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Abstract
Building a resource model can betallenging process because of the complex nature of geology.
Employing limited information to build the resource model inevitably gise to uncertainties,
and therefore ncertairty is an important phenomenon that needs to be taken into account while
building the model.In fact, quantifying the uncertainties can be a significant advantage for the
evaluation of mineral resourcesntértainties can bguantified bytraditional approaches, such as
geostatistical simulation methods. While traditional apginea generally focuslirectly on
domaingo build geologicalmodels, today huge geochemical datasets obtained during exploration
campaigns are sees an opportunityo better evaluate thgeological modelsin this context,
machine learning algorithms stand ast@ng alternativeo traditionalapproachegexplicit or
implicit modeling, or geostatistical techniquebkcause they can easily incorporate large and

multivariate datasets to reacbnsistent ath semiautonomousesults.

This study proposes an ensemble learning approach to define geological domties extnerent
uncertainty. The study adopts an unsupervised binary clustering method to label the domains of
multivariate geochemicalataset and the information obtained ltlgis unsupervised method is
used to informa supervised learninglgorithm, which is Support Vector Classificatiorhe
supervised learning step is applied to assign domaining in losadioa griddedmodel. The
unsupervisd and supervised learnisteps are repeated with sulssdtgeochemical variables and

with subset of training sampleso realizean Ehsemble modelThesemodek are combined to
define a strong modeknd the uncertainty can be incorporated with the moéatally, a
hierarchical application is applied on the results to buildtiple domainsWe demonstrate the

proposedworkflow with an application to a real database from a porphyry copper deplosit.



workflow was capable tbuild a robust model with high accuracy and with vdgfined, curvy

boundaries.
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Chapter 1 Introduction

1.1 Evaluation of Mineral Resources

Building a resource mod&b determine the value of ore depogitays a crucial roléen the mire
development stag&carcely made observations, both on surface and undergrougdttaeeed in
resource models by geologidts predictthe geological structure of the ore depositdarget
locations Traditionally, geologists make use @D crosssectionsdrawnalong the target space
according to the observations made through drillhole samples to build a geological amadel
how the orebodyextendsmust be interpretedith a detailed worko make the modehccurate.
While the traditional nedeling, whichis called explicit is a timedemanding work, implicit
modek, whicharewidely usedhanks to computers nowemiautomateand supporthe process

of prediction much faster with particular functions used for the interpolation.

Whetherthe modelis explicit or implicit one must interpret the continuity between the drillhole
samplesthus this gives rise inevitably to uncertainties. In,fét complex nature of geological
structuresaused byliscontinuitiedike faults, orgeologicahondepo#ion periodsmakesnodels
uncertain(Boisvert, 2010) and therefor@any uncertainty must be taken into account to make a
resource modekliable At this point, geostatisticss utilized bothfor the prediction ofinsampled
locations and for assessmentludir level of uncertaintyGeostatisticss the field of study which
employs statistial toolsto estimatethe spatiafeatures andincertaintiesof a geologicalmodel
(Isaaks and Srivastava, 198R0ssi and Deutsch, 20L6To better define the uncertainties,
geostatisticatimulationsare performed to determirgedistribution of possiblealues rather than

a singleestimation(Boisvert, 2010)Thesimulatedesource modelsllow geologistdo determine

aconfidence interval fotheresourcenodesk. This is terned probabilistic approach.



Traditionally, kriging estimation andsimulation methods are considered robust geostatistical
methodsto make estimation and tdefine uncertainties respectively While the traditional
geostatistical methods likkriging and simulation methodgemain the industry standarthe
mining industryis open to new technologies and methods to effectively manage big exploration
datasets (Hodkiewicz, 2014n this context,machine learning algorithm@ILA) have been
utilized in several geostatistical studies to support the traditional mefmisk and Ortiz,
202@). In fact, MLA can save important amosiuf time and cost spent on labiotensive works
like geological loggingand modelindFaraj and Ortiz, 2021Gwynn et al., 201 3Moreover MLA
offers flexible optionsthanks to several algorithms availamdich can be adaptetd solve
differentgeostatistical problem3he application®f MLA performed so far havehowndistinct
succesgOrtiz, 2019 Shen et al., 2038Today, machine learning keeps growing in geostatistics
just like all the other fielsl of scientific studies. Development of new learning algorithms and

theories has driven this ongoing gtbwJordan and Mitchell, 2015).

Although MLA is proven to be successflILA has alsosome problemsvhen it comes to
accuracy of thenodeling To increase the accuracy of the MLA, ensemble appreadtave been
developedBasically,anensemble approach comiesseveral models to increase the accuracy of
the final model. While one model can be a weak leasitbra restricted information or approach
comhbning multiple weak models can yield a strong modibe ensemble methods become robust

especially when the knowledge informing the method is also robust.

1.2 Objective and Approach
The main goal of the study isto form a workflow to build aemiautonomougeologicalmodel
utilizing multiple geochemical variable3he statement of the researchtligt an ensemble

approachbased on Support Vector Classif(SVC), used to determine the extent of geological



domainsbased on sets of geochemical variabbes provide a reliablenodelto obtain domain
volumes ando determine their uncertaint@ne of the main featurggsoposed by the research is
thatthe models capdle to handle the uncertainty, and it realizes multiple scenarios with different
possible extent of the domainbo do this, the workflow utilizes geochemical information and
multiple variables are combined to realize each scenahie.key pointof the wak is that the

model can be applied on any geological environment as long as the variables are chosen with
geological expertisélhe proposed workflow can be applicabdl&ringadvanced exploration as a

part of feasibility stagstartingafter initial exploration campaigns.

The workflow consists oftwo steps:a binary-unsupervised clustering approachiginally
proposed by Faraj and Ortiz (2021) is combined thighsecond stepn ensemble learning method
formed bySVC. At the first step, thgeochemicatlataset is analyzed and thegiables relevant to
the objective of clustering are determi®dan exploratory data analysis (EDA). After EDAet
unsupervised clustering appobeis applied on theariablesto split the dataset into two distinct
geologicaldomains.At the second step, SVC is applied on tledineddomains to predict the
unknown target locationsThe key parameters controlling the SVC models \aaiedatedand
determinedby k-fold crossvalidation methodThe individual SVC model is a weak classifier
alone.A stronger classifieis built by the combination of weak classifierspeaing the process
oversubsets of samples and subsets of variablesuncertaintys also quantified under the strong
classifier by combining the weak classifidfgally, ahierarchicamodelhavingmultiple domains

is built by repeating therocessn each domaimdividually.

The details of the study aexplained i the following chaptersA broad overview related titve
types of geologicamodelingis madein chapter 2. How a general machine learning approach

should be applied and some traditional geostatistical tools as the alternatives of MLA are also



discussed in chapter Phedetails othemethodology followed in the study is explained in chapter
3. A case stug, on which a geochemical da&from a Copper Porphyry Deposit is employed to
apply the proposed workflovis investigatedn chapte”. For comparison, a model is built using
a geostatisticakimulation techniquealso documentedh chapter 4.Finally, conclusions and

recommendationsetated to future studies are outlinedhe last chapter.



Chapter 2  Literature Review
Earth sciences are always in search of advancements when it comes to geological modeling. It is
well-understood thatraditional geological modeling approachasist be combined with data
analysis techniqueshich take advantage of the data to learn feafsethat the features can be
imposed on the models. In this contekis sectioncoversthe current state of the traditional
geological modeling techniquesdthen focuses oNILAs to clarify what possible improvements

can be applied on traditiongéologicalmodeling techniques.

2.1 Geological Modeling for Resource Estimation

Geological modelings an important aspeatf the resource estimatioprocess While early
modeling attemptswere based onmostly explicit and deterministic applicatiordue to
computational restrictiongtoday implicit and stochastic approaches are easily applicable on
geological models thanks to the advancements on computer technologies. This section is dedicated
to elaborateon the aforementioned conceptwhich are explicit, implicit, deterministic and

stochastianodeling

2.1.1 Explicit and Implicit Modeling

The earliest efforts to understand geology dates back more than 200 yearseClioss drawn

by William Smith inthe early 1800s to conceive the underground have been the foundation of
geological mapping and modelifigacCormack et al., 2015)raditioral geological modslhave

been built combinin@D crosssectionswith linearinterpolation A borehole sample is represented

by a point andpolylines are obtained by combining points to represenindaries between
geological units finally combining polyines with linear functions yieldgsolumetric modek
(Newell, 2018).This type of modeling is termed expliaitthe literature. While explicit modeling

is highly capable to represent geology basedamaeptuahssumptionany change on the model



is chalenging because it is time demanding. The need for changes can arise either because new
hard datdbecomeavailable, owhenthe functions used are not capable to build logical layers.

new conceptual model can be required if a havd datas discordantvith the current conceptual

model. On the other hand, phantom pqimthich are manually added points in the space,
sometimes required to l#te functions build logical layedue to the insufficient number of points
available Limited number of pointdead to subjectivity in the modeland therefore simple
geological structures like folding and stratigraphic continuum can be further challenges for the
explicit modelingapproach The two challenges expressed above make explicit models hard to
update Even if the time limitation is neglected, the facts that explicit models are built based on

subjective decisions and not accounting for uncertainty make explicit models inefficient.

