Samples for Bench 3997
sromes 2.00 azaes 2.00
800 800
175 175
700 700
1.50 X 1.50
600 600 ﬁ
125 B 125
500 500 4
£ g & g
= 100 2 1.0 2
(=] ' [=]
= 400 é = 400 2
300 0.75 300 -0.75
200 0.50 200 0.50
100 0.25 100 0.25
47”3000 473100 473200 473300 473400 473500 4703000 473100 473200 473300 473400 473500
East East
AU_E20 BH Samples for Bench 3997 AU_E30 BH Samples for Bench 3997
e 2.00 sraeee 5.00
800 80O
175 175
700 700
1.50 1.50
600 600
1.25 125
500 500
£ g c g
100 2 £ 100 2
o (=]
= 400 g = 400 é
300 0.75 300 0.75
200 0.50 200 0.50
100 0.25 100 0.25
4703000 473100 473200 473300 473400 473500 4703000 473100 473200 473300 473400 473500
East East

(c) (d)



AU_E40 BH Samples for Bench 3997 AU_E50 BH Samples for Bench 3997

sssssss 2.00 +7.036e6 2.00

1.75 1.75
1.50 1.50
1.25 1.25

2 c
100 2 E 1.00

22

<

Au (grt)

0.75 0.75
200 0.50 200 0.50

100 0.25 100 0.25

473000 473100 473200 473300 473400 473500 473000 473100 473200 473300 473400 473500
East East

(e) (f)

Figge@eriginal bl asthole data (a) and BH da

4. 2.4 Grade Control by Support Vector Classifi

The process for modeling and generating predi
The dataset is partitioned into 70% for train
further subédirwii :niioHge mmido gaulblet a-v @locdasson, al |

to identpdryf dmmi Mgshyperparameter pairs for tF
computed and applied to the originalTadddba, r e
di splays the ounicyopmmsamét ¢ehe optaimned for eac
performance on r té etrdearhcad Nosabéhy, t heumaccur a
hy pear ameters diminishes with an increase in e
antdhuenseehedanae The predictive result of the
bl asthole data (Au with no errors) and the mo

Fig8ga, IRepsults for the other variables are p

Py



Tabl®pti mum hyperparameters used tordfier enode |
datE®. represent the original wvariable with no

represents variable with 10% to 50% added err

Au Vari C gammi: SVCcaura SVC pred SVC pred

wi Olpti mu accuracy accur ac

hyperpar: dat a referenc

( %) ( %) ( %)
EO 3000 3.09® 840 ® 880 @ 900G
E10 3000 3.09® 840 @ 870Q@ 900 ®m
E20 16 .07 6.08 8200 840 @ 890 @&
E30 6.0 100@ 8100 830 880 ®
E40 2600 3.09 800 ® 7900 880 ®
E50 30 100a@ 790 ® 800 ™ 880 @&

OVERLAY OF PREDICTION AND TEST DATA FOR AUEO

SVC PREDICTION ON AU_EO FOR BENCH 3997

7.03668

800
700
il ore

600

500

| [
F s
o

200 Waste

b
]
Class

Class probability
North

w
=1
=1

100

0
473000 473100 473200 473300 473400 473500
East East

(a) (b)

¢



ORDINARY KRIGING FOR BENCH 3997

+7.036e6

800
700

Y

200 Waste

North
Class

300

100

o] v + . .
473000 473100 473200 473300 473400 473500

East
(c)
Fi g8B8%VC model prediction on test results (a),

(b) and Ordinary Krdaging model for |

4.2.5 Evaluation of model s

The SVC andsfkari gealc mowdari abl e of Au was eval u:
truth) using a confusion maFrg&&sddowe bowf weli o
model s for kriging and SVC classified materi s
model , using the original variable without sa
clasgduBiedbl ocREWaIPe Bhdcks (TN) whiles 9 or .
as waste33bab)e Bhdcks misclassified as ore (F
14@r e bl 26MWasuavdbl olchkrse whhli d ®elss wer e mi 881 assi

waste blocks misclassified as ore.



