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ABSTRACT

The fundamental component of resource estimation is domain modeling. However, in such
deposits like roll front uranium is deposited in sandstone and on the contact of oxidized and
reduced rock domains which makes it difficult to mo@ehde- Thickness (GTxontour
method is one of the most applied resource estimation techniquesfromoliranium deposits
However,explicit modelingand GT contouringpy using the GT informatioaxtracted by drill
holes isexceedingly difficulf time consuming and inconsistent. This thesis studies a domain
modelingof roll front uraniummineralizationusing the GT valuewithin theradial basis
function (RBF)aided implicitmodelingframeworkandcompares the spatial associations of the
RBF determineddlomainof mineralizatiornto thedomains obtained b T contours. Then, the
block gradesvithin the domainof mineralizationare estimatedy usingKriging and selected
machine learningnodels tocomparetheir spatial associationandoverall,in-situ tons and grade
estimatesvith each other and GT contours.

The domairof mineralizatiormodelled by RBRappears tepatially correlatevell with the
domain of mineralization obtained T contours.Theperformance of theelected machine
learning moded wasquite good withk -NN havingvalues 0fR?=0.792, RMSE=0.0216, and
MAE=0.0048 andhe randomforest withR?=0.751, RMSE=0.0236, and MAE=0.0077. A visual
validation of these models, swath plots, grade tonnage curves suggestskhhiNtand
OrdinaryKriging (OK) results areemarkably closéo each other perfectiligningwith the
drillhole intersections iterms of gradew/hile random forest (RF) estimates show significant
deviations ohighergrades from the other methods and the supporting drill hole inform&ton
final comparisons, it was observedile study arethatthe difference betwee@T in-situ
resourceestimates and OK arid-NN results were approximatef#o and1% respectively
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CHAPTER1
INTRODUCTION

Resource estimation is an initial step of ore deposit. Estimaéisipeen performed by
using such traditionahethods; polygonal, nearest neighbor, and inverse distance weighting
which have been used for a century (Popoff, 1966; Knudsen, 1990; Isaakvasta8a, 1989;
Rossi and Deutsch, 28] High errors and high standard deviation of real ore grades from
estimates providethe incentive tonventKriging method to estimate the ore grade and overall
resource with lower error and lover standard demmafiom real gradeasmonitored during ore
production A number ofKriging sub-class have been developed and applied to resource
estimation depending on geologic properties of a given deguditheintensity of information
available (Rossi and Deuts@()13; Isaak and Srivastava, 1989) which are nammiybability
Kriging (Verly and Sullivan, 1985), ordinairiging (Matheron 1962, 1963a, 1963b), uniform
conditioning (Rivoirard, 1994; Humphreys, 1998), and-twearKriging including, Gaussian
based (Mitheron, 1976, Armstrong and Matheron, 1986a, 1986b), indi€atpng (Journel,
1982, 1988), and legormalKriging (Dowd, 1982).

The most common geostatistical method applied to resource estimate is oaligeny
(OK) although the different varianteecome popular recently (Rossi and Deutsch3R0tlis
applied to almost all mineral deposit types aad beewompared with the actuaiining
gradesby manyauthors The most common issue fire OKmethodis its smoothing effect
which does nohonoractual grade boundaries (Lloyd and Atkinson, 2000; Abzalov and
Humphreys, 2002; Hassan and Boamah, 2015)nTé¢tbod ofindicatorKriging (IK) has been
applied to several mineral depogitssprovided better estimatéisan ordinaryKriging (Lloyd
and Atkinson, 2000; Abzalov and Humphreys, 2002; Hassan and Boamah, 2015).

Roll front uranium deposits are major source for uranium (Knudsen and Kim., 1979).
Calculation of ore resource is challenging due to the unique ctedtwgre of the ore body. The
variogram isan essential elemeaot a geostatisticasit measures the dependence or spatial
correlation between variables in a deposit Knudsen and Kim., (IBG#)easure these
dependences and correlation Knudsen and Ki87) studied the development of variogram
models for the thickness and grade thickness (GT) pro@ibetresultingexperimental

variograns were modeledby theoreticalspherical modasl The methods employed by Knudsen



and Kim are time consuming aneuireconsiderable professional experiencediine learning
modelshave successfully beersed tgproducehigh quality resource estimations of many
commodities other than roll front uranium depositsis thesis studieshethemrmachine learning
models can beugcessful irestimatingroll front uranium deposit resourcas well.

Theaim of this thesis will be teaomparehe results coming fromne of the most used
resource estimatiomethodsknown asGT contouringn roll front uranium deposit® the
estimates determined I{riging and machine learning models performed withdoaain of
mineralization definedby radial basis function (RBR)ided implicit modelingpn acase study

of Nichols Ranch Uranium deposit/yoming.

1.1 Problem Statement

Uranium deposits can be formed by igneous processes, metamorphic enrichment, or
sedimentary enrichment on a specific geologic environment. Primary uranium is enriched in
magma chamber with a high crustal contaminatiorcivforms uranium rich potassic magma.
Radioelements including uranium fractionate into granitic rocks which can later become a source
for sedimentary uranium deposits (Dahlkamp 1993). One of the most common enrichment
processes and forms most of the ecoicamanium deposits is roll front type uranium deposits
or sandstone hosted uranium deposits. After leaching the uranium from the source rock, the fluid
which is enriched in uranium flows in a porous media which is mostly in sandstone layer
bounded by imp@neable rock layer such as shale. When the uranium rich fluid contact with the
reducing environment such as carbossuafide bearing rock units, uranium then precipitates as
Uraninite/Pitchblende $Dg (Dahlkamp 1993). This specific formation type of utamni
geometrically represents a crescent shape on the cross section 2Hijued it can also form
as folded orebody structures.

Resource estimation of the specified ore bodies (roll frontgxaeedingly difficultsince
theydo not present amiformly formedvein or stratified deposits. There are many authors who
reports the advantages of using gfe@statisticahpproaches irhe uranium resource estimation.
Geostatistics can be adapted to usexfiecontouring methodnhich ishighly utilized for roll
front uranium depositisy the uranium indust& gechnical reportdn the case study of Nichols

Ranch ISR mine presented in thigsis the GT contouring methoproduces aery acceptable



results to predict recovered uranium. Howeueanium recoveryf 75 %, resource calculatian
usingthe GT method requires lots of tirmadlots of field experiencdt also may produce
inconsigentresultsdue to the interpretation and hand drawings of the contours on the 2D maps.
This thesis proposeto compar¢hein-situ uranium resourcestimates determined by

geostatigcs and machine learningith theGT method. Thdenefit of machine leamg

techniques is that thmethodologyis more efficient than the traditional techniques. It also
benefits fronnot requimg lots of field experience to interpret the rolls, does not require lots of
time and it gives a consistent result with the sama. dat

12 ThesisObjectives

The primary objective of this thesis isgmpose aomparative analysis dflachine
Learning with the traditionaksource estimation techniquetsthe Nichols Ranch reftont
uranium deposit located in Wyominigs furtherpurposeto documenthat it is abetter resource
estimation technique than the GT contouring technayueently used.

Following are the goals set to achieve the objectivéiseothesis:

- Determination of zones in Uranium bearing sandstone at Nicole Ranch roll front

uranium deposit.

- Generating thredimensional models with respect to the methodology.

- Uranium resource estimation of these models.

- Comparison of the estimates ahetermining the advantages and shortcomings of these

models.

1.3 Thesis Outline

For ease of reference, the rest of the thesis is divided into the following chapters:
A Chapter 1 introducete role of mine planniniy themining industry. It addresséisis
thesi®scope of workmethodologyand objectivesas well as the outlinend mining
method of the Nichols Ranch uranium deposit
A Chapter 2 gives a brief backgroualdng with the literature reviewof the traditional

resairce estimation techniques and the machine learning techniques.



A Chapter Zxplainthe regional and local geology and depositional environment of uranium
to further understand the geology and formation conditions of the roll front uranium
deposits.

A Chapterd presentsigeneral geostatistical tothat is used in the resource estimation
studies.

A Chapter %explains the selected machine learning modettetail

A Chapter 6 presents the results involving the resource estimation of the deposit performed
by simge Kriging, ordinaryKriging, k -NN, random forest and GT contour method.

A Chapter 7 Addresthe conclusiosinvolving the statement of contributi@md future study

andrecommendations

1.4 Methodology

The deposit selected for this study is Miehols Ranch roll front Uranium deposit at
Wyoming, USA. The mine has been operated since 2014 with ISR method which primarily
dissolves the Uranium at the host rock by injecting oxidizing fluid and the Uranium bearing
solution pumped back to processimgifity and Uranium oxide (§Ds) product which also called
oyell ow caked is produced.

The resourcenodelinghasbeen performed on 392 drillholes with approximately 100x100
spacing which drilled by rotary method. Downhole geophysical measurements ingadinta
logging and resistivity at every 50 inches have been conducted by Energy Fuels Inc. which
providal the data to this research. The unit of gamma measurements is counts per seconds (CPS)
which enables to calculate an equivales®igrade in percengf elkOs). The grades with a
grade cuoff 0.02 % eldOg was multiplied by thicknesses which equal to grdekness (GT)
with 0.2 cutoff. Uranium bearing sandstone formation covered by mudstdr@izontalto
surface and 100 feet in thickness has beddet into 10 zones of approximately each 10 feet
thickness. The Esridés ArcGlIS and Leapfrog sof
zones and develop resource models.

Firstly, the GT values at each zone have been mapped by connecting the saé¢ rang
GTs with7-9 feet width polygons. The GT ranges utilized are 0.2, 0.5, 1, and > 2 with polygons

representing the area between these GT ranges. The mapping has been detailed at higher grades



which means that the orebody is being thicker and thindewat GT valuesThe average GT
of the contoured polygons calculates the resoigrogultiplied by the polygon area and density
factor of 1.17 which results ibs. of U3Os.