These challengefrced researchers to look for fasand moreflexible alternativedo explicit
modeling. Contrary to explicit models, implicit models are quick and capabtept@sent
thickness and continuity of stratigraphy of rodksgure 2.1) (Gautier, 2016)While explicit
modeling analyzesdata on a sectionby-section basis, implicit modeling uses input data
simultaneously tinterpolate 3D scalar fields (Newell, 2018Advanced mathematical functions
used in implicit models define surfaces successfully. A general approach in an implicit model is
that first a scalar field is described laysigned distance function, and théme surface is
interpolatedracing the field values wittihe help of another functialong tetrahedral mesh points
(Hillier et al., 2017; Guo et al., 2020)he nost usedinterpolation function ighe radial basis
functionandits derivatives Today, implicit modelinghas beeradopted by commercial software

packages like Leapfrog and GoCad/SKAdhasbeen endorsed by the mining industry



(a) (b)

Figure 2.1 (a) An example of a failed explicit model. The modelireguphantom poirstto build
theboundary represented by orange col@) An implicit model with successful folding structure

2.1.2 Deterministic and StochasticModeling

Besides the concepts amplicit and explicitmodeling two additionalconcepts, which are crucial

for a welldeveloped understanding on modeling,thexdeterministic and stochastic approaches.
By definition, a deterministic approachanassunption made abown aspect of a modelhich

is fixed and imposed by the us@nthe other handyrobability can be described as an aspect of a
model which is guided by a random (stochastic) outcome of a probabilistic approach (Bentley and
Ringrose, 2021)Early applications of geostatistics have focused on deterministic approaches,
therefore they were devoid of the uncertainty assessm@adlli and Beucher, 1997)In
geostatistics, the terms probability and stochasticity are frequently used interchangedaly.

the requirement ofa probabilistic approachby means of randonprocessesalso known as
stochastic approacks anacceptedactin geological modelingDeutsch and Journel, 1997he

fact that theras only limited information available to represent a model makes randomaness
natural part of geological modelStochastic models are generally obtained @slection of all
possible scenaripsvhile deterministic models depict only oaeeragescenario(Figure2.2). A

model considering all possible scenarrovides flexibility at the stage of decisiomaking.

Althoughfocusing on only one scenamancause overfitting of models, models represented by



high variationscan also becomeinefficient. An optimum approachvould be to develop some
deterministic approaches about geddad) featureslike faults, which can be identified by
geophysical applicationand then build the stochastic model under deterministic constr@ts (

and Beucher, 1997

Stochastic model

Deterministic model

Figure 2.2 Deterministic model (left) and stochastic modéh alternate modelé&ight)

Stochastic models can be reviewed under two methods, which areopemked and object
oriented methods. As the name implies poreénted models gives outputs at nodes that discretize
the working space, utilizing twpoint variogram statistics (although more advanced techniques
with multiple-point statistics have been proposed). On the other hand,-objeted models are
aimed toidentify geological objects without fixing them in a strict Cartesian grid system

(Hassanpour and Deutsch, 2010).

Sequentialndicatorsimulation(SIS) can be considered one of the most welbwn traditional

methods of pixebriented stochastic model.is important to review SIS to better understand



traditional pixel-orientedprobabilistic modelsindicator variables are generally used to define
geolayical rock types or facies prior to definition of petrophysical properties of units (Deutsch,
2006). An indicator is a function describing categoieswith binary valuessuch that value is 1

if the location belongs to @ategory otherwise 0The indiator function is

v~ PRI N T QU @A i
oo & wi o o (1)
wherei is thetrue categonat locationé. Indeed,the expected value of each indicator can be
viewed as probability ahecorresponding category aitd variance is given by

OWOIoONR n p 1 (2.2)
wherer) isthe priorprobability of categoryQ TorealizeSIS, he patial continuity othe indicator

variables should belefined bythe correspondingndicator variogrars:

p

F ¢ Qs

oo O ¢ (2.3)

whereQis the distance between two points andQ is the number opairsconsidered in the
variogram calculatioandi is the'Gth category The traditional approach to discover the spatial
continuity of an indicator variablés that variograms are calculated experimentally along certain
directionsat some lagsso that an understanding about #patial continuity of theindicator
variable can be developeDifferent directionsin spaceare inspectedo check if there is an
anisotropy othespatial continuityFinally, variogram models are budtong thedirections which
represent the anisotropy bassjng nested structures of functions, so 8I& canuse thisspatial
continuity to determine the probability distribution of the categoriesaah point in spadeased

on the available informatiomhe variogram model combinesnagget effect to consider short



rangerandomness of variables, andthervalid variogranfunctions(Deutch, 2003)The rugget

effect model is given by

. m QQ 1
"2 sewni o @ 24
whereh is the distance and C is thidl contribution of the function to the variogram. Other than
the nugget effect, oe of the most commadinctionsto define variogram models tse spherical

model

»”, - e 'Q Q .
ra  ° CRH C® ® (2.9)
0O &1 LQI Q

whereh is the distance, a is the range, and C isitheontribution of the function to the variogram
model (Figure 2.3). There are also other functions to define variogram moatéls different
characteristicswhich are exponential, gaussian, power and sine cardinal madsisig others
For simplicity, the number of nested structures should not be more thanAhnested structure

of a variogram modekith one nugget effect model and two more modefsven by

e 8 Wow & HéQom 6 BéQams (2.6)
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Nugget Effect Model Spherical Model
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Figure 2.3 Two of the positive definite functions to define variogram models: nugget effect model
and spherical model

Pointbased evaluatiaareperformed&sequentiallpusing Monte Carl@mulationbased on the
knowledgeof thespatialdistributionobtainedusingvariogramsandconsideringheclosest points
which are either available samples or previously simulated locatiDifferent order of point
evaluationsand different drawings by Monte Carlo simulatiover the conditional cumulative
distributionsprovides different realizations, and thiss ensembleof realizations providethe
stochastieonodel.Although SIS is a simple and robust algorithm, the realizations obtained by SIS
may contain shorscale variations which maka geological body modeling unrealistiPost
processing algorithms for image cleanimgy beusedon the problem of shedcale \ariations
(Deutsch, 2006 While SIS is normally considerexpoint-oriented stochastic simulation method,
when image cleaning techniquese applied, thisendes the modelsakin anobjectoriented
approachBlockSIS offered by Deutsch (2006$ one of tle programs which makes use this
image cleaning techniqueroviding smoothed models that are comparable with interpreted

geological models obtained by explicit or implicit modelifidnere are also other poibaised

11



simulation techniques like truncate@aussian simulation(TGS), truncated pluriGaussian
simulation(TPGS) and multiple point statistiqgdPS), which are valid todaylhe name Gaussian
is given because raw data is transformed to Gaussiathamé truncation rule &pplied on the
continuous Gaussian datatransformsimulatedGaussiarvaluesinto discrete values according
to threshold. TPGS is applied in the samawexcepmultiple Gaussian fields are usediefine
thedomainsAll the techniques aforementioned here are variogpased technique®n the other
hand, relatively newer techniguealled multiple point statistiddPS searchfor patterns in the

data r@her than twepoint statistics of variography (Bentley and Ringrose, 2021).

Although pixeloriented models are simpler and more popular, olgeented models have also
been used in recent years. The main motivation of using ednjectted models is toetermine

the volumeand locatiorof a wellunderstood geological object (Hassanpour and Deutsch, 2010).
While pixeloriented models can encounter problems when it comes to highly curved boundaries,
objectoriented models can handle such boundaries. Typiaples of geological objects for
which objectoriented modeling is ideal are fluvial systems like palkannelspr submarine fan
systems. Traditional objecriented approaches model the geological objects with simple
volumetric formulations and intgolation methods. Interpolation methods can be critical to model
objects with specific geometries. The process which cljeented models employ is called
marked point process (Bentley and Ringrose, 2021; Holden et al., 1998). Points are randomly
picked,and an object is defined according to the imposed proportions and volumetric parameters
like width and orientation. The objects which do not satisfy the prior data constraints are rejected,
and this process is repeated until the model is completed. W4digonal objecioriented models

are simpler in terms of formulation, it frequently requires user intervention or correction. These

models are hard to condition when many data are available.
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2.2 Overview of Machine Learning Algorithms

Géron(2017) describes machine learning as the science of programming which lets computers

l earn from dat a. |l ndeed, the word Al earningbo
broad sense, raw data is pro@ek$o extract knowledge, and the knowledge is trained with
machine learning algorithms (MLA) after the preparation process. Model prediction and validation

is performed to check if the output is accurate or not. Finally, the output feedback the environment
to make possible improvements. This process is repeated until a satisfactory output is obtained

from the algorithmFigure2.4).

Exploratory Data
Analysis & Data
Preparation

Training Data &
Modeling

Evaluation of Model

Environment & Validation

Output & Testing

Final Output

Figure 2.4 Generalworkflow ofmachine learningystems

MLA can be classified under two main types which are supervised learning, where learning is
performed to make predictions according to a given set of information where inputs and outputs
are known, and unsupervised learning, where learning is performiedutviprior assumptions

13



about the outputs, to detect the potential clusters of input samples and identify patterns.
Unsupervised learning seeks for samples which may form possible patterns or groups given a set
of input variables. The main aim of unsupeeddearning algorithms is to gather descriptive
information rather than modeling labels, or categories. On the other hand, supervised learning
algorithms tries to fit a model on the input based on the imposed response given by the known
outputs. Both supeised and unsupervised learning methods are frequently utilized in resource
modeling individually for specific purposes and sometimes an unsupervised learning method is

used to inform the subsequent supervised learning methods @el(Rrtiz 202M).

Unaupervised learning algorithms can be classified under threeopids, which are clustering,
dimensionality reduction and association rule learn@®@rén,2017). Generally, clustering is the

main goal of unsupervised learning algorithmaviéans clusteng is one of the traditional
unsupervised clustering algorithms. BasicallyM&ans clustering method assigns samples
randomly to k number of clusters, then the algorithm tries to increase the accuracy of the clustering
by changing thassigned labeadf randomly picked samples. Accuracy of each cluster is assessed

by squared Euclidean distandaihnes et al., 20):3

S S8 S
® 6 — 0 ® (2.7)

P
SO
wherew 0 is the measure of how samples differ from each otkieis is the number of
observations in the clustér, w andw are the pair of samples which belong to clusterThe
equation is in fact the sum of Euclidean distances of pair of sampkesigiom the same cluster

divided by the number of observations in clusier Asw 0 decreases, the accuracy ®f

increasesThe main controlling parameter of the algorithm is the number of clusters into which
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samples arassignedOverall, kMears clustering turns into a minimization problgmen below.
As a result of Eq((2.8)), samples are assigned to a cluster in a way that average pairwise distance
of samples are minimized for eadspectivecluster

i E

L ET EBAS (2.8)