Confusion Matrix for SVC at AU_OE Confusion Matrix for OK at CU_OE

-250

100
g
100

._.
w
o
-
w
o
umber of blocks

True Class
Number of blocks
True Class

100

100 =

200
200

100 200
Predicted Class Predicted Class

100 200

Fig@d@onfusion matrix for ordinary Kkrigi

The balanced accuracy for krFiigi@mgeg HamgheSVOrmadad
accuracies are observed in the kriging model s
no error variable and reduces to 89.3% for
accuracies for SVC hadra vhirghabdfe 2®. BB . 480 f o
exhibits higher | evels of sampling errors, t h

accuracy assessment for each Au variable is b



Comparison of Kriging and SVC prediction accuracy

91.5 4 —8— KRIG
sVC

91.0 1

©
e
)

Accuracy (%)

@
©
n

89.01

0_ERROR 10% ERROR 20% ERROR 30% ERROR 40% ERROR 50% ERROR
Au Variable

Fi g@bkal anced accuracy for ordinary Kkrig

The number of accurately classified ore and w
vari able were generated for bothFikgfd ngnand
with the patterns observed in the confusion me
of bl ocks as true ore and waste when compar.i
classifications made by dtihset iknrcitgiionng baencdo nEeVsC nmo

higher | evels of sampling errors.

TRUE ORE BLOCKS AFTER KRIGING TRUE WASTE BLOCKS AFTER KRIGING

155 4 a0
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o 260
1351 o
250 ]
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TRUE ORE BLOCKS AFTER SVC TRUE WASTE BLOCKS AFTER SVC

290

280

Number of blocks

290

ol ]
ali[e T syl
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Number of blocks
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4. 2.

The

wa s

i n

GT 0_Error 10% Error 20% Error 30% Error 40% Error 50% Error GT 0_Error 10% Error 20% Error 30% Error 40% Error 50% Error
Au Variable Au Variable

(c) (d)

gBB6ROoX plots of true ore and t&Ub)wastdeSWLCO
(c&)( djodel s.

6 Economic value evaluation
economic i mpact of misclassification for
assessedTahbhlbiGempdaddEas pdct nvel y. The met al c

ounces of gold as the product of the tonna

of t2om’The kriging model exhibited | ower met al

or i

The

t ha

per

Not

ginal sample values. However, as the sampl |
reverse was observed in the &dCmovoa erhet a&lh e
n kriging in the absence of errors, saw a
centage of metal | oss for each model was ¢ca
ably, t hle &emagn sitgr antoedde a consi stent decr ea.

ors, while the SVC model exhiidppdrned the opp
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TablGEconomic value of ore | ost due to Kriging
Au Vari Number Mean gI Ore vo Ore torMeta@adnt
bl ock (gl t) (M (t) (oz A
No er 9 1.03 9000 24300 1508. C
10% Er 11 1.®6 11000 29700 1871. 7
20% Er 13 1.6 13000 35100 2212.C
30% Er 14 1.®6 14000 37800 2382. 72
40% Er 14 2.0® 14000 37800 2430. &
50% Er 16 2.0D 16000 43200 2917. C

Tabl#Zconomic value of ore | ost due to SVC mi
Au Vari Number Mean gI Ore vo Ore torMetal c
bl ock (gl t) (M (t) (oz Al
No er 15 1.®3 15000 40500 2513. ¢
10%rro 16 1.6 16000 43200 2722. %
20% Er 15 1.®2 15000 40500 2500. ¢
30% Er 15 2.000 15000 40500 2604 . ¢t
40% ETr 11 2.@38 11000 29700 2177. ¢
50% Er 10 2.000 10000 27000 1736. &
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Chapter 5

Conclusion And Recommendati on

The aim of this research was to identify how
coubd i mproved using machine | earnihgei S8uppmpt
Vector Classification (SVC) algorithm served
categorize mined materials by creatinghe mod

outcomasuneeren data once the model's test da
hyperparameters associated wihobept thhygpekrear nmeetl e rwsa
that effectively delAidrde dti @ ntaH d yd €ORivdisorma tlyd Kmed
as another grade control met hod to evaluate
Since we do not know the actual grade distri

simulated wusing a seqaggt madr khd wdvs | vaaas s@smaud ¢

benchmar k against whi ch StvhCe atmwaor @Kr)cacdmnep acroend .r o |

Anot her objective of this study was to evalua
of a gr ade sdorcter otlhinmo dpehlietheo memmm@presati on and
inevitabl e. Five |l evels of random noi ses, rep
var i ahbalpep,l ieendd i n the devel opment Tawfo kkatske SYQ da

real production data were constructed to I mpl

This chapter discusses the conclusions that c:

of research to investigate iIissues that arose



5.Concl usi on

Traditionally, mi nes employ estimation for gi
favored. It is a simple workflow that uses | e
reliable grade predictions eaterl,o¢ htei esds i wmat e
kriging and similar deterministic interpolati
|l acking the ability to capture the full spectrt
estimati ohymodel syaceeated individually for e
empl oyed in delineating excavabfibdbndglbhheorkt ne:
experi ment detailed in Chapter t wo and the t
applicandiomariyn kgn agde gcontr ol