Another method used in the resource estimation involves two steps which ayre firstl
constructing a grade shell by usingd®al Basis Function [BF) to establish the domain of
mineralizatiorwhich is explained in detail in section 4.6 and then estimating the 5 x 5 x 5 ft
block grades within the grade shedpresenting the domain of miaéization These estimators
are simpleKriging, ordinaryKriging as traditional geostatistical estimataadk -NN and
random foresas the new machine learning algorithms to be used for estimating the uranium

grades

1.5 Mining Method

The Complex facilities of the mine are located at latitude of 43°42' N and longitude
106°01' W where is located approximately 70 miles southwestllett&j Wyoming, and 80
miles northeast of Casper, Wyomi(fggure 1.}. Nichols Ranclis inthe Pumpkin Buttes
Mining District of the Powder River Basin in Campbell and Johnson Counties in Wyoming.
NAD 1927 UTM Zone 13 (US feet) coordinate system has beed.

=

Figure 11 Location map of Nichols Ranch project (Malensek, et al. 2022).
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Figure 12 Nichols Ranch irsitu leaching mine ground settlement (Malensek, et al. 2022).

The mine complex view and settlement of facilities such as processing plant, laboratory,
power lines and the disposal well location is given in the figure 1.2.

In-situ acidleaching andecovery (ISR) technique issed in this mine. A schematic
illustration of the ISR is given in the figure 1.3. This method is inspired by the reversing the
natural depositional process of uranium which is transported by oxidizing fluidssaodves by
the mixing of reducing environments whicbntainssulfide and carbonaceous materials. The
deposition environment of the uranium (sandstone) forms a natural porous media which is
providing a perfect leaching environment without touchinghie groundwater in the mining
area is fortified with gaseous oxygen and injected to the uranium mineralization zones by the
means of injection wells. The oxidizing solution dissolves the uranium from the sandstone
(Figure 1.3) Then the uraniurbearing solutio pumped back to the processing plant by using
the recovery wellgMalensek, et al. 2022The mining process is described with the following 5
steps: (1) The lixiviant (water mixed with oxygen and/or hydrogen peroxide, as well as sodium
bicarbonate or capn dioxide) is injected into the uranium hosting sandstone by injection wells
to dissolve and to complex the uranium, (2) The lixiviant that enriches the uranium in solution
pumped back by a series of recovery wells to the processingygians the uranim istrapped
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from the solutiorby an ionexchange proces&3) Once the uranium has been extracted from the
lixiviant solution, the lixiviant is reused in the wellfield. Approximately, 99% of the solution is
reused. Approximately 1 % of the remaining petage is waste and disposed into the deep
injection wells within exempted aquifer@) The recovered uranium from the iexchange

process is further concentrated and dried to have a final material, which is called "yellowcake"
because of its yellowistotor, (5) Then the yellowcake is packed indgdllon barrels and
transported to the uranium conversion facility where it is proceabsedghthe nuclear fuel

cycle(Malensek, et al. 2022).

Central
Processing
Plant

@ Injection Well
® Recovery Well
@ Underlying Monitoring Well
M Overlying Monitoring Well
A Perimeter Monitoring Well

Injection
Well

Irﬁection
Well

Submersible Pump

Figure 13 Nichols Ranch irsitu leaching method (Malensek, et al. 2022).



1.5.1 Estimating Reserves in Nlwls Ranch IN Situ Uranium Mine

The ISR method as explained in the section 5.6, it requires to detail characterization of the
porosity and hydrogeologicptoperties of the uranium bearing sandstone (A sand) layer which
affects the life of mine (LOMMalensek, et al. (2022) has suggested that the A sand is suitable
for the ISR mining in terms of the porous nature of the sandstone layer which is undetlain an
overlain by a mudstone (aquitard) layer. The hydrogeologic information such as water level
surveys, pumping tests, flow rates should be determined.

The average transmissivities for the A Sand are 46.9 ft2/day. The horizontal hydraulic
conductivity variesrom 0.18 ft/day to 0.7 ft/day and an average value of 0.5 ft/day is best
represent the A Sand. The total dissolved solid (TDS) of the groundwater is <1,000 milligrams
per litre (mg/L) to <2,000 mg/L.

The fluids flow northwest direction in the A sand wath average value of 0.0033. Based
on this gradient, an effective porosity of 0.05, and an average hydraulic conductivity of 0.5
ft/day, the average groundwater flow rate is estimated to be 0.033 ft/day (Malensek, et al. 2022).

Based on the hydrogeologicgperties of the host rock injection and the recovery wells are
planned. Figure 1.4 below shows that the polygons representing the reserve area of recovery
wells which are located at the center of each polygon and injection wells which are located at the
corners of the polygons. Injection wells commonly planned on the oxidized side of the deposit
which is also suitable for the flow direction of the aquifer. The reserve and the life of mine is
calculated by considering this information. This thesis doeainoto calculate the mineral

reserves of the deposit.
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located at the center of polygons and the injection wells located at the aufrtierpolygons.




CHAPTERZ2
LITERATURE REVIEW

This chapter provides related studies about the geostatistical mineral resource estimation,

Kriging estimation and machine learning estimations.

2.1 Geostatistical Mineral Resource EstimationTechniques

The depositionamodelingof the roll fronts for resource estimation has beistorically
incredibly challengingDue to complex shape of the deposition, variognamdeling the
resource estimation is problematis seen irFigure2.1, uraniun is deposited in many rell
fronts and sub rolls of iKnudsen and Kim., (1979) has studied the development of variogram
models for the thickness and grade thickness (GT) product and resulted to fit the experimental
variogram by spherical model (equatidr). The other technique has been proposed by
Marbeau and Brunt, (1991) who have used the similar properties with (Knudsen and Kim., 1979)
but unfolding the uranium rolls. This author hdgized linear variogram after applying a
relative variogram formla to the experimental variograiarbeau and BruntL991) have
studied the North Buttle uranium deposit which is in the Pumpkin Butte Uranium District of the

Powder River Basin.

[ S O S (2.1)
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Figure 21 Underground mine face view afroll-front uranium (pitchblende) and sudbll
underneath, square bolt is 1 ft. La Sal Mine, Utah. (Courtesy of Travis Boam, Energy Fuels Inc.).

2.3 Kriging Estimation

Kriging estimatothasbeen used to determine the spatial variability of samples by using
variogram and covarian@nd estimates the sample in an unknow locakoiging is known to
be the best linear unbiased estimator by minimizing the error variance which is calculdted by t
squared error between the true and the estimated value of a $kagks and Srivastava 1989).
This estimator and the variations of it have been applied to most of the commodity such as Au,
Cu, Pb, Zn, Ag in terms of resource estimation.

Syaefi, (2018) has applied th&riging method besides inverse distance weight to the
Rabau Hulu sector uranium deposit in Indondsidzhe same deposit, Ciputra et@020 has
reported a resource modelled by ordinidriging. However, quartzite unit has been ussdc

single domain and the domain is correlated with the grade thickness. Taghvaeenezhad et al.
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(2020) suggested that by using ordinkriging the block model uncertainties which include

Kriging estimation variance, block error estimati#niging efficiency and slope of regression,
classification of mineral reserves can be perforniéeir study has been performed in the
Khohoumi uranium deposit in Iran, however, the geology and the mineral deposition in the paper
is poorly discussedidditionally, Yun etal. (2020) has reported the advantages of using ordinary
Kriging in uranium deposits in Changpaiangtze River uranium ore fiel€hina However, the
reported ore deposit is hosted in a fault zone unlikely to roll fronts.

A truncated gaussian simulatiphGS) has been proposed by (Matheron et al., 1987) and
employed to simulation of sedimentary hosted deposits and uranium. This method has been
discussed in (Beucher and Renard, 2016) and proposed as an applicable simulation technique in
roll-front uraniumdeposits. This method can be used with qualitative properties such as rock
type or alteration by transferring them into multivariable numerical values. Then, the numerically
expressed categorical properties which is names as lithotype. These lithotypes can

simultaneously obtained by a normalized underlying GFR by thresholding it.

2.3 Machine Learning Estimation

Machine Learning algorithms have becoextremely populain the mining industry in the
recent years due to the ability of solving such problems. It includes lithological mapping by
classification models, grade estimations by regression problems and advantages and
disadvantages of using such ML models have begorted.

Random Forest is one of the most reported ML methods reported in the mining industry.
Matin and Chelgani, (2016) reported the RF performance in estimating the gross calory values of
coal samples. Hengl et al., (2018) suggested a RF methodologly Mvolves a buffer distance
from known sample locations and compared the results witkrigang estimators and
concluded that the RF and tKeging givessuch a close result depending on the data quality.
Jafrasteh et al. (2018), has proposed a griednultilayered perceptron (MLP), and Gaussian
process (GPR) performance in terms of MSE compared to indicator and olirggng
methods in copper grade estimations in porphyry deposit. Sarantsatsral et al. (2021) has studied
the RF classification afock type and reported that RF gives better accuracy with larger training

data.Erten, 2021 proposed a super leai(®tr) modelcombining withKriging andML models
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including RF and suggested that the SL model gives better performance tKaigitige for the
far distance samples.

Kaplan and Topal, (2020) proposed a combined ML model invok/iNN and artificial
neural networks (ANN) in a gold grade estimation. Prior to the grade estimation the rock type
and alteration has been predicteckbNN classifcation model and then the gold grades have
been estimated which result if-R.528.

Zhang et al., (2013) reported a better performance of support vector machine (SVR) than
the ANN, inverse distance weight and OK in terms of ME, MAE, RMSE amsduRred in a
seafloor hydrothermal sulfide deposit. Li et al., (2013) proposed an optimizétion o
hyperparameters technique called-selfptive learnindpased particle swarm optimization for

SVM which showed better performance than ANN in porphyry copper deposits.
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CHAPTER3
GEOLOGY OF THE DEPOSIT

This chapter providesdetailed explanation regardingxploration, historygeology,and
mineralization of the Nichols Ranch ISR -@itu Recoveryproject.Understanding the geology
and mineralization of the RFU (Roll Front Uranium) deposit maintainsiitapce on estimating

the resource and further exploration.