Dimensionality reduction techniques are seen as necessary when the number of variables is too
large to develop a logical relationship between variables. Dimensionality reduction techniques aim
at reducing the number of variables to a reasonable amountivitmum loss of information

from the input data. To do this, dimensionality reduction techniques check for correlations and
variations between variables and record the information with maximum variation in the minimum
number of variables possible. A triadhal example of dimensionality reduction techniques can be
considered Principal Component Analysis (PCA) offered by Hotelling (1933).rR&k&s use of
eigenvalues and eigenvectors, and it detects the major linear directions of variation in a dataset.
While PCA is a lineatbased dimensionality reduction technique, relationships between variables
may not be only explained linearly but also dimearly. As an alternativeo PCA, tdistributed
Stochastic Neighbor EmbeddingSNE) is another dimensionalitgduction technique which
accounts for notinear relationships between the original variabl€3INE constructs probability
distributions for both high dimensional data and low dimensional embeddings (van der Maaten
and Hinton, 2008), and it tries to matitte two probability distributions to better represent the
data in the lower dimension. Finally, association rule learning is used to detect how variables are
associated to each othand finalgroupswith relatedvariables are built accordinglipobilas,

2021) Association rule does not use a prior knowledge about the variables, instead it tries to extract

the co-existing patternsin a dataset (Agrawal et al., 1993). While association rule methods are

15



originally devel oped t obitg itisaso applied incdifferdntofieldsr s 6

(Kumbhare and Chobe, 2014)

Some of the most common supervised learning algorithmsldeakest Neighbors (KNN), linear
regression, logistic regression, Naive Bayes, Support Vector Machines (SVM), decisin tree
random forests, and neural network (Cevik and Ortiz, 20&ilpervised learning algorithms can

be divided into two subopics according to the objective: classification and regression.
Classification algorithms train several variables based on thelmaovledge to make prediction

on discrete output variables, e.g., Os for the false labels and 1s for the true labels. On the other
hand, regression algorithms try to fit a model on several variables and make predictions on
continuous sample$-igure2.5). Linear regression and logistic regression can be good example

of regression modelandKNN, SVM, anddecision treesan be both applied foegression and

for classification tasks. The algorithm of SVM utilized for classification tasks is called Support
Vector Classifer (SVC). SVC will be explained in detail latd(NN, which is one of the most
frequently used supervised learning algorithrakes predictions on tesamplego assign a class
calculating the distance to the training samples (Christopher, Zli#4 Yasic algorithm of KNN
selectK samples fronthetraining dataclosest to the test sample ahdmost frequent sample is
assignedo test dataDecision trees builds decision rules to predict the value of a target (Pedregosa
et al., 2011)Decision trees arbuilt from roots, where general rules and features are located, to
leaves where more detailed rules and features are loEseision trees are generally preferrable
sincethey are relatively easier to understand and easy to visu@liz¢he other handyeural
networks are conceived harder to understand becatiseilaklatively complex sticture. Neural
networks employhidden layers made of tuning parameters between input and output layers to

make predictions. Ae uning parameters of hidden layers &teo the model tomprove the

16
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predictions Figure2.6), and fitting is controlled by a loss functidseural network algorithms are

employed in complex artificial intelligence tasks like image recognition and search engines

(Géron 2017)

Logistic regression, another popular algorith
category rather than an estimati@dames et al. 2013) ogistic regression improves linear
regressiorfunction andimits therange of probabilitiebetween 0 and 1 using logistic function

(2.9).
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p Q (2.9)

The function takes the final form when téeponential part of the function is left alone and the

logarithm of both side is taken,

PPN w (2.10)
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and hence probability @ has logarithmic behavior, white has linear behavioml.he coefficients
I andl are estimatedising approaches like maximum likelihood to fit the mo@aice the

coefficients are estimated, probability prediction can be done like a linear regasditam.

Hidden layers

Input layer Output layer

Figure 2.6 Algorithm of neural networks

A model always requires a validation process to understhetherit represents the data well or

not. Therefore, ssessing the accuracy of timedelis crucial for the final decisions made on the
models Accuracy of an unsuperviséghrning algorithmss assesseditherwith qualitativdy, or

with mathematical measures applied on the task since there is no prior knowledge related to the
data Mathemaitcal measures appliexh the unsupervised learning tagksierally assatiow well

clustering is performed.

On the other hand, a direct quantitative assessoreriinal resultsis possible for supervised
learning tasks sincthere are prior knowledge rédal to the dataTo assess the accuracy of
supervised learning tasks, data is split into training and validation sets prior to modeling. While

training data is used to train the mogerformance of the model is evaluateith validation set
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of the datgJames et al., 2013lf the supervised learning task aclassification taska confusion
matrix can bebuilt which comparegpredicted results witlvalidation set(Table 2.1), so that

performance of the model can be observed for &g

Table2.1 A confusion matrix

o g Negative| True-Negative FalsePositive
-5 Positive| FalseNegative True-Positive
Negative Positive

Predicted Label
While it is possible to obtain an overall accuracy from the confusion matbalanced accuracy
can be calculatedvhich accounts for the arithmetic mean of tpgsitive and trueegatives
when the proportion between binary labels is imbalariPedregosa et al., 2011The equation

for balanced accuracy is

” LY ooy T e Tyt ) (!g'?' 2 "Yt) "Yl"’)
OMa DE WAL O | re———
C(MW) 00

Y 00 (2.12)

where TP is trugositives, FN is falseegatives, TN is truaegatives, and FP is falpesitives

obtained from the model prediction.

Basically, all MLA models should have low bias, which means having less difference between
training data and model, and low variance, meaning that having less chatimganmdel when

the training data set changes (James et al. 2013). Howevergéneral characteristic for a model

that bias and variance are inversely proportional to each other, and this is caledribiase
tradeoff (Rocca, 2019). Because bias and variance are inversely proportional to each other, an
optimum model complexity sluitd be determined for the pairs of optimum bias and variance

values Figure2.7).
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Underfitting Optimum model Overfitting
complexity ' Total error

Error

Model complexity

Figure 2.7 Biasvariance tradeoff

2.2.1 Support Vector Machine and Support VectorClassifier

SVM is a powerful method for machine learning because it can handle complex regression and
classification problems (Bishop, 2006) and it has been popular for many years (Géron, 2017). The
name of SVM comes from the subset of training samples, known agrsuggtors, utilized in the
decision function. Support vectors let the computer use a small amount of training subsets, and
thusthe model becomes memory efficient (Pedregosa et al., 201il)e case of a classification
problem, support vectors optimizéass margins to a maximum possible span. To do this, SVC

utilizes a complex mathematical algorithm including sparse kernel techniques.

The mathematics behind SVC can be challenging for a learner. The best approach to understand
the logic of SVC is totart from a simple binarglass and twgparameter case. For this simple

case, SVC model takes the linear form
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W O B® (2.12)
wherew is thetraining input from 1 to N number of inputs, is thetarget clas$or the input
w,B w isafixed transformation function @ 0 is acoefficient vector which is maximizing
the distance betwedhe binaryclassesand b is the parameter to control the bias (Bishop, 2006).
The equation is quite similar to logistic regression technique, however the main difference between
logistic regression and S¥is that S\C maximizes the distance between classes with the help of
margins at each side of the class boundaiyufe2.8). The samples located on these margins are

called support vectors.

Going back to the equation, S\tries to approximate best values to the unknownsanda to
maximize the margins of the boundarjhe @timum condition is provided whepfa) £ is
maximized. If classification can be performed without letting any misclassification, the
classification is called hard margin classification likeFigure 2.8. In its simplest manner, the

problem takes the form

o0 Bo & p (2.13)

whereo isthetarget for samples from 1 to N number of samples.

Figure 2.8 Hard margin linear S
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However, in most cases hard margin classification is not possible. At this point, soft margin
classification comes as a solution. Soft margin classificatianthet model misclassify some
samples to rezn the optimum conditionHgure 2.9). To make misclassification possible, slack
variablesys , are introduced into the equation (Bishop, 2006% Owhen data points are correctly
classified, andtherestis © w® § meaning that samples located on boundary or samples
passing boundary are penalized up to 1. After the introduction of slack varthbldassification

problem takes the form:

0w p U (2.14)
Theoretically, minimizing the summation of conditi¢Z14) for nrangingfrom 1 to N number of

samplescan provide the best classification:

§QE v gm & (2.15)

The Eq. ((2.15)) is scaled by a parameter C, and C, with conditionof being higher than 0,

regularizes the complexity of the model.

Figure 2.9 Soft margin linear SVC; encircled samples are misclassified samples
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So far,the mathematical explanation of Ms done as simple as possible with focus on linearly
separable class problems. However, most of the real scenegigse nodinear solutions with

guadratic function problems. Detailed explanadifor quadratic function problems can be found

in Bishop (2006). For the sake of an easier comprehension, the problem is kept simple. However,

it is worth to mention kernefunctions to better understand the dmmear solutions. The
transformation f unct i @ame kernel dunctomrs! Teehdicallg, Kerhel e r a
functions work as if more features are addettiésample space to make classes separable (Géron,

2017). The nost popular kernel functions are tabulatedable2.2 below:

Table2.2 Types of kernel functions
Kernel Types Function
Linear Kernel Qayo® = oo
Polynomial Kernel | Qo = (@6 1)°
Radial Basis Kernel . oo = f 1 o @9
Sigmoid Kernel Vo a® = tanh( ©0%6* + 1)

Linear kernel, polynomial and radial basis kernel are derived fr@same equation. While d

equals 1 in polynomial kernel, polynomial kernel becomes linear kernel. Increasing d can be
considered as increasing tliémensionof the feature space in the training process. If d
approxi mates to b, pol ynomi al kernel appr oxi m;
performed by making use of Taylor Expansion Series. Fundamentally, employing radial basis
function can yieldisnilar but much faster performance compared to polynomial kernel when d is

b. Therefore, r a d generallylyieldsbetter result@ndhie implemer{talRoB bf)

SVC.
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2.2.2 Ensemble Learning

Ensemble learning methodsically combineseveral modeldo build complex modelsvith
optimum bias and varianc&éhe models used to build ensemble model are called weak learners.
Typically, weak learnerbave high bias or high variance. Combining all weak learners reduces
bias and variance, hence theocess yields better models. The new mede¢ called strong

learnes. The nost weltkknown ensemble learning algorithms are bagdiogstingand staking.