The use of Support Vector Classification (SVC)
mi ni ng oplkmrauglnists ability to optimize the dec¢
SVC contributes to optimizing resource extrat
mod el on both test and unseen data modei ded
generated. The time spent on training the mod
bench depending oesthesedumbedr tofe sampeti toif o nbs
empl oyed to choose the optimum hyperparameter
utilized |l ess time to train whiles those with
processing times. Al so, t he wausmbdeirr eocft |byo optrsaotpr
the amount of ttihme mepdhdalh ibenphockasthe first
training bench 3964 (for no addedl esr wrj hwasd

errors took about fifteen hours twegdmar ant eddi.e



Anot her point worth to mehypeamamettehes .t Thii 39 V

i mportant step and hence all possi ble values
was time consuming. |t was essential anmotsel ec
underfit. Assessing the performance of the moc¢
t he accuracy of each class independently and
matri x.

Both methods, Support Vector Classifier (SVC)
resul ts, achieving close ttoa dPO0OWhacasracy uidn et
model exhibited approximately 8.5% miscl assi
Machine (SVC) showed a slight!l ¥ 5h% gacerrosnsi stch &
scendrnhmiiecs | evel of accuracy indicates the effe
predicting ore tonnadpdHewevenr heBEVCebrovaunht erae
accurately determining the boundary to repres:é
contained errors. Il nterestingly, the boundary
i mprovingy ias attclteer asampl es contained more errc
practical l appbntseytsstoemsa@Kd patf grmed SVC in ternm
reliability in representing ore poaohpgpeesThns
operations, where accurate estimati o-makingre

procdsgseass. wort h ensepnittieo niitnsgy rtohbautstdness to samp

highlights the significant finanmiatl|l assiskesca
The substanti al amount of met al l eft behind ©b
need for i mprovements i n sampling practices,
considerable financial baeateifon sprande spe¢3 .mi ze

My



| n al | cases exami ned, t he Ordinary Kriging

performance relative to Support Vector Classi

currently trails closely behindh@r ciomamyy HKreiac
technol ogy and machine | earning continue to a
The i mpact of sampling errors showed that an

model by i ntroduci nBjotmorkr imgiscd aarsd fS@tmmdesl. ¢
in balanced accuracy for classified blocks wh
The cases discussed in Chapter Four il lustrat
and SVG& ndoedcerleased by 3.5% when sampl iThlge err ol

hi gher the erroacl deviefli,cdthieomooecuis and t he |

5.2 mitations
The use of a novel machine | earning algorithm
model can be computationally intensive, especi

the training time for Suppywyrbedeme omo Edas s ¥ ke

particularly for extensive drill hole datasets
gets aggravated when dealing with multiclass
t wo. Unl i ke cseucthaians ctlhaes sdefciiesrison t#e@adcl a ®siaf

model ing scheme, maki ng it asb atsice@ragni,dsan®ind

Al gorithms become computationally expensive,

Additionally, the effectiveness of Support Vec
of 1its kernéalypamrdnmessacsi.atlgd i s | mperative to
as i mproper sel edthiaprns mmady pleeddrimankcess | nadenq

poor | yhytpueEnmreadmet er s can adversely affect cl assi

Mg



to generalize. Hence, t horough <consideration

hy peamr ameter values are indispensable for enha
The sensitivity to kernel selection underscor
to attain successful classifichoioas,ouit colmed

regul ahy patriamet er (hy)peamametearnse,l pl ay a pivot

higperformance results.

Finally, Support Vector Classification (SVC)

guantifying prediction uncertainties. This <ch
applications where a compodbkehsi wemcendaratgn
deci-md kinng. Wi thout a natur al exploration of
picture of the reliability or confidence as:

uncertainty assescemeeart moedelairmgnoampr oaches or
as incorporating probabilistic frameworks, ma
The constrained exploration of wuncertainty un

t haeppl i cation context when choosing classifica

5 RBecommendati ons

Ore and waste del i resgpteicoral iltryo gmigbientgaocotpg e rod t ii i

of capitals can be |l ost I f mined materials ar
in the industry such as ordinary and sequent
however, an d&apepr @ogpdch mtilzaets ftdhret materi al deline
and dilution wil!/ be much helpful to the indu
With Support Vector Classification (SVC), exp
functi on, during the modeling process wil/l be

