
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

RESOURCE ESTIMATION OF ROLL FRONT URANIUM DEPOSITS BY USING 

TRADITIONAL  AND MACHINE LEARNING METHODS FOR  

NICHOLS RANCH URANIUM DEPOSIT IN WYOMING  

 

 

 

 

 

 

 

 

 

 

 

 

by 

Arif Aydar 



ii  

 

A thesis submitted to the Faculty and the Board of Trustees of the Colorado School of 

Mines in partial fulfilment of the requirements for the degree of Master of Science  

(Mining and Earth Systems Engineering). 

 

 

Golden, Colorado 

Date _____________________ 

 

 

Signed: _______________________ 

Arif Aydar 

 

 

Signed: _______________________ 

Dr. Kadri Dagdelen 

Thesis Advisor 

 

Golden, Colorado 

Date _____________________ 

 

 

Signed: _______________________ 

Dr. M. Stephen Enders 

Professor and Head Department  

of Mining Engineering 

 

  



iii  

 

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 model. Grade - Thickness (GT) contour 

method is one of the most applied resource estimation techniques in roll-front uranium deposits. 

However, explicit modeling and GT contouring by using the GT information extracted by drill 

holes is exceedingly difficult, time consuming and inconsistent. This thesis studies a domain 

modeling of roll front uranium mineralization using the GT values within the radial basis 

function (RBF) aided implicit modeling framework and compares the spatial associations of the 

RBF determined domain of mineralization to the domains obtained by GT contours. Then, the 

block grades within the domain of mineralization are estimated by using Kriging and selected 

machine learning models to compare their spatial associations and overall, in-situ tons and grade 

estimates with each other and GT contours.  

The domain of mineralization modelled by RBF appears to spatially correlate well with the 

domain of mineralization obtained by GT contours. The performance of the selected machine 

learning models was quite good with k -NN having values of R2=0.792, RMSE=0.0216, and 

MAE=0.0048 and the random forest with R2=0.751, RMSE=0.0236, and MAE=0.0077. A visual 

validation of these models, swath plots, grade tonnage curves suggests that the k -NN and 

Ordinary Kriging (OK) results are remarkably close to each other perfectly aligning with the 

drillhole intersections in terms of grades while random forest (RF) estimates show significant 

deviations of higher grades from the other methods and the supporting drill hole information. For 

final comparisons, it was observed, in the study area that the difference between GT in-situ 

resource estimates and OK and k -NN results were approximately 4% and 1% respectively.   
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CHAPTER 1 

INTRODUCTION 

 

Resource estimation is an initial step of ore deposit. Estimation has been performed by 

using such traditional methods; polygonal, nearest neighbor, and inverse distance weighting 

which have been used for a century (Popoff, 1966; Knudsen, 1990; Isaak and Srivastava, 1989; 

Rossi and Deutsch, 2013). High errors and high standard deviation of real ore grades from 

estimates provided the incentive to invent Kriging methods to estimate the ore grade and overall 

resource with lower error and lover standard deviation from real grades as monitored during ore 

production. A number of Kriging sub-class have been developed and applied to resource 

estimation depending on geologic properties of a given deposit and the intensity of information 

available (Rossi and Deutsch, 2013; Isaak and Srivastava, 1989) which are namely: probability 

Kriging (Verly and Sullivan, 1985), ordinary Kriging (Matheron 1962, 1963a, 1963b), uniform 

conditioning (Rivoirard, 1994; Humphreys, 1998), and non-linear Kriging including, Gaussian 

based (Matheron, 1976, Armstrong and Matheron, 1986a, 1986b), indicator Kriging (Journel, 

1982, 1988), and log-normal Kriging (Dowd, 1982).  