Bagging stands for bootstrap aggregatimeaning that averaging of bootstrapgetisets of data
Bootstrapping is the process of sampling available data with replacement ugetermined
amount(Figure 2.10). After each random samplingye sample is replaced back intioe global
data, so that it can be sampled more than once for each at#&hilgt.each model built using a
subset of data is codered weakypically with high variance, averaging all data can yield a strong
modelwith relatively bw variance(James et al., 2013Bagging can be applied to optimize the

parameters of a single MLA, and it is applicable to all MLA.

Global data

Resampling with replacement
s () () () (D)
Bootstrapped 3 subsets
2 resampling: @ @ - of data
Ratio of resampling = 0.5
e ololololo

Figure 2.10 A simple example of bootstrapping
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Boosting which is another ensemble learning meth@d,also performedo optimize the
parameters of a singML A. While boosting is performed usimgsampling with replaamentike

bagging, the difference is that models are combseggientiallyAfter each resamplinghemodel

is trained according taresampled subset of data and testing is performed accordheptiginal

data. The next subset of data is more likelype chosen from the poorly represented pathef
previous data, so that this time bias can be decreased. This process continues up to a determined
number ofweak learners andthe final output model is obtained by combining all sequential
models.The weak learners with higher accuracy get a higher weight in the combination to increase
the accuracy of the ensemble model. This type of boosting is called adaboost standing for adaptive
boosing. In contrast to bagging, boosting utilizes weak learners with high bias to build a strong
model with low biasAlthough the process decreases the bias substantiadlypuld be noticed

that keepinghe number of weak learners too high may camserfitting.

Stacking can be considered complex compared to bagging and boosting since itdiftiizerst
MLAs to build a strong modeTl he data is split into two, and one half is trained with some MLAs.
The outputs of the MLAsare combined with different ®hniques, such as stacked models,
blending or super ensemblEhe combinedoutputs are used as input in a main MLA which is
called metamodel (Rocca, 2019)Here outputsof MLAs used to trainthis metamodel are
considered weak learnerBinally, trainingthe combined outputs as inputs in the rratadel

yields thefinal strong learner.
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Chapter 3  Methodology

3.1 Unsupervised Classification forthe Definition of Geological Domains

The unsupervised classification method adopted for the first step is the wookiloved in Faraj
and Ortiz (2021)The workflow leans on the idea thagrtain geochemicalementf samples
belonging to a distinct geological usiiow certain distribution characteristics in natlitee log-

normal distribution idrequenly observedin geochemical elements. Moreovénge log-normal
distribution can appximateto normaldistribution as the parameteapproachsmall values
Furthermoretheratio oftwo elementsvith log-normally distributegopulatiors alsoshowa log-

normal distribution.

Based on the idea expressed abibnvsdistinct geologicabtlomairs in a datacan beidentified if

the parametersof the lognormally distributed populati@nare determined correctlyThese
parameters are tmeean(l) andstandard dviation(0) of each populatigrandtheir corresponding
proportion in the global data (WJhe weighted combination of cumulative distributionghefse
domainsyields theglobal distribution Consideringthat clustering more than 2 domains can be
costly in terms of computation proceskis study adopted a binary clustering approddie
method can be applied hierarchically to defimdtiple domainsThe workflow is formed by three

main steps, which are

1. Exploratory data analysi® determine theelevant geochemical variables
2. Optimization of theparametersf the lognormal distributios of variables and

3. Domain assignment according to the determidedl distribution

These steps are illustrated Figure 3.1. The three steps amepeatedusing different se$ of 3

variables of data to later utilize on the second step of the study.
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Unsupervised Clustering

/ Geochemical Variables (EDA) \

Varl Var2 Var3 Var4 Var5 Varé

3-combination of variables - e.g., Varl-Var2-Var3
Optimization
Parameters of Distribution for each variable: g, 6 and w

Domain Assignment according to ideal distribution of variables

\ Output: Domains /

Figure 3.1 Schematic summary of unsupervised classification

The word fidomaino used i n tieferstodwlameof materiala g en
that shows consistent properties. It is a concept used to help model a phenomenon in space.
Domains are usually inferred from samples and variables available at sample lodatioas.

variables used to define domains amnents of rockorming minerals, then the domaitisely

refer tolithology. Domains can be attributed to mineralization or alteration if the varialhes

the modeler distinguishing between different populations referred to these attimvieser, tke

information used to define domaiisnot constrained to geochemical elemels: instance,

guantified geotechnicalor structuralproperties of samplelke texture, stability, resistance to

weathering or permeabilityan be employed to defigeotechrgal or structuradomains.

3.1.1 Exploratory Data Analysis

The most relevant geochemical variables identifying the distinct domains are chosen in this step.
Important criteria of how geochemical variables are determinedhésherthe chosen variables

are discnminatory enough to show the distinct {ngrmally distributed domaingseochemical

elementdor domainingcan be chosen visually with the help of plots like histogrdfitggife3.2).
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On the other hangpecific domairknowledgg(in this case, geological knowledg#aysa critical
rolein the selection of variablegndthe geologicaliterature carsignificantlyassisto determine
the geochemical variableékat are relevant to discriminate among geological domBiomain
knowledge can be based on alteration, rock type or mineraliztibile some elements give
information about the rock type and geological environsjeothers can be useful to define
alterationand mineralizationln the case of porphyry copper deposits, cbeposition of major
elementslike Zn, Pb, Al, Mg, and Kcan be attributed to the chlorsericite, quartzsericite,
potassic and argillic altetian groupgSillitoe, 2010; Faraj and Ortiz, 202Ihe major alteration
groups can be roughly split into binadgmairs as chloritesericite & potassic and quaisericite

& argillic.

Although one variable can be enough to identify distifmehainstheoretically utilizing a higher
numberof variablesincreases the accuracy thfe domaining Three geochemical variables are
utilized to identify domains in the study, so that variables hafirzgy boundaries between
domains can be combined witther variables to contribute a better definition of theskmairs.
Once a set of variablésdetermined out ddll variablesit is going to be employed in the following

steps.
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Hist. of Varl

count ©600.000000

mean 1473.410787
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Figure 3.2 Log-normally distributed globahistogram of avariable containing two distinct
domains

3.1.2 Optimization

The @timization process is critical to have an accurate domaining. Optimizatmerfermed
based on the assumption tha¢ geochemical variabléglonging to a geological domaane log

normally distributedlt is important to notice that & variable is loghormally distributedthe

vari abl eds nat anorandldidtribugicn withpranmeterst AandwGonsidering this

assumption, all the works are done wutilizing

When binary classification is performed using three variables, the number of parameters used to
define the distribution of each variable in each domain is in tttateen. Considering each
variableunder a domaishould havehe parametengandli t o d e f-niormal didtribution| o g

three variables with two geological domains require twelve parameters indotdefine the
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distribution of the global dat&dding the proportionof the two domains in the global datekes

the number of parameters required to be optimiagteen in tota{Table3.1).

Table3.1 Optimization of thirteen parameters

Domain 1 Domain 2
Variable 1~ pig, 110 M1z, 12U
Variable 2 M2z, 210 Moz, 220

Variable 3 Ma, 31U Haz, 320
Proportion w (1-w)

The dojective of the optimization is to fit a combineightedcumulative distribution function

(CDF) ofthetwo domains taheglobal distribution of the datr each one of the variabléBhe

level of the fit between combined CDF and the global distribu@ssessed byalculating the
squared error (SEAn exactfitting combined CDF tahe global distribution means that the
weighted combination of the CDFs assigned to the two domains matches exactly the global CDF
(Figure 3.3), andin that case, th&E convergeso zero (Figure 3.4). Therefore, aninimization
approach is adopted to solve the optimization probl@ptimum parameters for each of the

variables are dmed by solving theminimizationproblemexpressed below:

408 QAQIQOaED 6¢ aa (3.1)

where"Od € @ is the percentileank of the sample n of variable v in the global data, and
6 & aga isthe combinedDF of the sample n of variable v accordingthe proportion®f
k-domains

6 & aa 0L 26 0P p O z6OPa (3.2)
where k is2 for the binary classification case is the weight of domain ib theglobal dataand

0 'O’ a is the cumulative distribution of sample n of variable v in domain k
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In case of a poor fit betweethe combined weighted CDF of two domains and the global
distribution, it can benferred thateitherthe assumption made about they pe o f popul a
distributionis wrong, orthenumber ofmost distincipopulations are more thanlI2the poor fitis
caused bywrong assumption about the distributspa better ficould be obtainedhen different

types of distribution, such as nornwailPoisson distributics) are assumefr the populations.

Cumul. Prob. In(varl)

Standard Normal Probabilities
[%))
o

Global Distribution
= Combined Optimum Distribution
—— Domain 1 Distribution
Domain 2 Distribution

2 4 6 8 10 12
In(Varl)

Figure 3.3 A nearperfect fit ofa combined distribution (red line) theglobal data (blue dots)
and the optimum distributions of two domains forming the combined distribution (green and
yellow lines)
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Figure 3.4 Topographical view of S&ccording to change iparameter pof doman 1 and
domain 2.

There are different approaches to solve minimization problems. Some of the mettiods

Powel | 6s met hod, mé&hoe [CeEy &lewton Conjegdie Snadient method
(NewtonCG), BFGS which stands for Broyden, Fletch@&o|dfarb and Shanno meth@ddams,

1996. Out of the methods mentioned, Powel | 6s me
Powel |l 6s method is a quadratically convergent
on quadratic problem$-{gure3.5). However, considering most functions are quadratic near their
extrema, parameters defining the problem should be well defined to let the furstierge to
extrema. Powel |l 6s method is considered greed:

optimization when the parameters and constraints are not determined well. As an alternative, CG
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is also a simple method used for quadratic problems ainrfett the solution giving zero gradient
(Shewchuk, 1994). CG method makes use of Eigenvalues and Eigenvectors to find the extrema.
BFGS and Newtoi€G can be considered improved versions of CG method. However, while CG
does not require any extra infornwat, BFGS and Newto€G require first order partial
derivatives of the problem, whicliorm theJacobian matrix, and second order partial derivative

which isthe Hessian matrixConsidering all, CG method is utilized in the minimization problem.