MM



ore body's geol ogi cal characteristics. Even t

st uadxycedt edapt ur-liinmgeatrher enfloant i onshi ps often pr

pol ynomi al kernels also provide flexibility f
di fferent kernels allows for a gmaoleo qiuaalc egdt rut
and helps tailor the model to the specific co
|l nvestigating ensemble methods, which invol ve
(SVC) models or integrating them with other c

classification performance.g Bmrs émololsd ithegg h rciagu
strengths of diverse models to collectively vy
the outputs of multiple SVC models can mitiga
model 's gener asl.i ZA@dtdiian omaadd lyi,| iitniteegr ati ng SVC
such as the decision tree classifiers may expl

effect. Experimenting with ensemble approach

strategies to optimize the classification per
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AppenAli x

A-11The Effect of Bl asting

Although this thesis is premised on {imlast material classification, one needs to understand the
complexities blasting adds tgrade control and how blast induced rock movement is measured.
After tremendous work has been done to define and model the distribution of minerals in a rock
mass, the rock undergoes a comminution process before the mirsal te the mill For most
scenarios, the first stage of the comminution process is blasting, and this allows efficient
excavation and haulage after the rock has been fragmented. Blasting is done using explosives
inserted into holes drilled in the rock. Upon detonatibe, ¢themical eergyin the explosive is
released, and the solid explosive becomes transformed into a pressurized gleaming gas that shatters
and move rocks in the path of least resistamtecausing rocks to be displaced from their original
position( Hu s t r u | Lawrence Z1944)THornton (2009and Zhang (2016provide more
information on the detonation theory and the mechanics of rocks breditdagenovement is
detrimental to the accurate delineation of the predefined ore and waste zones and could lead to ore
loss and dilution if not accounted fér.i g 8 8lestrateshow ore loss and dilutiocanoccur due

to ore block movement.

Understanding material movement during a blast has always been an intriguing area to mine
operators, especially where there is no clear visual distinction between ore and waste. Various
methods used have demonstrated a mixture of success and some fimit@alitional methods

of understanding the movement of the rock was to compare and contrast pre and post blast
topographic surface6 Vasy |l chuk & . Meamwhike,csbme orgahiza8ons allow a

considerable amount of dilution factor in their pit optimization process to account for material

MH



movement.Two main approaches used to measure or model blast movement are the direct

measurements based on the use of physical markers, and indirect measurements such as numerical

modelling.
@ o ¢ o
e o Q
o o] e ) (w]
@ o ©
o O < (o]
h L) Q
] Ore,pre-blast ~ ## Dilution
i i Ore, post-blast 7 Loss

Fig@B@re | oss and dilution during blast. S

A-11. 1 Direct Bl ast Movement Measur ement

The Use of Visual Markers

This type of measppleirdanttp haynsv a@lav e snatrtker s t o tr
suchhasuse of visual mar kWwrssiadndamr &kmotse eie o snip
such as sandbawhi,cthaeesedr i ptpeshe rock befo
bl ast | ocation i(drRonsta f& eTdh carnidin omtela sReyldit)er s e alr 9c9hs
and Zhangpprl®i9s4ed the wuse of sandbags and w
di spl acement during blasting. Results indicat
cheaper, and relatively accurat e, onl gratout
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and it took several days for all the bags to
of plastic pipes inserted into additional hol
exposed during excavatiom,r thlegied clho ceaxtciaovms | @

process i s repkRiagktididbeos aanacbxbampkeé.of a recov:

As simple as thisdoed hmat i &l It ow etxlee ugreqgqpen de
polygons pri bec &doasteax cfaowratpirooncessi ng i s not av
found and t he or(eFihtazsg ebreael ndl leextc aavla.t ,e 12 G hle) pol
presents sever al l i mitations -dnmkodingalthee
measurements, poor ¢ ecvoeMerbye nocth epsii ppens nfsd rv blea vinegt
however be noted tihsatahmoledappe oath maahkdr ot n

published in |iterature.

Pol yp
exXpos
afte
excayvd

Fi g@BRi pe recovered after blasting Source



Remote Sensing Devices

A modern approach to direaskryometas ud et éd taisri g me
This is an electronic method that aims at all
remote sensing methods, metallic or magnetic t
their post dbelnastfileadc aitsiionngs riemote sensing or
have been t eGrtoauchdi rPeelned iMag nm @ tyoMRRedtdrdyr det ect i or
recently, the Rad{ohoéregoprHcWOQ&)y, Dhostagsuf fer
as damage of targets by excavator s, use of or
placed close to the surface or on the surface,

dynami cs.