3.1 Exploration History

USGS (United States Geological Survey) have recommended eightaresmium
bearing lignite and volcanic tuffs and conducted an airborne radiometric reconnaissance in
October 1950. J. D. Love has discoveaaganium mineralization which was spatially
associated with one of these surveys in the Pumpkin Buttes distribss\Wasatch Formation
(lover Eocenedn the southern side of tiNorth Pumpkin Butte in the wesentral portion of the
Powder River Basin on October 1951 (Love7/@9Love has grabbed six samples from various
sections of the roll in sandstone whicthibits yellow and black highly radioactive minerals
assayed as 15.14 percent urani@@l (ClevelandCliffs Iron Company) conducted 46
explorationdrillholes, drilled another 150 holes and installed 3 water \weliween 1960s and
1980s After CCl, Texassastern Nuclear Inc. and Rio Algom have performed drilling between
1985 and 1990s. Uranerz Energy conducted 253 exploration holes, 105 monitor wélld) and
production wells between 2006 and 2015). Tidinhols Ranch ISR operation began on April
15, 2014(Malensek, et al. 2022)

3.2. Regional Geology

Powder river basin host several caal, and uranium depositbbcatedas an elongate,
north-northwest trending and covering 1950¢ amdsub-parallel to the Rock Mountain trend.
This basin surrounded by the Hartville Uplift and Laramie range on the south,Hlackn the
east, Bighorn mountains and Casper arch on the amstyiles city arch in southeastern

Montana on the North.
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The pavder river basifforms a broacdsymmetricsyncline withslightly westward dipping
and steeply eastward dipping along the western flank (Figuid8)basirconsistsof 15000 ft
thick sedimentary sequence over a Precambrian igneous and metamorphic basga{Eigure
8). Tertiary sedimentation took place with the uplift of the peripheral highlands which resulted to
form transgression of the early Paleocene Fort Union Formation overlying the Cretaceous marine
Lance Formation (Figurg.1and3.3). The lowerFort Union Formation characterized by
secondary fie-grained clays, silts, and muds which were deposited by meandering stream that
flowing northward of the basin (Dahlkamp, 2010). Arkosic debris from Laramie and Granite
mountains began to depositlatePaleocene and/or early Eocene time which deposited upper
Fort Union and the Wasatch formations (Dahlkamp, 2010). The Wasatch Formation is partly
overlain by the tuffaceous Oligocene White River Formatna is60 to 75m in thickness
(Figure3.1and3.3). Miocene and Pliocene portion \&fhite Riversediments are eroded.

Uranium mineralization is hosted by the arenites of the upper Fort Union and the Wasatch
Formations (Dahlkamp, 2010). Arenites of upper Forth Union formation characterizediby flu
poorly sorted, coarse grained, arkosic sandgtmmeing lenticular and wedgghaped geometries
whichreaches 900 nm thicknessand crops out at the margins of the Powder River Basin
Wasatch Formation of which characterized by coarse to fine grankesic sandstone
interbedded with siltstone, coal bearing shale, lignite, local conglomeratic series, reaches a
thickness of 300 to 500 m and thickening from south to north. Sandstone layers of the Wasatch
Formation ranges in thickness from few meter6@ m and interbedded with claystone or
siltstone which ranges in thickness of 30 to 60 m (Dahlkamp, 2010).
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Figure 31 Regional geologic map of the project (modified from Maesek, et al, 2022; reference

therein).

Figure 32 Cross section of the regional geology (modified from Maesek, et al, 2022; reference

therein).
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(modified from Maesek, et al, 2022).
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3.3. Local Geology

Eocene Wasatch Foritnen covers the surface of the Nicholschiproject area (Figure
3.1) which also host uranium mineralization. This formation characterized by
transgressive/regressive sequence of sandstone interbedded with siltstone, mudstone, coal
bearing shale, thin ligite seams. Figur8.3shows these sand layers named asd 2sand, 0 A0
sand (main U production), C&® Ba mquiteallgodA®F & asnaln d s
located at the middle layers of the Wasatch Formation at an approximate d2@dtad 700ft
from the surfaceThe thickness of the A sand ranges from 50 ft to 1L10hi further subdivision
of O60A6 sand i ssubsividedvmo 10 zoneé frogn aone210 dnGop to zone 100 at
the bottom most also described with col@fgure 3.4) These zones are utilizéor resource
estimation purpose by Energy Fuels Inc.

Meandering streams are formed where the gradient of the river gets gentle and the
Uranium is deposited inside edge of the meander (Malensek, et al. 2022). The meaahar st
form intensive cuts and fills which is called point bar accumulation characterized by the grain
size fining upwards (Visher, 1972). The O0A® s
four stacked meander belts and their thickness range froto 3@ ft and approximately four
miles wide (Malensek, et al. 2022).

The grain size of the A sand ranges from fine to coarse grained sand and pebble. The A
sand consists of quartz, feldspar, accessory biotite and muscovite, and trace number of
carbonaceaidebris, in the greyish colored reduced parts includes pyrite and calcite where the
oxidized reddish, blackish, or beige colored parts includes hematite, limonite as well as

montmorillonite and kaolinite (Dahlkamp, 2010).
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3.4. Mineral Deposition

Ore forming processes afaniumis explained as oxygenated ground water enriched in
uranium can be dissolved from the Precambrian granitic massifs and tuffaceous White River
Formation, encounter a reducing environmehich host pyrite and carbonaceousenial, the
fertile solution reach equilibrium (Dahlkamp, 2010). The reduiiront is formed between
oxidized updip part and reduced downdip part of the host sandstone formatittve. Nichols
Ranch the ore forms two wings (eastern and western) a®dwitere the two wings join at the
north. The sandstone among the two wings and nose is oxidized and the ektaean is

reduced.
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Other factors affecting the mineralization of the uraniusoistion fertility of amount of
uranium content in the solah, hydrodynamic factors, and reduction potentials of the aquifer. In
the Nichols Ranch, the uranium is lower grade aitter depositvhere the reducing pyrite and
carbonaceousiaterials are small amount of dilute in the unaltered host rock, the uranhighi
grade and relatively small sized where the pyrite and carbonaceous materials are higher amount
and denser in the unaltered host rock (Dahlkamp, 2010).

The grades of mineralized intervals range from 0.017 eq. % U to 0.633 edl #ttJ 18
ft thick and49 ft to 393 ft, average 115 ft width rolls.

Uranium in the Nichols Ranch deposit is in the form of amorphous uranium oxide, sooty

pitchblende, and coffinitéhat coats sand grains (Dahlkamp, 2010).
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CHAPTER4
GEGSTATISTICAL CHARACTERIZATION

Geostatistical methods are widely utilized in mineral resource estimation for all kind of ore
type,and it was reported to work better thanstof thenongeostatisticamethods. It employs
the data collection including geological and geochemical characteristics, data validation,
definition of domains, geostatistical characteristics, determination of the best estimation
techniques, resource estimation and model validalimotinis chapter background of the
geostatistical estimationill be summarizedo express the advantages and drawbacks of this

method.

4.1 DataValidation

Data validation is the first and the most important step of mineral resource estimation, In
recent years there have been several reporting standardt3{iNd1, JORC) requiringome
standard operations including topographic and downhole surveys, sample preparation standards
and laboratory analysis standards and quality assurance and quality amtdssreported by
accredited laboratories. Additionally, resouncedelingsoftware such as Leapfrog and
Minesigth have their own data validation procedure by correlating the collar, sasgayand
geology intervalsln the Nichols Ranch, every drithhe exposed to downhole aratliometric
logs with regularly calibrated probe and mineralization depth is rearranged by the coal seam

horizon located beneath the uranium mineralization as explained in section 3.3.

4.2 Geological Constrains on Mineralization

Mineralization can be formed by various geological or geochemical processes including,
faults, folds, alteration, oxidaticgtc.A resource model without considering geological features
is poor(RossiandDeutsch, 203).

There are several ways to gather geological information such as drillhole logs, surface and
underground mappingurface and drillhole geophysical surveys. This informationis utilized

for constructing 3D domains and a geological, geotechnical, geometallurgical domains. With the

21



improvement of technology and such relevant software used in mining industry hedpsite
large amount of data in shorter time.

Staionary refers the characteristics of random function (Isaaks & Srivastava, 1989) and it
is more related to the random function rather than the true v&8tagmnary requires the mean
and the covariance to be constant for the geostatistical determsnatioch is called second
order stationary. A random function is a second order stationary since the mean is constant
throughout the domain and the covariahggction for the random variable pairs relying on the
distance between the domain and the datiaowitconsidering the true locatiofisaaks and
Srivastava, 1989)ntrinsic stationary hypothesis claimed by (Matheron, bp68ggests that it
considers the increments of thection such as variation of the grades rather than that of the

function suchas gradend this hypothesis weakens th second order stationary.

4.3. Drilhole Compositing

Compositing isa major stef resource estimation to regularize the sample supgort
defining a constant sample interval. It cardbg/ngradedf the sample size igrger than the
block intervalor commonly upgraded when the sample interval is smaller than the blocksize.
anopen pit miningoperationthe composite length can be efito bench height or in an
underground mining operation the length selection depends on the mining operation. The
composite isnost generallgalculated by weighted average of sample interfRdssiand
Deutsch, 203).