Squared Error

) - I

- 10

St. Dev. - Domain 2

2 3
St. Dev. - Domain 1

Figure 3.5 An example of quadratic forproblem with twaontrolling parameters
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3.1.3 Domain Assignment

Once the optimum parameters are determined, each sample must be assigned to one of the
domainslnitially, domains of samples are randomly assigned according to the optimum weight of
domains determined during the optimization stage, and hence the optimum weight is already
provided before starting the domain assignment step. This initial assignneséscrtwo
distributions that do not match the parametrized distributions obtained in the previous step. The
final domain assignment is performed utilizing an algorithm which checks if swapping randomly
picked samples from each domain yields a lower redaivor, meaning better fit for both domains
CDFs(Figure3.6 & Figure3.7). Notice that each domain swapping passes the value for all three
variables from one domain to another for each of the samples swappeashuation of the relative

error is

6 (3.3)

where'Q; @ is the ideal CDF of sample n of variable v in domain k,"&3dd& is thecurrent

rank of sample n of variable v in domain k. If tie¢ative error decreases after the potdistivap
thentheswapping of the randomly picked sampleseaizedby the algorithmThe loop continues
running until there is no change in domains up to a determined threshold. value
At the end of the logpheimprovemenbf the accuracy iassessedsingtheequatiorapplied for

k-Means Clustering method

S S8 8

P . .
- W 4
D S (34)

34



where® is thedomain o sis the number of observationsdomaind , K is 2 for the binary
clustering andw andw are the pair of samples domain0 . After computing the accuracy, the
loop of swapping samples starts again. This recurring system of loops stops e#teers tho
change in accuracy of tlt®maing andthedomain assignmentith thebest kMeans Clustering
scoreis recordedat the end of the algorithifrigure 3.8-a). As an alternativeéo the method of
accuracy assessment expressed abaveuracy can be calculatesfter certain number of
swapping attempts within only one loop, which ends when there is noaftea@m determined
threshold valugFigure 3.8-b). While thefirst method of accuracy assessment provides better
clustering, the latter performs the clusterdagterwith insignificant amount of accuracy lossis
important to notice thahe K-Means Clusteringcorermminimizes the pair-wise distancebetween
samples belongg to a cluster, while maximizing the distance between clugtdrs/ariate space
(Figure3.7). Becausehe objective of KMeansClustering and of searching fibrebest fit between
the combined weighted CDFs and global data are diffettemtest fit does not necessarily give
the best clusteringesult (Figure 3.8). The final output data of the unsupervised clustering

algorithm is used to inform the next step, Ensemble learning with Support Vector Classification.

Distribution of Predicted Samples along Domain 1 and Domain 2

—— Optimal Varl Doml
Optimal Varl Dom2
Achieved Varl Doml
Achieved Varl Dom2

St. dev. from mean

2 4 6 8 10 12
In(Varl)

Figure 3.6 Result of domain assignment according to optimal distributions
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Figure 3.7 Result of domain assignment invariate space

3150 (a) ® Improvement in Euclidean Distances
3125
3100
3075
3050
3025

Sum of Euclidean Distances

3000
2975

2950

1 2 3 4 5 B
Accuracy after each 300 domain check without change (Total swapping attempt is 94911)

5000 {b) ® Improvement in Euclidean Distances

4500
4000

3500

Sum of Euclidean Distances

3000

1 3 5 7 911131517 19 21 23 25 2729 31 33 35 37 39 41 43 45 47 49
Accuracy after each 1000 domain check (Total swapping attempt is 50667}

Figure 3.8 (a) Accuracy assessment with recurring loops and (b) accuracy assessment within
one loop. Notice that red circles show when the algorithm reaches to minimum Euclidean
distance While the last points in graphs have the best fit between combineuee@DFs and
global data, results with best clusteriage obtained earlier.
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3.2 Ensemble Learning with Support Vector Classification

The second stage of the study focuses ontieertainty modeling utilizing an ensemble approach.
The knowledge obtained after repeating the stage one on different set of vagiabégkto inform
SVC. SVC is applied oasubset of sample3his processs known as bootstrap aggregating, or
baggirg, andthe process is repeatedth the different set of geochemical variables. All the
models obtained employindifferent subses of samples andlifferent subse$ of variables are
considered weak learners, and weak learners are combined to buildgalestmmer.This is the
principle of ensemble learningt this point, it is important to notice thdte number of variables
in the geochemical datasstiould belarge so that subsstof variables can be chosen to apply
ensemble learning. For examplefive variables are found to be useful for the classificatoal
three variablesre usedor each learnerthenthere will be twenty combinations to find weak

learnerdo be usedor the ensemble learning approach.

3.2.1 Application of Support Vector Classification

As stated previoushEVC is a supervised MLAsed generally for binary classification problems

A certain portion of the input data is used to train SVC, and the remaining part of the input is
reserved for validation of the mod@&ince the objectir of the approach is domainingy fthis

study, he coordinates of samples in[3 space are utilized dsput datg and the domains are
employed as output of the modkelbek). The goal is to classify points in the 3D space to determine
the extent of eachf these two domaingirst, data are split into training and test datasets before
modeling. Twenty five percent of the data is left for testing and the rest is used for training.
Secondlyfwo importantparametersf SVC, C andgammaaretuned tooptimum valuesTo tune

the parameterghe GridSearchCV module is utilizedn the training dataseGridSearchCV

(Pedregosa et al., 201i5)a moduleof scikit-learnusedto perform croswvalidated grid search.
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Different combinations of parameseare assessersing the balancedccuracypresented irkq.

(2.11), underthe application ob-fold crossvalidation

During the operation of grid seardhg training data is split into five equal subsets, and model
performance is assesskek timesby leavng one subset of samgleut for validationeach time
and training is performed usirige remainingour fifths of the dataThe nean accuracy of the
five splits yields overall accuracy of the modehe parameters providirtgehighest accuracgre
chosa& from the grid searchtHHowever, chosing extreme values for parametemsay cause
overfitting of the modelthereforethe usercan makea subjectivedecisionabout the choice of

parameters.

After determining the optimum parameters, one more split is applied on the trdatasgto

perform ensemble learningwo third of the training data selectedo perform the actual training,

and the rest is neglected for one SVC moike ratio of taining datato all data becomes 50%

after thesecondsplit. The model is trained, and predictions are performed along the target
locations.This process is repeated for the subset of sanfipigsre3.9). This is generally called
bagging, however the key difference between the bagging and the technique utilized in this study
is that sampling is performed without replacem@&hte reason why sapling is performed without
replacement is thatreprodued sample does not have any effect on the training data, inlségad

only cause model to be informed le¥¢hile the approach may cause bihgh biasmay be

overcome by employinfpwersampleguring training
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Support Vector Classification

5-Fold Cross-Validation
to determine optimum parameters of SVC: Cand y
Input Data :

— Coordinates Output
X Y Z Domain

. §
e

Subset of Training (50%)
—— Random sampling
- without replacement

A

Initial Training split (75%)

Leave 25% out for
Bagging (Random choice)

Validation
(25%)

L_ Make prediction along target locations /

Figure 3.9 Main steps of SVC and technique of traintegt split

Repeat the process using A >
ifferent subset of samples &

/

3.2.2 Ensemble Learning with 3Combination of Variables andBagging
Once SVC is performed for diesubsets of samples and subsets of variathleensemble model
can be built combining all the modelhe btal number of models to combine is ieombination

of n variablegimesthe number of resampling done durlmagging. For exampléhetotal nunber

of modelsfor the case of 6 variables and B&samplingof SVC with bagging isg o T

A—AA(h: T T Tt.TConsidering the outputs of all models are the predictions along the target
locations of 3D space, combining all the models yields a probabilisiclel. The accuracgf
models can bassessedsingEq. (2.11). To assesthe performance of thensemble model, values

at each locatiommre categorized back to binary valwesl assigned to one of the two domains,

according taheglobalproportiors of domairs obtairedduring the first step of the workflguand

compared with thdomains assignagsingK-means clusteringlgorithmfrom thedrillhole dataset
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reserved for validation. In this way, a confusion matrix can be builtttadccuracy can be
assessed again usikg. (2.11). A schematic summary of ¢hmethodology is illustrated Figure

3.10.

\
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3
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wy . . .
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-
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Ensemble
Learning

o

Obtain a probabilistic model

Figure 3.10 Workflow of the study
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3.2.3 Hierarchical Application

The workflow defined above can be repeated hierarchically to define more thalotmans.

Once an ensemble model is built with two domains, the application can be repeated for each
domain, so that subdomains of each domain can be(Bigilire3.11). The final model is built by

constraining the subdomains to firecedingdlomairs.

Geochemical
Data

i L

Figure 3.11 Hierarchical application of domaining

3.3 Comparisonwith BlockSIS

To compare the result of the ensemble model, a sequential indicator simulation (SIS) model is
built. BlockSISis the implementation used to create the SIS simulations. The modedafses
secondary data, which constrain the traditional Slignfmse locaproportions(Deutsch, 2006)

and image cleaning provides furtremoothingof the resultsBlockSIS isa program developed
within the GSLIB environmer(Figure3.12), whichmeans it has a similar programming structure
with the conventional algorithm in GSLIB, nam8tSM . There ardalifferentoptionsin BlockSIS

to use the secondary da&imple kriging with locally varying mean probabilitiéSigure 3.12,

Linel - option 2)is chosen to obtain modeilsat reproduce the local trends in the categories
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Line  START OF PARAMETERS:
1 g -0=8K, 1=0K, 2=L1, 3=L2, 4=CC, 5=BU, 6=PR, 7=BK, 8=BC

2 1 —-Clean: 0O=none, 1l=light, Z=heavy, 3=super
3 2 -number of categories
4 0 1 - categories
5 0.70 0.30 - global proportions
6 0.50 0.50 - correlation coefficients for soft data
7 well.dat —-file with local data
8 1 2 3 4 — columns for X,Y,%, and category
9 lvm.dat —file with gridded prior mean wvalues
10 1 2 - columns for each category
11 3 - 2-D areal map (2) or 3-D cube (3)
12 keyout.dat —-file with kevyout array
13 1 - column for keyout indicator
14 1 —-debugging level: 0,1,2,3,4
15 BlockSIS.dbhg -file for debugging cutput
16 BlockSIS.out —-file for simulation output
17 1 —-number of realizations
18 100 0.00 150.0 -nx,xmn, xsiz
19 150 0.00 150.0 -ny, ymn, ysiz
20 50 0.00 1.0 -nz,zmn, zsiz
21 69069 -random number seed
22 12 -maximum original data for each kriging
23 12 -maximum previous nodes for each kriging
24 1 —assign data to nodes? (O=no,l=yes)
25 0 -maximum per octant (O=not used)
26 5000. 5000. 10. -maximum search radii
27 30. 0. 0. —angles for search ellipsoid
28 101 101 101 —3ize of covariance lookup table
29 1 0.0 -Cat 1: nst, nugget effect
30 1 1.0 30. 0.0 0.0 — it,cc,angl, ang2, ang3
31 5000. 5000. 10. - a hmax, a hmin, a vert
32 1 0.0 —-Cat 2: nst, nugget effect
33 1 1.0 30. 0.0 0.0 - it,cc,angl,ang2,ang3
34 5000. 5000. 10. - a _hmax, a hmin, a vert