By far, a remote sens$igthl gpaenfdd éeshsitty leaact c thraast e rmna
of ®Blnaduutced rock movement monitoring is the b
This method is used in mines such as the Husa
| argest worl d pWWodertealDoefv edlOochppejdunby a team of
University of Queensl and and | ater commer ci a
( BMT) , the BMM system comprise of transmitte
bet ween bl astdhoilne splaancde abrye dhrei(lFli tzytetrian gls ear a
After the blast, the transmitters are | ocated

apur pdoessei gned software. The structRirgel DoefT hae mo d

BMM bal l can be detected to a depth of around
of the bal/l i s pinpointed, the signal I's reco
the -dihmersi onal ( 3 Darcead waummeart te dv. e cTtheer S D mov e me
i s then applied to the ore bl ock bounedsaurlitess



usually ready within (aAd ahm w Tdiro.rtnWootnh f 82e00adt) b e
of 12 hours and mor e, and excellent detecti or

system hashipg ol nentdo epirteai cvtei cal f or grade contr
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A-1121 nide ect Bl ast Movement Measurement

Indi rect measur ement i nvsodfvtdvea rtiegnd eus @ haef meolvgane
based on data and ot h(eWasfyil elhdi kp a&r. EDeeuthesscth , ¢ e2BK0E
the post bl ast topographic stbrlfassde tiospotgmr apdag
approxi mate bl ast movement mo dceoln sii alememwied alp e

simulated models and machine | earning (ML) mo

Numeri cal Model I i ng

Early attempts to numeweinteahndegr end dley dom@Apdt antoiv
Early blast movement models developed include
byCundal | wh(ilcon8 0gtt empts to model by simul atin
subjected to high and transi ef8chamduwhgesrie9 8 6 ¢
bl ast movement is represented by blocks and c
particles is controlled by parameters such as
and sizes of the particloek, pamdi cbbesi Vdef ad

Moti on Code (DMC) (moédek epealsleohviecd 1tI9h@e7 )i ncor po

properties of explosives for modeling the mot
Having mentioned that, in recent years, simpl
the simple blast movement model by Furtney et
the chemical energy of t hestexnpgl ossndvehdw idti sit

di spl acement otouwubdktphree dfhaectemovdeelloci ti es wusi ng
as inputs within a certain degree(lbtirtaceyratcy
20113n 2018, Vasyldebeck i ored Be bt achh movement moc

topographic features. I n thetmedplhstt ge i @l ¢ orc



to pbast | ocations, and a 3D modPeol-btoa s tt hleo padtsit
were inferred -bt amt dIiFe gritstdiboowssd tphree pr e and pos
generated by Itnhhe2V0dOgl gbiuikt hlamdd abDeetdsdteir re
devel oping an empirical optimization algorith
to topographic monitoring. Results from a fab
map -bplraest gr adétasmu ok pwiste within a reasonab

i nforamhoubnbl ast movement .

3.323
3.323 . B '
— e R T TR - 1.027
e o P =
L &% 4 1.027
t - -1.268
- \:’1'1-33\1 - -1.268 £ - R -3.564
- 5 & ot e
= '«"W*'_‘,_ | L
e : 3.564 L‘
i AR

FigddrRere (l eft) and post (right) blast 3D mod

& Deutsch, 2018).

Despite the interesting approach of numerical/l
concerns. Some of which are the uncertainties
of the geol ogical feat uraels , prforpaecrttu rees s ydfc dithileo r&
Deutsch, A20d®%dWieg ab.t h(edd1:2)i cal cal cul ations

do not provi-dedacedrabdtek bmagément measur ement
modell ed and a measuredR®dsasandoVieamedt bhvea e d rk
margin was from 1 to 7 meters which 1 s esti msa
million dollars. They further suggested that

post blast bench configurations.
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Machine Learning Met hods

| n atthteempt to monitor rYw ke(@lohkpbe)mpoobeatt eewbhwub
model s of Support Vector Machines (SVR); a (geEe
algorithm (ABC), a cuckoo sear SWRal-g8Ri ahm (C
CSSVR respectively. Eightibpastvagipataemeterde
rock type, number of free faces, first centerl
subdril |l and initial dept-hnob@cendbni ooki mgyema
out put varifabybri dhal geei ohm aided in finding
final madmmaa Ndgpemal ty . f 3beteobec€C) performing mo
examining the three models. Data collected for

for validation and comparison.