4.2 DataDeclustering

In mineral resource exploration, the drillholes are planned to the target lodatiedsice
cost, intersect mineralization as quickly as possible and enhance the reAswcesult of that
the direct statistical applications are not representativiaéoentire deposit. To overcome this
issue, data declustering with polygonal, neanesghbor and cell declustering techniques by
assigning new weight with respect to the closeness of its nearby samplesgndeutsch,
2007).
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Polygonal declusteringgthnique assigns new weiglproportional to the area ofterest
(Figure 4.). The limitation of this methouhcreasedf it is applied to 3D caseg$saaks and
Srivastava, 1989). The nearest neighbor technique employs a regular grid nudekssand t
assigns the closest datum of the set that is declustered to eacfRuaeskand Deutsch, 28)L

Figure 41 A simplified sketch of polygonal declustering method and sampiedatots

Cell declusterindechnique is the most common and suggested for resource estimation
applications (Deutsch, 1989; Journel, 1983). This technique implies the volume of thé ideposi
divided into equal volume celts  pF8 h) and the occupied cells , the number of samples in
each occupied cell pHB ) are countedEachdata is weighted with respect to #@ount
of data in the same cel(Rossi and Deutsch, 281

. P
0 T 3% (4.1)

In cell declustering technique, a same weighich can be in 0 to 1 interval and sum up to
one isassigned to all occupiexklls. Then the grid is moved because of the result change of the
cell network origin andinal weight are averaged over each of the origin aoffSgure 4.1 A

shows that the domain is divided into grid celi® p ccells, withD = 6 occupied cells, then
the cell weight of-is assigned to single sample in cell, and the weightsifaed with the

number of samples in each of the cell. However, this method is highly depended on the cell size
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because when if the cell size is selected too small may result in a single cell for each sample or if

it is selected too large then all the sampiey fall into a single cellTo overcome this issue, a

plot of declustered mean versus cell size is drawn (Figure 4.2 B) and the lowest (data clustered in

higher values) or highest (data clustered in lower values) cell size is selRossilgnd Deutsch,

2013).
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Figure 42 Cell declustering A) sketch of a weight assigned to samples with respect to different

cells. B) Plot showing cell size versus declustering mean

4.3 Variography

Spatial variation or continuity of samples is one of the most important processes in

geostatistical determinations and estimation of mineral resource. It defines the sample variation

in a geographic directioandfits a model and estimates the unknown darppints within that

of the direction with respect to the fitted moddathematically, a variogram i

is the

difference of a halexpected squared distance between two random var& “1 andd |

i where they are separated by a distdan@@hiles and Delfiner, 2009).
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Figure 4.3 A simple illustration of difference between variogranh  and covarianc# i

Figure 4.3 shows that the variogram value increases with increasing distance meaning that
the similarity of the samples increases with the separation distance. In the stationasy case
given in section 4.2he covarianc# i and the variograrh i are equivalent functions
(David, 1977)

S L7 S I T (4.2)
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The average of squared differences betwbkerniwoobserved valueshich areseparated

by h lag distance gives thexperimental variogram | (Matheron, 1971)
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where the) i is the number of pairs employed
Determination of the lag parameters such as number of lags, lag separation distance, lag
tolerances and lag angles are important to find an optithum (Rossi and Deutsch, 281

Figure 4.4 shows the parameters that are required in calculation ofnegpei variogram.
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Figure 44 Simplified illustration showing the required parameters of lag distances, lag and
azimuth tolerance which are required to calculate an experimental variogeachdirection

r 3

Y 5 Sil

Nugget
Effect >
}le Range > - h

Figure 45 Simplified illustration showing the main features of a variogram

The principal features of the variograrerange sill, and nugget effect (Figure 4.9)he
range defined by the distance from origin to the where the varidgtarnhe sill. Sill is the
variogram value where the variogram gets flatten and all the values becomes the same with the
increasing separation distance. The nugget eftemivs the variation at a zelag distance which
is resulted from the measuremenbessuch as sampling error and geological facamd

calculated from the most continuous direction (Deutsch, 2003).

26



4.4 Variogram Modeling

Most common variogram models applied in the mineral resource estimation are spherical,
exponential, andaussian model3he spherical model is the mostly applied one among the

others due to its shape of which is observed chiefly. This model is expressed as:

(4.4)
x 93 93
r i ApmEs BPYE TH T Egm A
Al OEAOxEOA
o &
where thé i is the sum of nugget effec¢h and the variogram model i with the

components is the lag distance is the range value aras the sill value The exponential
model isexpressed as:
~ . ds
rds MHQBEs Mp Q (4-5)
In this model, the practical range is calculated bydieg&nce that yield35% of the sill value.

The gaussian model is expressed as:

A ~ g8
rds A AOQ@Q Mp Q (4.6)

4 5 Estimation Criteria

Evaluation of the model performance is one ofdheial factorsshowing the accuracy of
the estimationit is also called as residual apgpressed by the difference between the true and
the estimated grades by using mean absolute error (MAE) and mean squared error (MSE)
functions which are explained in detail in section 5.6 and the MSE can be expressed simply by
unrooting the RMSEAnN ided residual can be considered as the mean of the residoald be

centered at the zero in thgpothetical error distributiohistogram while it is overestimating if
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the mean is bigger than the zero and underestimation if the mean is smaller thanaena| a

distributed histogram is also preferred (Isaaks & Srivastava, 1989).
4.6 Estimation Domain M odeling

Radial Basis Function (RB network is a type of artificial neural network (ANN) that the
training processes of it is easier that the Affidwlettand Jain, 2001). RBF, is that of the
outputs are symmetric around a centefher & n S ‘s hwhere thesk is a vector.

In suchcasesthe gaussian functiorcein becomeraRBF. Detail mathematical expressions of
the RBF can be found ifiHowlett and Jain, 2001).

Yi Outputs V.

Qutput Units

e Sy e S C Inputs

X X

Figure 46 A radial basis function network

The RBF network has three layers (Figu®;4(1) the inputs, (2) the hidden kerhayer
and (3) outputs. The hidden units (centroids or kernels) represent a single radial basis function
for each node with an associated center position and width. Each of the output units represent a

weighted summation of the hidden units (Howlett and,J2001).

4.7 SearchEllipsoid

One of the most important steps in both estimation of the block grades and the domain

modelingwhich involves any types &friging method requires to determination of the ellipsoid
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geometry. Theomponenbf the ellipsoid s threeadii in three directions. These are defined
by the variogram analysi$hemajor or most continuous direction of the variogram corresponds
to the azimuth and thiength of themajor axis of the ellipsoit assigned byhe variogram
rangein azimuth direction The direction of theninor axiscorrespondso the dipdirectionand
its variogram ranggives the thickness of the ellipsaidhich is perpendiculaotthe azimuth in
dip direction. The semmajordirectionin the variogram corresponds to the plunge of the
ellipsoid and measured perpendicular to the azimuth in the plunge direction and defined by the
range of the semmajor variogramOne can be understddrom these that the better fitted
variogram model, the better functionality of the search ellip€iddrant search simply divides
the ellipsoid into swzones and requireketerminingthe minimum and maximum samples which
will be consideredvithin eachsubzone

The three directional variograms also affect the weights of the sample that are used in the
Kriging estimation. Negative weights resulted from screening effect are also assigned or can be
ignored during th&riging estimation. On the other harfithe negative weight percentage is
below 5 percent, it is proposed by the Vann et al. (2003) that these weights can be used due to its

few impactson the estimation.

4 8 Grade Estimation

Mostly used grade estimation technique in-fadht uranium degpsit is GT (Grade x
Thickness) contour methotihe grade estimation of the blocks which are representing the grade
shell with equal volume cubes and sulbck of it can be performed by using several methods
such as inverse distance weight (IDW), nearegfht®r, inverse distance power (IDRYiging
of various versions. In this thessnpleKriging andordinaryKriging wereused becaushey
aremostlyusedmodelsin mineral resource estimatioBesidesthis thesis alsatilizesmachine
learning models which are extensively described in chapter 5 which have been not tried in
uranium resource estimation.

GT contour method is performed in 3 steps: (1) determination of GT values by each
drillhole and resulted by multiplying thesOs % grades and its intersected thickness, (2)
determination oD zones and the GTallenin eachzone (3) contouring the GTs in each of the

2D zones which requires lots of field experience to interpret the contours.
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4.8.1 SimpleKriging

The simpleKriging (SK) is an estimator with a constant méaf a variableltin a
domainO (Deutsch and Journel, 1998heweightof the estimator is calculated by using
variogram model which is fitted in three continuous directions (Krige, 1951; Matherorph 1963
and 1968)This method is also mentioned as it is the best unbiased estimation method which

minimize the error variance hE Kriging estimator can be formulated with the following matrix

notation.
6THI E 6T A _ 6 "1 Rl
é E é & = & L1 AR Y O
6" TR E 6" Rl 6 "I Al (4.7)

where the 8 “Idil. FQ pfB IE is covariance among the samples and théldil_ FQ pMB FE is
covariance between samples and the distance to the estimation location ang,thdE  pf8 A is
theKriging weights. The error variange I of the SK whichis minimizedcan be formulized

as,;

” 74 o vy e !u Ler e )
., 1 8m _ 16 TR I {1 v O 4.8)

where thed Tt is the stationary variance of the data.
4.8.2 Ordinary Kriging
OrdinaryKriging (OK) re-estimates the local mean as a constant within the given search

ellipsoid (RossandDeutsch, 203). Theweightsshould sum up to one which result in

unbiasedness. OK can be formulated for an estimation locatiem
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& 14 0 1 4.7)

as the OK constraints the sum of weights,éhis ignored in the estimation which is expressed
as:

P 1 o IN O (4.8)

To haveoptimum weightsthe Lagrange method of multiplier is useith Lagrange parameter

which explains the constraints on the weights. The OK system is formulated as:

1 D LA o 61 Q pfB A
Uy
. (4.9)
'y 0
Cr o
i I 'IRT AT v O
In matrix form:
6" 1THI E 6TTH p _ 6 "l Rl
é E é p é é oy ey D ,
. = . = 8 | N
61H E 6 m o _ Csqm o HATNO g
p E p T o0 P

And the OK estimation variange is minimized by the constrains of the weights and the

variance iexpressed as:

- 69 (4.11)
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4.9 GeostatisticalSimulation

Modelingof an ore deposit requires to visualize and represent it numerically or
categorically in the space. Different model types can be used for different puifiueses.
interpolation has a smooth change in variables, thalation method by using the same data has
an ability to show local variabilities. The interpolated model shows trends, enables trend
analyses by the smoothing effect. The simulation model shows local variability and enables to
analyze uncertainty by recsinucting the histograms and honoring the spatial variability (Rossi
andDeutsch, 203).