Figure 3.12 Parameter file of BlockSIS

BlockSIS is performed on the samarget locationsused for Ensemble learningg make
comparisoreasy To apply BlockSIS, amodel of thelocal proportions p(u),is generatedising
the nearest neighbamethod. Firstthe closest N compositdrillhole sampleswithin a certain
distanceare recorded for eadarget locatiorwhere BlockSIS is performedand thenp(u) is
calculated for each location with an estimation approach like irdgstEnce weighting or simply
average of the nearest neighf. The dobal proportions arassigned totte target locaticswhich
has naneighbor drillhole samplasithin a certain distanc®nce the locgbroportions arebtained

for one domainthe other domain is obtaineuibtracting p(u) from 11-p(u), sincethe case is
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binary.Beside local proportionghe rest otherequirements to run BlockSEse thesame as SIS.
Variogram models are built to represent the spatial continuity of the paoakglobal proportion

of domains corresponding tbeir priorprobabilities are defined he rumber of realizations and
some other details related to kriging shaalkb be determined. When the application is completed,
image cleaning is applied on the data according to the chosen level of inEiwgite3.13).

50.000

Image Cleaning

0.0

0.0 X 140.000

140.000

Figure 3.13 Effect of image cleaning on the results

For the accuracy assessmehBlockSIS the same process applied ftire Ensemble model is
followed. This timethe accuracy assessmeot BlockSIS is performedor each realization and
for the E-type. First,the E-type model is categorized back to binary values accordirtheto
optimum proportios of thedomainsandthen theclosest domains are assigned usheneaest
neighbor algorithmfrom the drillhole dataset reserved for validation. In this way, a confusion

matrix can be built, antheaccuracy can be assessed again Using2.11).
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Chapter 4  Case Study
A geochemical datetis employed to test the implementatidie geochemicatiatais obtained
from a drillholecampaignof a Porphyry Copper deposiimplementation is applied on the data
with a twalevel hierarchical approac{Figure4.1). The case studis explained undetwo sub
sections for each level of the hierarchical application, and each adjgplicecludeghree sections,
which explain(1) unsupervised clusterin¢R) supervisedearning andensemblemplementation

and (3) validation of the workrespectively All the works are performed using Python

Geochemical
Data

programming language.

l L

Figure 4.1 Two-level hierarchical domaining

4.1 First Level of Hierarchical Application

The first step of the application dividésedata intatwo distinct domains as domain 1 and domain

2. The Pllowing subsections explain how domaining is obtained step by step starting from
unsupervised clustering, which include exploratory data analysis, optimization of the distribution
of selectedrariables and domain assignment of sampléss isfollowed by ensemble modeling
according tahe obtained domaining, and finally SIS moiagl using the domaining information

obtained from unsupervised clustering.
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4.1.1 Unsupervised Clustering
Unsupervised clusring is explained under three main stefaga preparation and exploratory data
analysis, optimization of the parameters defining the distribution of domants domain

assignment according tbe optimized parameters of lagormally distributed data.

4.1.1.1 Data Preparation and Exploratory Data Analysis

The data contain 1138 drillholesnd each drillhole consists of -b¥eterlong composites.
Consideringthe composites are samplethe data have 21641 sampl@&he data contaird9
chemical elementsyhich areAu, Ag, Mo, Re, Cd, Pb, Zn, Te, Bi, Sb, Hg, Co, Ni, Se, Al, As, B,
Ba, Be, Ca, Ce, Cr, Cs, Cu, Ga, Ge, Hf, In, K, La, Li, Mg, Mn, Na, Nb, P, Rb, S, Sc, Sn, Sr, Ta,
Th, Ti, TI, U, V, W, Y and the other available information are coordinates, litholalgtdion,

and mineralization.

Samples with unidentified alteration are removed from the Qe are further constraineddo
certain area whetbenumber of samples are enough to represent the.gpldeethis, thenumber
of samples decreased to 1707HAe mddle coordinatesf each compositare used for thespatial
location [Table4.1). Domain knowledge obtainen the first step of the workflow is expected to
represent alteratiomineralsof Copper Porphyry Deposifhe relevant variablesepresenting
alteration are determined with EDAand literature (Sillitoe, 2010). Out of 49 geochemical
elements, Mg, Al, ZnPb, Y and Ga showed clear binary clusterikgrthermore ratios of
elements are used highlight somespecific geological featured he final variablego be used in

the unsupervised clusterimge Mn/K, Mg/Al, Zn, Pb, Y, G&Table4.1).

45



Table4.1 Descriptive statistics of sample coordinasewl variables Elements are in ppm, and
ratios are adimensional

Count Mean St. Dev. Min 25% 50% 75% Max

X 17074 16711.02 601.49 14971.13 16227.29 16781.55 17163.53 18050.26
y 17074 106896.80 357.86 106000.01 106601.30 106916.51 107199.63 107500.00
z 17074  2843.23 108.77 2640.03 2758.09 2839.45 2927.61 3138.85

Mn/K 17074 923.10 1616.95 9.83 96.00 189.16  1094.44 18642.86
Mg/Al 17074 0.25 0.27 0.01 0.05 0.08 0.48 3.39
Zn 17074 398.79 742.73 2.00 19.00 73.00 486.92 10000.00
Pb 17074 60.97 188.66 0.20 3.83 16.00 54.93 10000.00
Y 17074 4.18 5.53 0.05 0.49 0.92 7.47 52.20
Ga 17074 2.38 2.01 0.19 0.95 1.47 3.30 12.81

While the objective of the implementation is to define domaining using only geochemical data,
alteration is turned inta binary variable to see how fieldgging is distributed in relation to sets

of three of the selected variables. For this purpose, chigsticitic and potassic alterati@me
combined under domain 1, and argillic alteration and qsntizitic alteraton arecombined in
domain 2 as suggested in Faraj and Ortiz, 208#.results which are going to be obtained by the
first level of hierarchical application are expected to be similar with the binary domaining obtained

by field-logging.

It is important tanotice thathenatural logarithm of loghormally distributed datfollows anormal
distribution. For practical purposes, natural logarithms of the variables are prefetred
displaying histograms and probability pl¢Esgure4.2 & Figure4.3). Notice thatFigure4.2 and
Figure4.3 show that two distinct clusters of samples are clearly observahieh v8 reflected by
the bimodal distribution®istribution of alteration along natural logarithms of Mn/K, Mg/Al and
Zn is shown irFigure4.4. Figure4.4 shows that clustering between two domains is clearly visible,
although the boundary between two clusters is not clear likely because-ofadarerors.In the
following sections optimization and domain assignment are performed for eaom®ination of

6 variables Table4.2).
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Figure 4.2 Histograms- natural logarithms ofvariables
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Figure 4.3 Cumulative distributioa- natural logarithms of variables
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Figure 4.4 Alteration data obtained from field logging in-trariate space

Table4.2 Combinatiors of 3 out of6 variables

Variables Variables
1 2 3 1 2 3

1 In(Mn/K) In(Mg/Al) In(Zn) 11 In(Mg/Al)  In(Zn) In(Pb)

2 In(Mn/K) In(Mg/Al) In(Pb) 12 In(Mg/Al)  In(Zn)  In(Y)

3 In(Mn/K) In(Mg/Al) In(Y) 13 In(Mg/Al)  In(Zn) In(Ga)

4 In(Mn/K) In(Mg/Al) In(Ga) 14 In(Mg/Al)  In(Pb) In(Y)

5 In(Mn/K) In(Zn) In(Pb) 15 In(Mg/Al)  In(Pb) In(Ga)

6 In(Mn/K) In(Zn) In(Y) 16 In(Mg/Al)  In(Y) In(Ga)

7 In(Mn/K) In(Zn) In(Ga) 17 In(Zn) In(Pb) In(Y)

8 In(Mn/K) In(Pb) In(Y) 18 In(Zn) In(Pb) In(Ga)

9 In(Mn/K) In(Pb) In(Ga) 19 In(Zn) In(Y) In(Ga)
10 In(Mn/K)  Inty) In(Ga) 20 In(Pb)  In(Y) In(Ga)
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4.1.1.2 Optimization ofParameters Defining the Distribution of Variables

As explained before, an optimization process for the parameters, which define the distribution of
variablesjs required to have an accurate domainifige libray NumPyis utilized to manage the
dataandfunctions ofSciPy areusedto definethe minimization problem, normal distribution, and
global distribution(Table 4.3). The minimization problem is defined by E¢B.1), which is

expressed ithe methodologysection

Table4.3 Functions used to define the optimization problem

Library Package Function

NumPy - -
SciPy  stats norm
SciPy  stats percentileofscore

SciPy  optimize minimize

To minimize the approximation errors, initial parameterapproximatelydeterminedy visually
inspectingthe distribution of global data in histogranksgure4.2). Initial parameterassigned to
each variablare tabulated i(iTable4.4). Because domain 2 has a slightlyger populatiorsize

the initial parameter w is assigned as Tlen, optimizatioaareperformed for the twentsubsets

of variablestabulated inTable4.2. Optimization for each case approximately lasted for 5 hours.
Optimization results ahefirst case cabe seen ifrigure4.5. Optimized parameters of each case
are tabulated imable4.5. All the optimum parameters are utilized in the following step of domain

assignment.