The -S& AR mode | was designed by simulating the
adaptive abilities of organi sankapmeedde vedphbyed
continued evolution. The behavior of scout ho
inspired the d&8SVRlI ompment &EVIRB@sgs t hepiCiSed b
cuckoo bird searches, hags,ofhndnbthehebiidsce
bird. During calculation, a Levy flight met h
al gorFitghdnsehows t he framework of the proposed

f oun(dYu net .al ., 2019)
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[ Start l
!

]
End

[ Data Preprocessing ]
i ' }
( Trainingdata (164205 | | Testing data (41/205) ]
|
|
' N r N e 5 " = ™
L . . Initial position of nests
Initial population Initial food sources e :
7. g . Get the best nests
Sfor i=1: Max lteration for i=1: Max Iteration
= . for i=1:Max lteration
Select Emploved bees search solution : Get th tion of
. et the new position of nests
Crossover Onlooker bees search solution po. . -
. . Update the position of nests
Mutation Scout bees search solution .
. i . . Save the nests with lower P,
Fitness evaluation Save richness food source )
. Save the best nest
End End .
Output best C and best g Output best C and best g End
L ) o . Qutput best C and best g
\ Genetic algorithm y, \__Artificial bee colony algorithm ) Cuckoo search algorithm y.
|
Y
[ Optimal parameters of SVR ]
L
[ SVR model establishment ]
L i
[ Model performance evaluation }

FigdeModel fr ameSwdr k-8R G@ASdVRCSource: (Yu, Shi

et al ., 2019).

I n the second case, three original machine | e
t he Gaussian process (GP), and the extreme |
predictive model for bl ast mo v evheanl te. oTphte mg e

al gorithwmerues/@A) i n pl azreadraoforthmetbodal to obt a

hyperparameter search. The ELM, b as elde aornn innegu r
ability and good generative performance. The
neams . Having extended support vector machine

al so solve regression probl emgan@asR means | wned.
section above. GP is a nonparamgausci amodeil sbats
The mean and covariance functions make up t he

used were also i nspiraesd hbey pmraetviivaaul G Achaednegpanreintah 1
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is Ilike the one described in the above scenar.i

nature of whalekeinhd h-eamesaaiwgomit hms, mat h
inspired by these phenomena are utilized to r
values, and the process is terminated when th
be fouYuwd éetn .al ., 2021)

Results from respecGASYRo0WGAGPNOddlI espshbwr méa

in predicting post blast materi al movement s.

The machine | earning approach discussed have
movement , reducing misclassification, and sul
reducing | osses. The data coll ecsieslt mto mwidti br
predicted values of the ML model. Even though
exploration of its wuse for blast movement mon



AppenBli x
This section conpai ametdr fiimMagesuoddtihem GSLI B
of the benches (as well added error variabl es

four .

parfile = ""' Parameters for DECLUS
HFEEA R R AR R AR R

START OF PARAMETERS:

b_3836.dat -file with data

2 3 4 5 - columns for X, Y, Z, and variable

-1.8e21 1.0e21 - trimming limits

declusl.sum -file for summary output

declusl.out -file for output with data & weights

1.8 1.0 -Y and Z cell anisotropy (Ysize=size*Yanis)
2] -0=1ook for minimum declustered mean (1l=max)
1 5.8 30.8 -number of cell sizes, min size, max size

5@ -number of origin offsets

FigdBrRar amet erclfuslteerfiorg dledecl us. exe) .

parfile = Parameters for nscore
R KRR KRR KRR AR

START OF PARAMETERS:

declusl.out -file with data

5 6 - columns for variable and weight

-1.0e21 1.08e21 - trimming limits

2] -1=transform according to specified ref. dist.
../histsmth/histsmth.out - file with reference dist.