Turning bands method was the first simulation algorithm that was proposed by Matheron
(2971) and Journel (1974) which involves simulation of the general trend sumvitimgandom
error. This technique has not been largely employed in the mining industry @Rd8=utsch,
2013). With the development of computers with the high computational capacity after 1990s
conditional simulation has been applied extensively in the mining industry.

Sequential Gaussian simulation algorithms (Isaadds Srivastaval 989) which involves
multi-Gaussiamandom function model assumption. The steps of sequential gaussian simulation

areexplained in detail by (RosandDeutsch, 203).
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CHAPTER 5
MACHINE LEARNING MODELS

Machine Learning (ML) modskhas gained importance and popularity in resource
estimationproblems for Au, Cu, Ag, etc. deposfi&aplan 202, Erten, 202). However the
application of MLs to a roffront uranium deposits is not tested. This thesis tesadtest
neighbor k-NN), Rardom Forest (RF), Decision Tree (DTjnear regression (LRBupport
Vector Machine (SVR), Gradient Boosting Machine (GBM) and Adaptive BoostidglaBoost
(ADA) models on 2DGT (Grade x Thickness) and 3D composited % uranium grad#dss
chapter, theheoretical background of ML employed in this thesis, the hgpemeter tuning is

explained.

5.1 Theoretical Background and Literature Reviewof ML

ML algorithms are used by most of the data scientists to analyze and determine the
dependencies amongetimdividual samples and predict new samples by using the model
extracted from the current dafthe ML algorithms are categorized as supervised and
unsupervised learning. Supervised learmogdds up a statistical model by using inputs such as
geographial coordinates and estimates outputs such as grade, rock type, alteration type etc. As
the outputs of supervised learning models are numeagategorical, a regression algorithm
applied to numeric dataset or classification algorithms applied to categorical dataset (Erten,
2021;James et al., 2013Jhe unsupervised learnigals with the input parametdcsearn the
data for clustering, probdity density modeling etc.Kanevski, 2013Erten, 2021)In this
thesis,supervisedegression algorithm appligd estimate geospatial continuous data

In supervised learning the training data is expressed as:

0O owhy Bhoho PT 0 (5.1)

where the ofto training pairs of inputse ¥ T , wis output T is the ddimensional input
spacefugs the input of thé&Q data,wJs the output space of tha data and) is the output space.
(Erten, 2021)
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After model selection in a functio which defines théunction classQ the next step is
model assessment which defines a loss function is to find the best function within th@class

"0 Regression problems nilysemploys the squared loss function as:

b0 éE Qe G (52)

wheree is the number of training samplé@e s the predicted value andl is the response
value The loss function measures the wellness of the prediction compared to the real samples
and it affects the learning process (Erten, 282d the references thergin

5.2 Generalization, Overfitting and Underfitting

Supervised learning is constructed on a procedure as it split the given dataset into training
and test data, fit a mod@L models)on a training data and estimates the test data which is
hided during the traing Muller and Guido, 2016; Erten, 2024nd theseprocesses is called
generalization(Alpaydin, 2014)

underfitting optimum overfitting

/" Testing error

Error

Training error

v

Complexity of model

Figure 51 The relationship among modearoplexity, training error and testing error

The machine learning models are sensitive to the complexity to the given data as the data
could be too complex for an applied model and it learns every detail and noise which negatively
affect the estimation & model is called overfittinfHackeling, 2017)On the othehand,the
given training data can be too plawuth limited features and dependencies that make the model
underfitting. Figure 5.1. clearly shows the training and testing error with respraot

complexity that if the model complexity is lower or higher, the training and testing error is

34



higher. However, if the model complexity is optimal, then the training and testing error is
minimal.

The model fitting can be analyzed by plotting the otitauiiables against the pretian
variables agigure 5.2A shows underfitting resulting from high training error, training error
close to the testing error, high b&sd the solution to this problem is expressed as complexify
the model, adding more features to the training data, train longer. A good fitting can be gotten
from the training error is slightly lower than the test error (Figure 5.2 B). An example of
overfitting is shown in Figure 5.Z, which is resulted from low training error, training error
much lower than the test error, high variance and the solution is to regularize the model and

employing more data (James et al., 2013; Erten, 2021).

*) , 1 ® © R
A A ,' A a0 A Ve A\
A A A A" S \\A ‘ A —x
o A A A - A A - A 7 & A A % ',A" ) \A
2 AT AAC A AgA |1 A-C A A
bl 7 = P < P
E A A/ 4 i A § A /A A \\- ; ‘ A A/
a 7 & a // 8' o ]
El A = A g A
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Predictor variable Predictor variable Predictor variable

Figure 52 Example of the output variable vs. prediction variable plots shows fitting lines, (A)
underfitting, (B) Good fitting, (C) Overfitting.

5.3 Coordinate Rotation

Coordinate system rotation is used to overcome estimation artifiatigahine learning
geospatial estimation. ML modedseuncapable of considering the geospatial locations of
samples and the 2D or 3D coordinates are used as predictors in the models which results to make
the model sensitive to coordinate systeligst ofthe mineral deposit do natign N-S direction
(Neufeld and Deutsch, 2004; Erten, 202TIp overcome these problems, a geometQ&al

rotation of the given coordinates grerformed as:

(5.3)



where the X, Y is the given Easting and Northing coordinates akdir

is the rotated new

coordinategDeutsch and Journel, 1998). The azimuttoordinate rotation (Fig 5.3) set to 10°

increments from 0° to 180° to scan 2D azimuth rotation with the equation 5.3.
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Figure 53 Azimuth rotation in 2D

A geometrical 3D rotation is performed as
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where the X, Y, Z is the Eating, Northing ancElevation ofthe given coordinates and ther,

Yr, Z » is rotated coordinate system. THhe b
X, Y, and Z axis othe coordinate systemléufeld and Deutsch, 2004)
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5.4 Hyper-parameter Tuning

The prediction performance of the ML models is very sensitive to the given parameters. It
is important to find optimum parameters for these ML models to get thprieesttion
performancgWeerts et al., 2020; Probst et al., 2019; Erten, 2081his thesis grid search and

random search algorithms are used to define optimum {pgrameters.

5.4.1 Grid Search Algorithms

The grid search algorithmvasapplied to ML models witla commerciaPython version
3.10, withScikit-Learnl i br ary and t he f uThe gridsearchduhctiob Gr i d Se a
trains and evaluates all the combinations of the given paranf€iguse 5.4)and finds the
optimum hypetparameter with a scoring system.
With ak-fold crossvalidation resampling method, a ML model trained on the k=1 folds
with a given possible combinations of parametersgfamplefor learning rate; 0.001, 0.01,
0.1, 1, 10, 100) and the performance is measured on the remaining folds and the process is
iterated for k timeg¢Kohavi, 1995: Erten, 2021). Mean Standard ErroS@lis utilized for the

performance evaluation that the lowest MSE represents the optimumgarpereter.

1. hyper-parameter

4
e
Bins
=

v

2. hyper-parameter

Figure 54 Sketch of grid search algorithms on two hyparameters.
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5.4.2 RandomSearch Algorithms

The random search algorithmasutilized by using a commercial Python version 3.10,

with Scikit-Lear n | i brary and the

functi on

of

a given range of hypgrarameter valued-igure 5.4)and trains the model withrandom

combination of hypeparametersy iteratingthe random combinations of paramet@srgstra

and Bengio, 2012; Erten, 2021)

1. hyper-parameter

2. hyper-parameter

Figure 55 Sketch of random search algorithms on two hygseameters.

5.4.3 Hyperparameters of the ML M odels

6Randor

The machine learning models used and their hyperparameters that were tuned is given in

the table 5.1 below.
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Table 51 Hyperparameters definitions for each ML model (Notationkygerparameters are
from the ScikitLearn packages in Python version 3.4 is not available.

ML model Hyper
parameter

Definition

Number of neighboring samples to use for imputati

k-Nearest Neighbo| n_neighbors: (parameter k)

Decision Tree max_depth: The maximum depth of the tree.

Linear Regression | NA NA

Random Forest n_estimators: | The number of trees in the forest.

Number ofneighboringsamples to use for imputation

k nearest neighboy n_neighbors: (parameter k)

The maximum number of estimators at which boos

AdaBoost n estimators: | . :
— is terminated.

learning_rate: | shrinks the contribution of each tree by learning rat

Gradient Boosting
Machine n_estimators: | the number of boosting stages to perform.

max_depth: The maximum depth of the tree.

C: epsilon | the regularization parametithe cost parameter

Support Vector
Machine For epsilorRSVR model. It defines a margin of tolerar,
where ngoenalty is given to errors.

5.5Machine Learning Models

A generalized sketch of ML model development and prediction is shown in Figure 5.6.
Starting with problem definition which aims to understanding the problem and characterizing
that followed by preparation of all the data with the defined features irrshetepThis step
also prepares the data into a suitable format. A normal distributed data is standardized by using

the function of 6StandardScaler ()06 and the un
Y I AAY
i 0 ®E @MILIOIQE €

(5.6)
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where"Yis the valudhat needs to be standardized and its mean, stadeiation,and the new
value.
A skewed distribution of data should be rescaled[tb] interval by using the normalization
f unchormalize (66 wi th the underlying formul a:
v Y LETY (5.7
I AdY 1 EI'Y

where the'Yis the valueof a sample in the skewed distributed data and its minimum, maximum
and new values (Erten, 2021

Next step is theuture selectionvhich comprise thenput parameters thaterehelpful
during the learning and prediction proces3éss step idollowed by the data split which divides
the data into 80% training and 20% tdstthe model trainingtep,the model fit onto the 80%
training and predict the 20% test data and compares with the true value of these samples. The
model evaluation step involvesetidefinition of optimum parameters or also called as Ryper
parameter tuning. Ones the optimum parameterdedneed the model reoperated with the
optimum parameters fallowing the red arrows with test model box in the Figure 5.6. After data
split step, thee steps are repeated until the best ML model is fdded sample points are
imported to predict their values with the tuned and suitable model (withPtvedRes closer to
1).