Table4.4 Initial parameters o¥ariables

MK | Mgial | zn | Pb | Y | Ga
> : > : > : > ) > ) > ) w
Domainl 8 1.5 -05 05 65 1| 4 1| 2.4 075 1.5 05/ 0.4
Domain2 4 15 -3 05 3 1 2 1/ -050.75 0.1 05/ 06
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Table4.5 Optimum parameterf®r each subset of variables

Three - Combination of Variable 1 Variable 2 Variable 3
Variables Domainl Domain2 | Domainl Domain2 | Domainl Domain2

# |Variablel Variable2 Variable3| > ) > ) > ) > : > i > : w

1 [ In(Mn/K) In(Mg/Al) In(Zn) | 7.39 0.85 4.79 0.70|-0.57 0.37 -2.80 0.45|6.53 0.83 3.43 1.14|0.40
2 | In(Mn/K) In(Mg/Al) In(Pb) |7.42 0.83 4.81 0.71(-0.56 0.35 -2.79 0.46|4.21 1.00 1.77 1.36|0.39
3 | In(Mn/K) In(Mg/Al) In(Y) |[7.35 0.89 4.77 0.69(-0.59 0.39 -2.82 0.43| 2.11 0.55 -0.52 0.63|0.41
4 | In(Mn/K) In(Mg/Al) In(Ga) |7.43 0.82 4.81 0.72|-0.55 0.35 -2.79 0.46| 1.36 0.50 0.07 0.43|0.39
5 | In(Mn/K)  In(Zn) In(Pb) |7.23 1.01 4.72 0.65|6.40 0.92 3.29 1.02|4.11 1.04 1.61 1.27|0.45
6 | IN(Mn/K)  In(Zn) In(Y) |7.22 1.02 4.72 0.65|6.39 0.93 3.28 1.01|2.02 0.65 -0.59 0.56| 0.45
7 | In(Mn/K)  In(Zn) In(Ga) | 7.32 0.93 4.76 0.67|6.47 0.87 3.36 1.08|1.30 0.54 0.05 0.42|0.43
8 | In(Mn/K)  In(Pb) In(Y) |7.26 0.99 4.73 0.66|4.12 1.03 1.63 1.28(2.04 0.63 -0.57 0.58| 0.44
9 | In(Mn/K)  In(Pb) In(Ga) | 7.46 0.78 4.83 0.73|4.23 0.99 1.81 1.38|1.38 0.48 0.09 0.44|0.38
10| In(Mn/K)  In(Y) In(Ga) |7.28 0.97 4.74 0.66|2.06 0.61 -0.56 0.59|1.28 0.56 0.04 0.41|0.44
11 | In(Mg/Al)  In(Zn) In(Pb) |-0.58 0.38 -2.81 0.44|6.51 0.84 3.41 1.12|4.18 1.01 1.73 1.33|0.41
12 [ In(Mg/Al)  In(Zn) In(Y) |-0.61 0.41 -2.83 0.42| 6.47 0.87 3.36 1.08(2.09 0.58 -0.54 0.61| 0.42
13| In(Mg/Al)  In(Zn) In(Ga) |-0.58 0.37 -2.81 0.45|6.52 0.84 3.42 1.13|1.34 0.52 0.06 0.42|0.41
14 [ In(Mg/Al)  In(Pb) In(Y) |-0.60 0.40 -2.82 0.43|4.16 1.02 1.70 1.32(2.10 0.57 -0.53 0.62| 0.42
15| In(Mg/Al)  In(Pb) In(Ga) |-0.56 0.36 -2.79 0.46| 4.20 1.00 1.76 1.35|1.35 0.51 0.07 0.43|0.40
16 [ In(Mg/Al)  In(Y) In(Ga) (-0.60 0.40 -2.82 0.43| 2.10 0.56 -0.53 0.63|1.32 0.53 0.05 0.42|0.42
17| In(Zn) In(Pb) In(Y) |6.33 0.97 3.23 0.97|4.06 1.05 1.55 1.23|1.97 0.71 -0.62 0.53| 0.47
18| In(Zn) In(Pb) In(Ga) [6.19 1.08 3.11 0.86/3.96 1.09 1.41 1.16|1.14 0.65 -0.01 0.38| 0.52
19| In(Zn) In(Y) In(Ga) | 6.35 0.96 3.25 0.98| 1.99 0.69 -0.60 0.54| 1.23 0.59 0.02 0.40|0.47
20| In(Pb) In(Y) In(Ga) [4.09 1.04 1.60 1.26|2.01 0.66 -0.59 0.55|1.25 0.58 0.03 0.40| 0.46

4.1.1.3 Domain Assignment

The samelibraries and functions used ftire optimization step are used for domain assignment
(Table 4.3). Moreover, acompiler of alibrary specifically built to rurfastercodes containing

NumPy isadopted at this step. The compiMF of Numbais employed to calculate E(B.4). The
methodology section can be reviewed for detailshaf domain assignmentrocess Domain
assignment is performed for each subset of variables, and this process lasts in average 1.5 hours
for eachcase Figure4.6 clearly shows that domain assignment reached to a certain maturity in
terms of clustering for the first cadéigure4.7 also showshat thedomain asgnmentsplits the

data into two clearly distinct clustefhe quality of the achieved assignment for each variable can

be seen irFigure4.8. As seenn Figure4.8, there is no perfect fit between optimum distribution
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and the achieved domaininghe results observed Figure4.8 suggest that there are more than
two subdomains within the larger domains used for this binary split, which is an expected behavior

for an ore deposit.

100000 A ® Improvement in Euclidean Distances
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Figure 4.6 Improvement in domain assignment
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Figure 4.7 Result of domain assignmerdistribution of samples in tvariate space

53



Probability plots of Predicted Domain 1 and Domain 2
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Figure 4.8 Domain assignment result of first case: probability plots comparing achieved and
optimal domaining
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4.1.2 Supervised Learningand Ensemble Learning

Coordinates of composite samples and domain labels defined after the unsupervisedstgrning
are used as input and output data in Sk&Spectively(Figure4.9). The libraries scikdearn and
NumPy are employed for all steps of SYTable4.6). The kernel function used for SVC was
RBF. Combination of possible SVC parameters are tesitt5-fold crossvalidationtechnique
andthe parameters adetermined accordinglycridSearchCV function of scikiearn is utilized

to perform 5fold crossvalidaion. The resuks of 5-fold crossvalidation are tabulated ifable4.7.

30'/,:,

Nﬁr'th-ing

= 106 _E
-

&
£

Figure 4.9 Result of domain assignment process in coordinate system

Table4.6 Functions used tperformsupport vector classifier

Library Package Function
NumPy - -
Scikit-learn svm SvC

Scikit-learn preprocessing  StandardScaler
Scikit-learn model_selection GridSearchCV
Scikit-learn model_selection train_test_split
Scikit-learn metrics Confusion_matrix
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Table4.7 Scores of SVC with different combination of parameters accordindaiol 8ross

validation
Parameters Test Score Mean of St. Dev.

Index C Gammal Splitl Split2 Split3 Split4 Split5 | Scores of Scores| Rank
1 1 scale | 0.86 0.847 0.861 0.858 0.859| 0.857 0.005 27
2 1 10 0.905 0.896 0.904 0.897 0.903| 0.901 0.004 6
3 1 5 0.894 0.883 0.892 0.898 0.897| 0.893 0.005 12
4 1 2 0.88 0.872 0.883 0.883 0.886| 0.881 0.005 18
5 1 1 0.873 0.859 0.871 0.873 0.874| 0.87 0.006 21
6 1 0.1 | 0.852 0.84 0.852 0.852 0.852| 0.85 0.005 30
7 10 scale | 0.867 0.854 0.868 0.865 0.869| 0.865 0.006 24
8 10 10 0.911 0.896 0.907 0.9 0.908( 0.904 0.005 3
9 10 5 0.904 0.894 0.9 0.898 0.904 0.9 0.004 7
10 10 2 0.89 0.883 0.888 0.89 0.898| 0.89 0.005 14
11 10 1 0.88 0.87 0.882 0.879 0.885| 0.879 0.005 19
12 10 0.1 | 0.858 0.847 0.858 0.857 0.857| 0.855 0.004 29

[N
w
al
=}
)
o
D
@

0.872 0.856 0.867 0.87 0.873| 0.868 0.006 23

15 50 5 0.909 0.895 0.909 0.902 0.904| 0.904 0.005 4
16 50 2 0.894 0.884 0.887 0.893 0.897| 0.891 0.005 13
17 50 1 0.886 0.875 0.884 0.885 0.889| 0.884 0.005 17

18 50 0.1 [ 0861 0846 086 0.86 0.857| 0.857 0.005 28
19 100 scale | 0.873 0.858 0.868 0.872 0.874| 0.869 0.006 22
20 100 10 0.906 0.9 0.908 0.899 0.901| 0.903 0.003 5
21 100 5 0.911 0.896 0.906 0.902 0.907| 0.905 0.005 2
22 100 2 0.898 0.886 0.89 0.897 0.898| 0.894 0.005 11
23 100 1 0.889 0.879 0.886 0.888 0.892| 0.887 0.004 16
24 100 0.1 | 0.861 0.849 0.861 0.857 0.862| 0.858 0.005 26
25 1000 scale | 0.878 0.862 0.873 0.877 0.879| 0.874 0.006 20
26 1000 10 0.898 0.892 0.905 0.893 0.889| 0.895 0.005 10
27 1000 5 0.904 0.894 0.903 0.902 0.895 0.9 0.004 8
28 1000 2 0.901 0.889 0.899 0.899 0.902| 0.898 0.005 9
29 1000 1 0.892 0.879 0.886 0.887 0.895| 0.888 0.005 15
30 1000 0.1 | 0.866 0.85 0.864 0.865 0.867| 0.862 0.006 25

While applying SVCthedatawassplit into trainingand validation setwith 25% validation ratio,

and thenone third of thetraining dataare left out for baggingPredictions were made along a
determined mesh grid éble4.8), and each point dhemesh corresponds tonadeof the model
centeredn a volume of 15x15x10 cubic meteith a total of 2.3illion cubic meteifor the entire
model Considering an average rock density is 2.7 tonfiglodelled volume is equivalent to 6.3
billion tonne material SVC is performed for each subset of variables, which are in total 20, and

for each subset of samples, which are again 20. In total, SVC is performé&ichd60rhe node
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model determined when plying SVC to the variables Mg/Al, Mn/K and Zn is illustratedrigure
4.10, and the ensemble model, which is the average of all SVC models for alf satg@ablesjs
illustrated inFigure 4.11. Vertical crosssections overlaid by composite samplegy(re 4.12)

confirmed thathe ensemble model repressbbundaries well.