1 2 - columns for variable and weight

nscore.out -file for output

nscore.trn -file for output transformation table

FigddrRear ameter file for normal score tral

parfile = '""' Parameters for VMODEL
KRR KK K K R KK

START OF PARAMETERS:

vmodel . var -file for variogram output
3 320 -number of directions and lags
9.0 ©.e 1.0 -azm, dip, lag distance
99.0 0.0 1.8 -azm, dip, lag distance
9.0 -99.0 1.@ -azm, dip, lag distance
2 .18 -nst, nugget effect
1 0.72 0.0 e.e a.e -it,cc,angl,ang?,ang3
95.@ 95.6 1.0 -a_hmax, a_hmin, a_vert
1 8.1 0.0 e.e a.0 -it,cc,angl,ang2?,ang3
138.0 136.0 1.8 -a_hmax, a_bhmin, a vert

Fi gdbrRrar ameter file for nscore directional



parf

ile =

e e b 3 80k ok i f e Ok e ok ok

START OF PARAMETERS:
nscore.out -file with data
- columns for X, ¥, 7 coordinates
- number of wvariables,col numbers
1.8e21 - trimming limits

2
1
-1.6

gamv_ns_hor.out

3 4
7
a2l

Parameters for GAMV

-file for variogram output

-lag separation distance

@ -azm,atol,bandh,dip,dtol,bandv
@ -azm,atol,bandh,dip,dtol,bandv
@ -azm,atel,bandh,dip,dtol,bandv
25.8 -azm,atol,bandh,dip,dtol,bandv
@ -azm,atol,bandh,dip,dtol,bandv
@ -azm,atel,bandh,dip,dtol,bandv
@ -azm,atol,bandh,dip,dtol,bandv
22.5 25.8 -azm,atol,bandh,dip,dtol,bandv
22.5 25.8 -azm,atol,bandh,dip,dtel,bandv
22.5 25.8 -azm,atol,bandh,dip,dtol,bandv
22.5 25.8 -azm,atol,bandh,dip,dtol,bandv
22.5 25.8 -azm,atol,bandh,dip,dtel,bandv

-standardize sills? (8=no, 1=yes)

-tail wvar., head var., wvariogram type

28 -number of lags
16.8
18.@ -lag tolerance
12 -number of directions
.8 15.@ 25.8 ©.8 22.5 25.
15.@ 15.¢@ 25.8 6.8 22.5 2L,
lg.e 15.@ 25.8 ©8.e 22.5 2L,
45.8 15.@ 25.8 ©8.8 22.5
68.8 15.¢@ 25.8 6.8 22.5 2L,
75.8 15.@ 25.8 ©8.e 22.5 2L,
g98.e 15.9 25.8 ©.8 22.5 25.
185.8 15.8¢ 25.8 8.8
12e¢.8 15.8 25.8 0.0
135.@ 15.¢ 25.86 0.0
1t8é.8 15.8¢ 25.8 8.9
165.8 15.8 25.8 0.0
a8
1 -number of variograms
1 1 1
type 1 = traditional semivariogram
2 = traditional cross semivariogram
3 = covariance
4 = correlogram
5 = general relative semivariogram
6 = pairwise relative semivariogram
7 = semivariogram of logarithms
8 = semimadogram
9 = indicator semivariogram - continuous
18= indicator semivariogram - categorical
Fi gdbRar ameter file for

nscore direct

onal

V



parfile = Parameters for GAMV
B TR R R R R RO

START OF PARAMETERS:

nscore.out -file with data
2 3 4 - columns for X, ¥, Z coordinates
1 7 - number of variables,col numbers
-1.8e21 1.8e21 - trimming limits
gamv_omnih.out -file for variogram output
28 -number of lags
18.8 -lag separation distance
18.8 -lag tolerance
1 -number of directions
8.8 156.8 9999.9 @ 22.5 25.8 -azm, atol,bandh,dip,dtol,bandv
a -standardize sills? (B=no, 1l=yes)
1 -number of variograms
1 1 1 -tail var., head var., variogram type
type 1 = traditional semivariogram

1
2 = traditional cross semivariogram

3 = covariance

4 = correlogram

5 = general relative semivariogram

6 = pairwise relative semivariogram

7 = semivariogram of logarithms

8 = semimadogram

9 = indicator semivariogram - continuous
18= indicator semivariogram - categorical

File object = open(r”gamv.par”,"w+")
File object.write(parfile)
File object.close()

os.system("gamv.exe gamv.par")

Fi gdivRear amet er f i I-dei rfeocrt inosncaolr ev aormnoigr am c¢ al
(gamv. exe).

parfile = Parameters for VMODEL
B TR R SR R R

START OF PARAMETERS:

vmodel.var -file for variogram output
3 328 -number of directions and lags
8.8 ©8.e 1.8 -azm, dip, lag distance
98.6 8.8 1.8 -azm, dip, lag distance
8.8 -98.8 1.8 -azm, dip, lag distance
2 8.18 -nst, nugget effect
1 B.72 8.8 8.8 8.8 -it,cc,angl,ang2,ang3
95.8 95.8 1.8 -a_hmax, a hmin, a_vert
1 B.1 8.8 8.8 8.8 -it,cc,angl,ang2,ang3
138.82 138.8 1.8 -a_hmax, a_hmin, a vert