1 Problem definition } \;\[ Data collection 1 I “ Feature selection

il
VvV

7 N
pu— Ay Data split
‘ Prediction “"4, | ‘ Model evaluation Model tlalnlng S (Trah]inu’ V'glli(lﬂti()ll,
(lcarning) =
and testing

- P
New sample Test model |

Figure 56 Sketch of ML processes steps

ML models which are mostly used in mineral resource estimation probledniheir
applied commoditear e summari zed i n (Dumakor .Dupsey and
thesis, most of these models have been selected to apply on the resource estirthetioil

front uranium deposiThese models are Decision Tree (DH)NearestNeighbor k -NN),
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Linear Regression (LRRandom Forest (RF), Support Vector Machine (SVR), Gradient
Boosting Machine (GBM) and Adaptive Boosting or AdaBoost (ADA) models

5.5.1DecisionTree

Decision tree (DT) is an ensemble method that used extensively in regression and
classification problem@uinlan, 1986)This methodutilizes a sukarea method in dataset.
Firstly, DT evaluates the whole dataet) as a single region and makes estimation with respect
to mean or median of the samples within that region, then it divides the dataset into more sub
areagR2, Rs,  @nd estimates it by using mean or median of these samples within each sub

area until thesum of square errors (SSE) are minimized. SSE is formulized as:

SSEsB, ® ® +B. ® (5.8)

wherew andw are the mean of the training data in the-atdasY and’Y , respectivelf(Kuhn
and Johnson, 2013jurther splitting the subareas until the optimum (best fit) split value is
reachedDT is widely used in estimation problems without any data processing prior to the
training. However, DT has some drawbacks which are instability of model, and suboptimal
performance due to the rectangular predictor space (Erten, ZG )T estimation

dDecisionTreeRegress(mandom state =dfunction has been utilized in Python software.

5.5.2k -NearestNeighbor

Thek -NN is an instancéased learning model that utilizes thistancebasedsimilarity
functions in regression problertGover and Hart, 1967)n other wordsk-NN assumes that
similar things are close to each other. Then, it averages the samples that is ekismated
sample.

For the distance functickkNN use EuclideaandMinkowski methods which are

formulized as:

Euclidian Distance Function:B  ® (5.9)
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T

Minkowski Distance FunctionB % &S (5.10)

@ andw are two samples in space and Euclidian distance function measures the linear distance
between these two samples, Minkowski distance function emqloyd parameter.

The most important parameter in #&IN in thek value whichdefines the number of closest
samples that the algorithm considers. The optirawmalue can be determined by the hyper
parameter tuning by iterating the model with number of different k value and the one with the
lowest MSE value is used in model fitting

The advantages of this method are the algorithm is simple and easy to impierent,
faster than other ML models, can be used in both classification and regression problems.
However, as the input data and predictors increase the model gets slower.

Thek-NN algorithm in regression problems, firstly calculates the distance between new
sample point and thenearessamples around, then it calculates the average weighted sum of
thek nearessample points for the estimatiols a simpleexample of thd-NN regression
problem, the Figure 5.7 shows a plot of samples in 2D. Farakdconsidering all the weighs of
these three samples are g¢equal distancesYhen the estimation of the new sample point would
be49 x weight + 57 x weight + 77 x weight = (49%x57x1 + 77x1)/3 = 61.

. 82
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Figure 57 Sketch showing an example okaNN regression with k=3.

Fork -NN estimation&NeighborsRegressor (n_neighbors &fijnction has been utilized

in Python software.
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5.5.3 Linear Regression

Linear regression ML algorithm construct a regresBrmwith dependenand
independent variabldShalevShwartz and Beiavid, 2014) As the Figure 5.8 shows the
dependent variable x (input) and independent variable y (output) and the regression line shows

the best fit line for the model.

150 =
100 1
X
50
0 T T 1
0 5 10 15

Y

Figure 58 Plot of input variables (X) and the output (Y) and the best fit line.

The function foithe Linear regression described as;
W "p ngao (5.11)

wherexisthei nput training data and the y is the pr
coefficient of the x. Model tries to find the best fit regression line by minimizinRM8E error
which is calculated between predicted y value and true y value.

Forlinea regression estimation O6Linear Regressi

software.
5.54 Random Forest
Radom forest similarly works in both classification and regression problems. The RF

works withseveraDTs. Sample selection is random whiemdomize the trees in RBreiman,

2002, Guo et al., 2011 RF employs input data (x), trains it and construct number of DTs (K)
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and averages the resNVhen theK such trees and”Yw  are growth of these trees, the RF

regressiorprediction is:

Q ® -B Yo (5.12)

RF use training dat increase the diversity of the trees by using a procedure called bagging
which creates training data by randomly resampling the data with replacement without making
changes or deletingiiesulting in increasing the model accuracy (Breiman, 2001).

RF is anadvantageous ML method that can be used most of the problems without a long
hyperparameter tuning, without rescaling the d&eeiman, 2001)It is very powerful and

lower chance of overfittingdowever, it gets slower if input data size dgatgher.

5.55 Support Vector Machine

SVM is also a powerful method in both classification and regression probl&psik,
2013) SVM works with the basis of trying to find hyperplanes mdimensional space (p=
number of featuregd classify the featres of the dataigure 5.9 is a simplified example of the
SVM classification technique. The optimum hyperplane is defined by the longest distance from
the sample points which belongs to two different clagbesdashed lines in the Figure 5.9
describeshe margin by touching at least two sample point at one side and touching one sample
point on the other sidi® form a parallel line and the black solid line defining the optininear
hyperplanen the midpoint of these dashed linéSigure 5.9). Thespoints forming the dashed
lines described as support vedtisuhn and Johnson, 2013)

SVM employs a cost functiorCj when the hyperplane determination is difficult due to the
complexity of the input data. The cost function describes asligrance of the violation to these
margins and when the cost function is zero then no violation and the number of cost function
increase the violence to the margins increase.

The SVM utilize kernel function in the case of the #ioear hyperplane by quéfying
the similarity among the data points. Kernel function can be implemented in more complex data
to get higher accuracy in the SVM. The kernel function described by:

Qo T B | v wh (5.13)
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Figure 59 Sketch shows a sample point belong to two classes (circles and squares), the red and
blue lines are the possible separate lines for the classes with the black arrows showing the
distance to the closer feature classes and tlo& bizlid and dashed lines shows the optimum
hyperplane with widest space between the two classes.

where tha) is kernel function computing each training sampland new samplé,f is
intercept parameters ahdis unknown parameters whigtereestimated from the training data
A nonlinear kernelpolynomial kernel, radial basis kernel (gaussian kernel), and hyperbolic
tangent kernel can be utilizéalform nonlinear hyperplane:

Polynomial kernelQo | @O o@ p (5.14)

Radial basisiQw A @®m 6& (5.15)
Hyperbolic tangentQo O AH i @ OAGQ p (5.16)

where thdi performs the width of kernel.
The SVM is also applied in the quantitative détten and Frank, 2002) with similar
procedures that explained above by utilizing an extra error funetian@ kernel functions in

nonlinear data (Erten, 2021).
5.56 Gradient BoostingMachine

Gradient boosting machine can be used in both classification and regression problems. This

method also optimizes the learning processes by minimizing the exponentgaldbsas squared
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error(Friedman et al., 2001By boosting the weak learngBTs), the model makes several
iterations and after eadteration themodelfocus on theestimatesvhich are more difficult to
learnpreviously(Dangeti, 201Y.

This model employs DTs as a weak learner which required to select the tree depth and the
number of iterationsThen, the calculated mean of the response is used for initial prediction at
the first iteration. In this iteration, the predicted and the obderakie is calculated for each
sample. Then, DT is fitted on the difference between the predicted and observed values and each
of the samples are predicted by this fit. The predicted value is enhanced by each iteration of these
processes by adding the et estimation to the previous estimatiortil the prediction reaches
a satisfactory (Erten, 2Q2Hastie et al., 2009)

The most important three parameters in the GBM are the number of DT, depth of the DT
and the learning rate which is between zero@ra The optimum values of these parameters

can be found by using grid and random search algorithms which are explained in thebséction

5.57 AdaBoost

AdaBoost (ADA) or Adaptive Boosting namely is a boosting machine learning model can
be used in bothlassification and regression problems. This algorithm finds the weak learners
and finds a hypothesis with a lower empirical risk, the theoretical explanations of the algorithm
can be found irshalevShwartz anden-David, 2014.

Basically, DTs with one rie and two leaveareemployed by ADA as weak learnerAt
the first iteration, ADA gives equal weights to the predicted samples. Thetepginvolve the
increment of the weights of the weak learners which have higher predictiotodreme lower
prediction errorThese steps are repeated until the prediction error of weak learners gets lower
and reaches the satisfactory.

The ADA isan immensely poerful ML model on relatively larger datasets, and it requires
less hypeiparameter tuning. The most important hyperparameter in the ADA is the number of
trees. However, one could need to be carefully is the overfitting issue as the number of trees

increase
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5.6.Evaluation of ML Models

The performance of the ML modetsevaluated by using the Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), and Coefficient of Determinatiof) (®ich all measure
the differences between the true and the ptedicalue of the test data.

RMSE is the squared root of the variance of the estimated errors which measures the

closeness of the predicted values to the true values in the test datsdetmulated as;

YO YO - a a

(5.17)

whered is the predicted and is the true of théY@values, and is theamountof data.As the
RMSE is closer to the zero, it means that the model is more accurate, and the performance of the
model is better.
MAE is the average of the absolute erdbis an average deviation on a linear line. The
value of the MAE is better as it approashe zerolt is formulated as;
oo i £ (5.18)

Coefficient of determination is the correlation of the predicted and true values d¥itist

and it is formulated as;

RR=p — »p (5.19)

where RSS is sum of squared residuals and the TSS is the total sum of the squarediand the

the mean values of the true data. The value of repRroaches to one, the model prediction is
better. However, if it is too close to one, it may also mean that the model is overfitting. When the
R2value is zero, it means that there is no correlation between the true and the predicted values.
This value &0 gets negative values which means the selected ML model is not appropriate and

even a horizontal line may estimate better.
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CHAPTERG
RESULTS AND DISCUSSION

This chapter provides information about the quality of the implicit model enhanced by
RBF which is performed by indicatériging and validation and comparisons of the resource

models including GT contour.