Table4.8 Mesh grid along which predictions made

| Range | Number of points
Easting 15000 18000 201
Northing 106000 107500 101
Elevation 2640 3140 51

Figure 4.10 Node nodel of the variables Mg/Al, Mn/K and Zn
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Figure 4.11 Final ensemble model
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Figure 4.12 Vertical crosssections taken along North axithe SVC Ensemble model
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The accuracy of athodemodels is tracked using the balan@xtuacy techniquéq. (2.11). All
models show high accuracy of approximately 9QBtgure 4.13). The ensemble model is
categorized back to binary values according to the global proportion of domains which is
0.41/0.9, so that an overall accuracy can be quantified. To provide thearpgioportion of the
domains, 1.4 is decided as threshold vakigure4.14), meaning that if the average of domain
labels is equal or less than 1.4nfthe block becomes domain 1, else it becomes don&igQre

4.15). Total mass of dmainl of the final modeis equivalent to 2.6illion tonnes ofmaterial and

that of domain 2 is equivalent to Jiiflion tonnes of material.

The domains ohodesclosest to the validation samples are found using nearest neighbor method,
so that the categorized ensemble model can be compared with the validation dataset. Finally, a
91.3% balanced accuracy of the proposed ensemble model is obtained from the resuftiagpn

matrix (Table4.9).

SVM - Distribution of Balanced Accuracies
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Figure 4.13 Boxplots showing the distribution of accuracies for eacheahadcording to subset
of variables Notice that vertical axis of the gramhlimited from bottom and top, 0.89 and 0.92
respectively.
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Cumul. Prob. of Ensemble Result
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Figure 4.14 Categorization of Ensemble learning accordingppaimumproportion of domains
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Figure 4.15 Categorization of Ensemble modeHorizontal profiles
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Table4.9 Confusion matrix o€ategorizedensemble model

1 0898 0.102

2 0.071 0.929

1 2
Predicted Domain

True
Domair

4.1.3 Comparisonwith BlockSIS

BlockSIS is applied on the labellathta andimplements simple indicator kriging with local
proportions to determine the conditional distributiohcategoriest every node. Firstly, the local
proportion within a neighborhood is calculated using thedans clusterinmethod along the grid
specified inTable4.8. An average of the closest 8 samples within 50 meters distance is used as
local proportion. The global akege proportion is assigned to points when there are no samples

within 50 meters distanc&he global proportions imposed on the program were 0.41/0.59.

Secondly, the spatial continuity of the domains is defined with indicator variogram models.
Horizontd continuity is analyzed with experimental variograms created along 12 directions from
Azimuth 0° to Azimuth 165¢Figure4.16). Azimuth 75°, Azimuth 16%5and vertical directions are
determined as orthogonal directions with maximum anisotropy. Variogram models were built
fitting the experimental variograniBigure4.17) with 0.05 nugget effect and 3 spherical structures

Eq. (4.1). The number of realizations was defined as 20. The rest of the details can be seen in

Figure4.18 showingthe parameter file of BlockSIS.
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Figure 4.16 Experimental variograms created along horizontal direction
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Figure 4.17 Variogram models built alonghosen directions
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Parameters for BLOCKSIS

R R DR R R N N D DR R i

START OF PARAMETERS:

2 -8=5K,1=0K,2=L1,3=L2,4=CC,5=BU, 6=PR, 7=BK,8=BC
2 -Clean: @=none, 1=light, 2=heavy, 3=super
2 -number of categories
1 2 - categories
8.4142 8.5858 - global proportions
8.598 @.508 - correlation coefficients for soft data
training_data.dat -file with local data
a 1 2 3 - columns for X,Y,Z, and category
gridded_pricr_mean.dat -file with gridded prior mean values
1 2 - columns for each category
3 - 2-D areal map (2) or 3-D cube (3)
.. /Example/keyout.dat -file with keyout array
1 - column for keyout indicator
a -debugging level: 6,1,2,3,4
BlockSIS.dbg -file for debugging output
BlockSIS.out -file for simulation output
20 -number of realizations
291 15@ee.e 15 -nx,xmn,xsiz
181 1@ec@ee.a 15 -ny,ymn,ysiz
51 2648.9 18 -nz,zmn,zsiz
69069 -random number seed
12 -maximum original data for each kriging
24 -maximum previous nedes for each kriging
) -assign data to nodes? (@=no,l=yes)
] -maximum per octant (@=not used)
458. 458. 300. -maximum search radii
75. a. a. -angles for search ellipsecid
121 121 121 -size of covariance lookup table
3 8.85 -Cat 1: nst, nugget effect
1 a.63 75.9 a.e 2.8 -it,cc,angl,ang?,ang3
856.0 58e8.a 1500.0 -a_hmax, a_hmin, a_vert
1 @.21 75.9 a.e 2.8 -it,cc,angl,ang2,ang3
55.@ 118.8 250.0 -a_hmax, a_hmin, a_vert
1 2.11 75.9 a.e 2.8 -it,cc,angl,ang2,ang3
6Be.@ 28.0 48.8 -a_hmax, a_hmin, a_vert
3 8.85 -Cat 2: nst, nugget effect
1 @2.63 75.9 a.e 2.8 -it,cc,angl,ang2,ang3
356.0 5890.8 1500.0 -a_hmax, a_hmin, a_vert
1 8.21 75.9 a.e 2.8 -it,cc,angl,ang2,ang3
55.@ 118.8 256.6 -a_hmax, a_hmin, a_vert
1 8.11 75.0 8.0 2.0 -it,cc,angl,ang?,ang3
6Ee.0 28.0 48.8@ -a_hmax, a_hmin, a_vert

Figure 4.18 Parameter file of BlockSIS
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Two scenarios were createdth image cleaningone iswith light image cleaning antthe other is
with heavy image cleaning optionsigure4.19 & Figure4.20). Pointy result®ccur becausiecal
proportionsareimposed on theimulation Increasingthe search neighborhood difie k-means
clustering method can smooth the pointy appeararug, leads to littleuncertaintyin the

boundariedbetween categories

It can be observed frotheresults that sithe intensity of image cleaning increases, mddels
like objectbased models. Moreover, the mbadtained from BlockSIS with heavy image
cleaning is closer to the that tfe Ensemble model, therefore comparison and validation is

performed using heavy image cleaning.

BlockSIS with Light Image Cleaning BlockSIS with Heavy Image Cleaning

Figure 4.19 Block models of BlockSIS with light image cleaning and heavy image cleaning
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BIockSIS (nght Image Cleaning) Bench 1 BIockSIS (Heavy Image Cleaning) Bench 1
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Figure 4.20 Effect ofimage cleaning on BlockSishorizontal profiles

Crosssections overlaid by composite samplegure4.21) show that BlockSIS with heavy image
cleaning has lessncertainty along boundaries in comparison to the Ensemble model. Moreover,
extrapolation in BlockSIS is limited, resulting in the global proportions in areas without data.
Accuracy is assessed with the balanced accuracy technique again for each re@liaialid.10).

To make the final Bype model comparable, values are categorized back to domains considering
the original proportion of domainBigure4.22 & Figure4.23). Just like with the&ensemble model,
domainsof closest blocks are assigned to validation data samples using the nearest neighbor

method, so that the categorized BlockSIS model can be compared with the validation dataset. The
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balanced accuracy of the categorizetiyge model obtained from the conims matrix (Table

4.11) is 92.5%.
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Figure 4.21 BlockSIS with heavy image cleaningertical crosssections taken along North axis
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Standard Nermal Probabilities

Table4.10 Confusion matrices of all realizations with balanced accuracy

Confusion Matrix (Row, Column) | Balanced
Realizationy (0,0) (0,2) (1,0) (1,1) |Accuracy
1 1319 187 100 2642 0.920
2 1325 181 123 2619 0.917
3 1331 175 128 2614 0.919
4 1326 180 108 2634 0.921
5 1333 173 138 2604 0.917
6 1324 182 119 2623 0.918
7 1308 198 114 2628 0.913
8 1300 206 119 2623 0.910
9 1295 211 95 2647 0.913
10 1324 182 135 2607 0.915
11 1331 175 127 2615 0.919
12 1339 167 131 2611 0.921
13 1308 198 123 2619 0.912
14 1333 173 148 2594 0.916
15 1317 189 125 2617 0.914
16 1312 194 114 2628 0.915
17 1328 178 126 2616 0.918
18 1309 197 120 2622 0.913
19 1322 184 115 2627 0.918
20 1313 193 108 2634 0.916

Cumul. Prob. of E-Type Result
99.99999

99.9999 1
99.999 4

93:48 ]

= (lobal Distribution

1 if E-type value <1.65, then Domain=1, else 2 _,_t—’_'_'_—'_
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Figure 4.22 Categorization oBlockSIS model with heavy image cleaning
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Figure 4.23 Categorization of BlockSIShorizontal profiles

Table4.11 Confusion matrix of categorized BlockSIS model

1 0.889 0.111

2 0.046 0.954

1 2
Predicted Domain

True
Domair
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It is clear that botlEnsemble model and BlockSiBodel have high accuracy and the difference

of accuracy between the two models is small. The reason why accuracies are high is because the
validation set is determined by extracting individual composite samples from the original data.
This means that the validation data are always very close toboeigg composite samples, which
condition the block at the validation sample location very strongly. If the validation set was defined

by removing entire drillholes instead of sample, the accuracy would be much lower.

While there is no clear differenceetwveen the two models, there are some details worth
mentioning. First, when the two models are compdFegure 4.24), Ensemble model depicts
uncertainty better especially at boundaries with smoother transitions. Second, the Ensemble model
provides extrapolations that follow the geological shape of the diehoThird, the pointy
appearance of BlockSIS causgtinga local mean can be diminished if the neighborhood size of
thek-means clustering increased, however this may reduce the local accuracy of the model and

increase smoothing.

Figure 4.24 Comparison of two models with vertical cressctions
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