Fi gdBrRar amet er f i |-dei rfeocrt inosncaolr ev aorminoigr am mod el



parfile =

e Parameters for SGSIM
HEREE R R AR R R R

START OF PARAMETERS:

nscore.out -file with data

2 3 8 5 6 B - columns for X,Y,Z,vr,wt,sec.var.
-1.8e21 1.8e21 - trimming limits

1 -transform the data (B=no, 1=yes)
sgsim.trn - file for output trans table

2] - consider ref. dist (8=no, l=yes)
histsmth.out - file with ref. dist distribution
1 2 - columns for vr and wt

8.8 18.@ - zmin,zmax(tail extrapolation)

1 a.e - lower tail option, parameter

1 4.3 - upper tail option, parameter

3 -debugging level: ©,1,2,3

sgsim.dbg -file for debugging output
sgsim.out -file for simulation output

1 -number of realizations to generate

458 24428.9 1.8 -nx,xmn,xsiz
788 24593.7 1.9 -ny,ymn,ysiz
1 1.8 1.9 -ny,ymn,ysiz
leeea88 -random number seed
4 25 -min and max original data for sim
25 -number of simulated nodes to use
8 -assign data to nodes (8=no, l=yes)
1 3 -multiple grid search (8=no, l=yes),num
8 -maximum data per octant (@=not used)
15.e 15.@ 15.@ -maximum search radii (hmax,hmin,vert)
148.8 68.86 268.8 -angles for search ellipsoid
£1 51 51 -size of covariance lockup table
8 a8.68 1.8 -ktype: B=5K,1=0K,2=LVM,3=EXDR,4=COLC
../data/ydata.dat - file with LVM, EXDR, or COLC variable
4 - column for secondary variable
2 8.18 -nst, nuggst effect
1 B.72 8.8 a.8 8.8 -it,cc,angl,ang2,ang3
95.8 95.8 1.8 -a_hmax, a _hmin, a_vert
1 8.1 8.8 a.8 8.8 -it,cc,angl,ang2,ang3
138.8 138.8 1.8 -a_hmax, a_hmin, a_vert
Fi gdBRRar ameter file for sequent.i

al

gaussi



e Parameters for GAMV
e e S

parfile =

START OF PARAMETERS:

b_3964.dat -file with data

2 3 4 - columns for X, ¥, Z coordinates
1 5 = number of wvariables,col numbers
-@.e1 1.8e21 - trimming limits

gamv_omnih.out -file for variogram output

28 -number of lags

1@ -lag separation distance

1a -lag tolerance

1 -number of directicns

9.9 150.@ 9999.9 @ 22.5 25.8

-azm,&tol, bandh,dip,dtol, bandv

5] -standardize sills? (@=no, l=yes)

1 -number of variograms

1 1 1 -tail var., head var., variogram type
type 1 = traditional semivariogram

1

2 = traditional cross semivariogram

3 = covariance

4 carrelogram

= peneral relative semivariogram
pairwise relative semivariogram

= semivariogram of logarithms
semimadogram

= indicator semivariogram - continuous
@= indicator semivariogram - categorical

[ == s Y ]
1]

File_object = open{r"gamv.par","ws+"
File_object.write({parfile}
File_object.close()

os.system("gamv.exe gamv.par")

Fi gbORar amet er

parfile = """

-diirlectfiooanalmnvar i

Parameters for VMODEL
F*kEEkFEEEFEEFEFFERERE

START OF PARAMETERS:

vmodel . var -file for variogram output
3 288 -number of directions and lags
4.8 @.8 1.8 -azm, dip, lag distance
%3.8 0.8 1.8 -azm, dip, lag distance
@.8 -Jg.8 1.8 -azm, dip, lag distance
2 B8.36 -nst, nugget effect
1 8.74 8.8 0.0 0.0 -it,cc,angl,ang2,ang3
58.8 58.4 1.8 -a_hmax, a_hmin, a_vert
1 8.95027 8. 8.8 0.0 -it,cc,angl,ang2,ang3
o8.8 98.8 1.0 -a_hmax, & hmin, & _vert

Fi gbdRar amet er

ogram

cal

cul

-diirlectfioonalmniari ogram model
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Fi gbPRRar ameter file for ordinary krigi

(a)s#t ogram of BH dat ddli sopgBamcbf394tul at ed































