6.1. 3D Geologic Model

Geologic modeling is aimitial study of this thesis. It isspecially importanio determine
and study the geology of the deposit. After digitizing the geological logs of 392 drillholes, by
using the Leapfrog Geo version 2022.1 software, a 3D visualization of the given dsilhole
shown in Figure 6.1. The regional and the local geology of the deposit is given in the session 3.2.
A general approach during the drilligyto complete the drilling after intersecting with the
mudstone formatioafter the A sand formation (uraniuredring sandstone). As seen in figure
6.1 and 6.2, the base layer is mudstone as an aquitard which is overlain by the A sand deposit
which is bearing main uraniurand this layer is overlain by another mudstone as an aquitard.
The mudstone and sandstoniations continue to the surface with very thin and local coal

seams and clay layers.
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Figure 61 3D image of the drillholes with geology; NA is sample lost.
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Figure 62 3D geological model ahe deposit showing the A sand layer second from the bottom
and the mudstone layers as an aquitard sandwiching the A sand.
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6.2 Estimation DomainM odeling

Estimation domaining is one of the most imporstepsn the resource estimation and
forms theshells of the ore body with respect to geological, mineralogical, alteration and
chemical controls of ore forming processes. However, the roll front uranium deposits are formed
in mostly sandstone which is porousdaenables fluids to transport or conglomerates with the
same reasoi couldform a single geological domain. And the visual determination of sandstone
grain size may not give reliable data especially for the rotary table or RC type drillholes which
can anly provide cuttingassamples. Furthermorethe oxidized and reduced informatida not
form domain because the uranium is not formed uniformly in these domains but formed only
close contacts to the oxideduced boundargxplicit modelinghas not been performed in this
deposit because the current GT contour resource estimation technique is very time consuming
and biasedbecausdts error changes every time it is applied. Building an explicit model from
these GT contours makes it more difiit and more time consumingor these reasons, the A
sand is taken as a base domain and imphodelingby using GT valuearebuilt into that
domain. Overalltheimplicit model within the A sand is considered the grade shell for the

deposit which eraes resource calculatiots occurin it.

6.2.1 DataStatistics

Energy Fuels Inc. has provided 392 drillholes which compi@3 values withto/from
information.The summary statistics are given in Table BHe histogram with the cumulative
percenage plot is shown in Figure 6.3

The histogram of log transformed values shown in figure 6.4 and the log probability plot is
shown in figure 6.5. The GT values are log transferred and the resultant histogram of it is
normally distributed. The probabilityigt of the log transferred values are close to a linear line

and suitable for the further model building in section 6.2.2.
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Table 61 summary statistics of GT values

Mean

Standard Error
Median

Mode

Standard Deviation
Sample Variance
Kurtosis
Skewness

Range

Minimum
Maximum

Sum

Count

Confidence Leve{95.0%)

0.53
0.03
0.21
0.01
0.89
0.80
28.34
4.36
10.15
0.01
10.16
460.48
872.00
0.06
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Figure 63 Histogram of GT values witbumulative percentage plot.
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Figure 65 Log probability plot of GT values.
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6.2.2 Implicit M odeling

In the implicit modelthe GT values were transferred to zero if the GT values were smaller
than cutoff as 0.2 and to one if the GT values were greater than cut@fguge 66) to have a
better variogram model to fit. The variogram models with 20 ft lag distance and sphevael
fits are shown in figure 8. the variogram parameters and the search ellipsoid parameters are
given in table 6.1RBF which is explained in detail in 4.6 is used for grade shell building and
Leapfrog Geo version 2022.1 is used for the grade ahdlthe geostatistical characterization.
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Figure 66 3D plan view of the drillholes with GT>0.2 red circles and GT<0.2 blue circles.
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Figure 67 Variogram models on three direction attmlible spherical model structure with 20 ft
lag distance of the GT<0.2 values. The parameters of the variograms are also given in.the table

Table 62 Variogram model and search parameters. NA: None available.
Ranges Elipsoid direction

Nugget Sil [Major SemiMajorMinor|Dip Azimuth Pitch

Grade she Structure 1 Spherical |0.1213 0.0719| 25 23 37 |90 226 10
Structure 2 Spherical |0.1213 0.03453 84 28 46 |90 226 10

OK, SK | Structure 1 Spherical | 0.459 1 72 13 76 |90 226 10
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Figure 69 The histogram of the grade values of uraniug®d%6 with respect to distance from
the grade shell and the mean values byadist from the grade shell.
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The resultant grade shé€Rigure 6.8}y using Radial Basis Function which is explained in
detail in sectionrt.6. The contact analysis of the grade shell and the grade values is shown in
figure 6.9.The mean values dramatically decrease under theftwthich is 0.03 LBO8 %
outside of the grade shell and it shows that the grade shell is suitable for boeyre

6.3 Resource Estimation

The grade shell study fsllowed by the determination of the block (5 x 5 x 5 ft) grades by
using SimpleKriging (SK), OrdinaryKriging (OK), k-Nearest Neighboik(-NN) and Random
Forest (RF) methods. These estimators heen selected because the SK and theaf@khe
most applied, unbiased estimator andkhEN and the RF is applied for the first time in this
thesis,and they are the most accuratedels among the specifiedachine learningnodels
with the R=0.78 andR?=0.70 respectivelyA density of 16.5 fshort tone is employed in the
resource calculation which is used in the GT resource calculation a3 hetletailed density
measurements and the calculations are given by Malensek et al. (2022). All the uranium grades
are Og percent. The conversion of the uranium grades from gamma radiation units to uranium
percentage is given in (Malensek et 2022).Maximum 20 and minimum 4 samples and

maximum number of samples per hole is 1 were taken in this OK and SK resource estimation.

6.31 SimpleKriging

SimpleKriging is mostly applied estimator to mineral resource estimatiba.variogram
and search ellipsdiparameters are given in the Table 6.1 and Figure BtiEOsummary
statistics and the histogram ofibelovhn A30b| ock 6s
general view of the simpl€riging block model is given in the figure 10ne of thehandicag
of this estimator is the mean value which is calculatedlfdhe blocls and resulting in the

smoothing lower and higher values which can be visually detectable in the figdwre 6.1
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Figure 610 Variogram models othree direction and single spherical model structure with 20 ft
lag distance of the 1ft composited@4 % values. The parameters of the variograms are also
given in the table 6.1.
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Figure 611 Histogram of block8grades estimted by SK and the summary statistics.
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Figure 612 3D Block model with 5 x 5 x 5 ft dimension blocks and the blégkades are
estimated by SimplKriging and the blue blocks are below th#off grade within the grade
shell.
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Figure 613 Cross section showing block grades estimated by SK and drillholes (black lines) and
uranium intersections (solid barrels).

6.3.2 Ordinary Kriging

OrdinaryKriging is one of the estimators thatase of the most applied resource
estimation. This method calculat@ new mean from the samples that falls thisearch
ellipsoid for every blockThis feature of the OK enables locally estimation of the bipakles
and can better estimate the locally uranium enrichnweliish can be detectable in figure 6.1
the variogram and the search parameters of the OK is given in the table 6.1 and figure 6.10
above.The summary statistics and the histogram of the doalles are given in the figure 8.1
below.A 3D general view of th©rdinaryKriging block model is given in figure 65land an

example of visual validation of the blocks is given in the figure.6.16

Block Count 101338

Volume 12667250
Mean 0.06

SD 0.07

CV 1.20
Variance 0.005
Minimum 0.0009
Q1 0.001

Q2 0.038

Q3 0.082
Maximum 0.63

Volume (millions)

0
|
|

U,0, %

Figure 614 Histogramofb o c k 6 s g r a d @kKancetlse tsummary setstice. y
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Figure 615 3D Block model with 5 x 5 x 5 ft dimension blocks and the blocks grades are
shell.
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Figure 616 Cross section showing block gradesimated by OK and drillholes (black lines) and
uranium intersections (solid barrels).
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6.3.3 k -Nearest Neighbor

k -NN is a machine learning model that is applied to classification and regression problems
and this method is first applied twanium resource estimation in this thesis. This model gives
R?=0.792, RMSE=.0216, and MAE=.0048 with the 1 ft composited 4Ds % values within the
A sand domainThe predictiongor bothk-NN and RFare made on the 5 x 5 x 5 ft grids
(465,948 pointsin the A sand domain that is shown in the figure/6Hyperparameters of the
selected machine learning models are given in the tabl&l@e8, these predictions are assigned
to the blocks within the grade shell.simmary statistiand the histogram of tHdock grades
are given in the figure 68lbelow. The general 3D view of the block gradegiven in the figure
6.19. A visual validation of block grades and the drillhole uranium intersections and their grades
are given in figure @0 which shows a closassociation between.

Table 63 Hyperparameters of the selected machine learning models.

ML models Hyper-parameters Values
k-NN n_neighbors 2
DT max_depth 10
LR NA NA
RF n_estimators 500
ADA n_estimators 500
learning_rate 0.075
GBM n_estimators 4
max_dept 50
SVR < , 10
epsilon 0.1
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Figure 617 The 3D prediction points (5 x 5 x 5) in the A sand domain.
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Figure 619 3D Block model with 5 x 5 x 5 ft dimension blocks and the blocks grades are
estimated bk -NN machine learning method and the blue blaksbelow the cutoff grade
within the grade shell.

Figure 620 Cross section showing block grades estimateki4N and drillholes (black lines)
and uranium intersections (solid barrels).
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6.3.4 Random Forest

Random fores is the machine learning model that applied to the both classification and the

regression of problem#n this thesis it is applied to uranium resource estimation for the first
time. This model giveR?=0.751, RMSE=0.0236, and MAE=0.0077 wiltetl ft composited
U30s % values withing the A sand domain. The predictions for keliN and RF are made on
the 5 x 5 x 5 ft grids (465,948 points) in the A sand domain that is shown in the figlire 6.1
Then, these predictions are assigned to the bletki the grade shell. A summary statistic and

the histogram of the block grades are given in the fig@®l&low. The general 3D view of the

block gradess given in the figure @2. A visual block validation is given in the figure 8.Z'he

probabilistic approach of the Rffgorithm smooths thgradesand the validatioms a poor
relative tok -NN and OK estimators.
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Volume 12663367
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Figure 621Hi st ogram of bl ockds grades
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Figure 622 3D Block model with 5 x 5 x 5 ft dimension blocks and the blocks grades are
estimated by Random Forest machine learning method and the blue blocks are below the cutoff
grade within the grade shell.

Figure 623 Cross section showing block grades estimated by RF and drillholes (black lines) and
uranium intersections (solid barrels).

64 Grade Thickness Resource

GT model has been applied to uranium resource estimation for more tiiaar60n the
industry. It is simply multiplication of grade and the thickness (GT) of the uranium intersections.
Then, the resource geologist contours these GTs and forms an influence area by interpreting the

geology of the uranium formation which is exipled in 3.4The width of these contouistaken
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7-9 ft. Then, by multiplying the area, average GT and the density factor which is 1.17 in this
deposit results in adDs Ibs. resource. Figure 6.24 shows the interpretation of GT contours at
zone 60 which is approximately 80 ft deep from the t@egree SE dipping A sand, light
yellow contours are provided by Energy Fuels Inc. and the colored contours are interpreted
within this study by considering the 3D below and the above zones. As seen in the figure 6.24,
the GT contours can be interpreted differently and may give different resources. This method
requires lots of field experiences.

Figure 6.25 shows the zone 60 GT contateripretations, the rest of the GT interpretation

zones are given in the Appendix A and the uranium resource is given in the table 6.4.
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Figure 624 GT 2D interpretation example of zone 60 showing; circles as white cololesmal
than GT 0.2 and green color GT betweer@Z2, yellow color GT 0.8, orange color GT-2
and the red color is GT bigger than 2. The hgéllow color with black contours representing
the GT is 0.2, 0.5, 1 and 2 were provided by Energy Fuels Inawihenake shaped contour
with the same GT circle colors represent the same array with the GT circles.
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Figure 625 The 2D GT interpretation map at zone 60. The white circles represent the GT values
smaller than 0.2 and the@anation of the other colors were given in the legend of the map. The
interpretation maps of other zones are given in the Appendix A.

6.5 Resource Comparison

Validation and comparison of theur-resourcenodel have been performed visually on the
cross sections, by swath plot (Figure 6.26) and by grade tonnage plot (Figur&/is124).
validation of cross sections is discussed and shown in 6.3. The swat plot (Figure 6.26) suggests
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that thek -NN and OK malel isremarkably similain terms of average grade by distance and
follows a closepattern. The overall and the zone 60 resource of these two models are relatively
closer than the other two models to the provided resource data. Sintiladyade tonnag

curves (Figure 6.27) of OK arkdNN models argemarkably closéo each other.
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Figure 626 Swath plot of OK, SKk -NN and RF resources.
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Figure 627 Grade tonnage curves of foigsource estimation models.

A visual comparison of the block grades with the Enérgy e 20rse ®0 GT contour model
is given in the figure 6.2& common feature of these four models is they are spatially
associated with the GT model. The OK model (Figu28 B) and thé& -NN model (6.28 C) are
better in representing the locally enriched grades and more likely to represent the GT interpreted
areas. However, this comparison does not fully represent a perfect comparison since the overlay
of 2D and the 3D zte 60 is relatively performed. For example, the left and right wing of the GT
model do not overlay with the 3D zone 60, however at zone 70, the GT model spatially associate
with the 3D model as well.

The tonnagand gradeomparisorof mineral resource @émates defined iterms of Ibsof
uraniumat zone 6Ghow that OK and#t -NN results are within th26% and 39% respectivelyf
the GT results.

One of the good comparisons between GT method and OK-&d would be on the
overall grade and tonnage comparison (Table 6.4) defined in terms of total Ibs. of uranium for
the area of study. The comparison based on total uranium contained in all thetzonehat
OK andk -NN results are within the 4 % and 1 % respectively of the GT results.
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Figure 628 Resource comparison at zone 60-@&0ft below the top of A sand, dipping 10° SE,
10 ft interval horizontal cross seatip with transparent black colored Energyu e P 6
interpretation and A) Simpleriging, B) OrdinaryKriging, C)k-NN model and DRandom Forest
model.

Table 64 Resourceestimation comparison with respect to uranium tonnages at zone 60 and
overall deposit. Energy u eé¢ stdi mat i o nResofrdedaéesn Ib&Ug)*In-situ
resource of EFs by GT contouring method

Methods Models Zone 60 Overall
o OK 142,799 874,350
Geostatistics
SK 152,602 1,151,893
GT GT (This thesis) 72,029 424,335
) , k -NN 158,225 902,685
Machine Learning
RF 74,096 420,406
GT EF's GT 151,010* 910,666*
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CHAPTER 7
CONCLUSION

7.1 Statement of Contributions

This thesis enables to understand how the GT contour model in uranium resource

estimation is difficult to perform, require lots of field experience, requires lots of time and effort

to build, and it may give different resource every time when it is applied

Additionally, this thesis has analyzed the RBF as to constrgicide shelto define
mineralized domain in 3fbr roll front uranium deposits which specially associates with the
uranium rolls interpreted by the GT contour methods.

Among the selected machine learning modelsktNN has a Rof 0.79 and RF has &R
of 0.75 in model training stage.

In-situ Resource Estimation performedksNN and OK is 1%, 4% respectively different
than insitu GTcontouringresourcevhich is used by the Energy Fuels Inc. in Nichols Ranch
uranium deposit.

The geospatial estimates of the OK andkhedN models valilates the drillhole
intersections and the resultingsource isemarkably closéo the recoverable resource and the
actual uranium production.

This methodology involving the grade shell construction and the grade estimation of the
blocks isquite easycen be performed imoticeably shortime, gives the same result every time
it is applied with the same data, does not require lots of field experience relative to the GT

contour method.

7.2 Future Work

A better grade estimation of the blocks carpbdormed with more accurate ML models
or a single super learner model. As the application of the artificial intelligence dramatically

increase the other members of the Al can be applied such as deep learning and reinforcement

learning.
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The methods and met$ applied in this thesis should &ealuatedogether with the GT
contourmethods in the current4gsitu leaching operations. Then, when the accuracy of the model
is tested this methods and models can be directly utilized for the future roll frontnaraniu
operation which will save time, would give more accurate result both in initial reporting and later

production stages.
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GT CONTOUR MAPS
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Figure A.2 Zone 70.

82



1368500 1369000
1 1
W1A-028
I N:A oN1A- Gglzm il  UO7N-105
N1ADY [N1A-087 SNIB013 N
N18-008
.L\I1A-(.)07 .N1A-096 N1A 03";1A—108 .N1B-014
N1A-001N1A-037 N1A-051 N1A%031
. «U07N-066° N1 A-l25 N1B-007
N1A-004 g
i 0 JN1A-054 N1A-09
N1A»017 N1A.065N1A-082 o .N1B—017
N.1Ab86 7N-092N1A- 5o NI{V00INIB-025, o
e -015 N1A- oezN‘B 2028
uo7r;1-ose A °7; * N1B-012N1B-032
N1R-049 e N1B-020
12039 N1 A_g42N1A—083 *N1A.00sN1B-008 B-0 N1B-024
'.N1A-040U07N;112 N.1A-°°6N1B -
* wmmzﬂm%@mmommm4' MBMNm%1
S * N1A%085 : NTA-079  ° W
(= - = & 5 &
2 | ooy SN1A099 , SMUN-01-1 MM@WMmWWMN%‘ N1B-085
w N o e N1B-D45aN1B-0 -
g > (U 0 qB. 07§N1B-084
® =
L @& 'Q .@\, nma -078
N1A-0Z 100 6 3 13091
( & 112 (1B- &9N1B O@,ﬂs 040® / B-088
N1B-OT5 & éb
Ci 6N 1B-06g b‘ —
B022N18-0%% N1B- 043“‘B e sl oNdB-099
*NiB-ods' 1Be 400
<__N1A%70 18023 N1B- N1B-016 el R o
o *U36.06004"U36-08-003  N1B-052N] ESUO®M 15-101N18-102N18-103
U36_o7_00;U3 N1B+079818-08 9 2 K nan,
0 U36—08-001 e 1B-09%
NeC- 00%N1c 004 -009N1C-017
Y3e-17-300  U3IT-S0INIC-005\uN'Ss  UBTN-028 ' (e NGO ¢ Nicord
e MPN%03 6-N278 In1co19
N1C-01
U36-17-302 o s.r;nc-oao JN1C- odge) O | 013
U36-17-301 o o N9C-021 UBe7-440 65 1C-025
* N1C%02°¢ o 1C-012 N4C-028
U36-17-381e e -
. . UO7N-046N"% A°) ; O
N 4
e U36-17-384N C-045-1e 1c-04 Wﬂ 030
2 U36-17:382N4C-051 -
% U36-17-405N%C-045N1C-052 N e
L use- 17406"”C'°33 N1C- 035 £y -050
Legend , (yic-026
€e CC-40 U36-17404U36.N-27¢ N1C-057 -031_ 85
¢ N1C-059-11C-059.0 o, Nich JN1C-058
I 780 GT 0,2-0.5 N
U.36 12 38§U07N -177
:l 780_GT_0,5-1 U36-17-342
U36-17-377 UO7N-197
B zs0 GT 12 e e U317-379
- GT 2-20 . U36-17-322
780 -
T U36-17-384 <J36-17-307
0 50 100 200 ft
T
T T
1368500 1369000

Figure A.2 Zone 80.
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Figure A.2 Zone 90.
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