The most common geostatistical method applied to resource estimate is ordinary Kriging 

(OK) although the different variants become popular recently (Rossi and Deutsch, 2013). It is 

applied to almost all mineral deposit types and has been compared with the actual mining 

grades.by many authors. The most common issue for the OK method is its smoothing effect 

which does not honor actual grade boundaries (Lloyd and Atkinson, 2000; Abzalov and 

Humphreys, 2002; Hassan and Boamah, 2015). The method of indicator Kriging (IK) has been 

applied to several mineral deposits has provided better estimates than ordinary Kriging (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 crescent shape of the ore body. The 

variogram is an essential element of a geostatistics as it measures the dependence or spatial 

correlation between variables in a deposit Knudsen and Kim., (1979). To measure these 

dependences and correlation Knudsen and Kim., (1979) studied the development of variogram 

models for the thickness and grade thickness (GT) product. The resulting experimental 

variograms were modeled by theoretical spherical models. The methods employed by Knudsen 
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and Kim are time consuming and require considerable professional experience. Machine learning 

models have successfully been used to produce high quality resource estimations of many 

commodities other than roll front uranium deposits. This thesis studies whether machine learning 

models can be successful in estimating roll front uranium deposit resources as well. 

The aim   of this thesis will be to compare the results coming from one of the most used 

resource estimation methods known as GT contouring in roll front uranium deposits to the 

estimates determined by Kriging and machine learning models performed within a domain of 

mineralization   defined by radial basis function (RBF) aided implicit modeling on a case study 

of Nichols Ranch Uranium deposit, Wyoming.  

 

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 contamination which forms 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 economic uranium 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 impermeable rock layer such as shale. When the uranium rich fluid contact with the 

reducing environment such as carbon or sulfide bearing rock units, uranium then precipitates as 

Uraninite/Pitchblende U3O8 (Dahlkamp 1993). This specific formation type of uranium 

geometrically represents a crescent shape on the cross section (Figure 2.1), and it can also form 

as folded orebody structures.  

Resource estimation of the specified ore bodies (roll fronts) are exceedingly difficult since 

they do not present as uniformly formed vein or stratified deposits. There are many authors who 

reports the advantages of using the geostatistical approaches in the uranium resource estimation. 

Geostatistics can be adapted to use the GT contouring method which is highly utilized for roll 

front uranium deposits by the uranium industryôs technical reports. In the case study of Nichols 

Ranch ISR mine presented in this thesis, the GT contouring method produces a very acceptable 
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results to predict recovered uranium. However, uranium recovery of 75 %, resource calculations 

using the GT method requires lots of time and lots of field experience. It also may produce 

inconsistent results due to the interpretation and hand drawings of the contours on the 2D maps. 

This thesis proposes to compare the in-situ uranium resource estimates determined by 

geostatistics and machine learning with the GT method. The benefit of machine learning 

techniques is that the methodology is more efficient than the traditional techniques. It also 

benefits from not requiring lots of field experience to interpret the rolls, does not require lots of 

time and it gives a consistent result with the same data. 

 

1.2 Thesis Objectives 

 

The primary objective of this thesis is to propose a comparative analysis of Machine 

Learning with the traditional resource estimation techniques at the Nichols Ranch roll-front 

uranium deposit located in Wyoming. Its further purposes to document that it is a better resource 

estimation technique than the GT contouring technique currently used. 

Following are the goals set to achieve the objectives of the thesis: 

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

uranium deposit. 

- Generating three-dimensional models with respect to the methodology. 

- Uranium resource estimation of these models. 

- Comparison of the estimates and determining 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: 

Á Chapter 1 introduces the role of mine planning in the mining industry. It addresses this 

thesisô scope of work, methodology and objectives, as well as the outline and mining 

method of the Nichols Ranch uranium deposit. 

Á Chapter 2 gives a brief background along with the literature review of the traditional 

resource estimation techniques and the machine learning techniques.  
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Á Chapter 3 explain the regional and local geology and depositional environment of uranium 

to further understand the geology and formation conditions of the roll front uranium 

deposits. 

Á Chapter 4 presents a general geostatistical tool that is used in the resource estimation 

studies.  

Á Chapter 5 explains the selected machine learning models in detail. 

Á Chapter 6 presents the results involving the resource estimation of the deposit performed 

by simple Kriging, ordinary Kriging, k -NN, random forest and GT contour method. 

Á Chapter 7 Address the conclusions involving the statement of contribution and future study 

and recommendations. 

 

1.4 Methodology 

 

The deposit selected for this study is the Nichols 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 processing facility and Uranium oxide (U3O8) product which also called 

óyellow cakeô is produced.  

The resource modeling has been performed on 392 drillholes with approximately 100x100 

spacing which drilled by rotary method. Downhole geophysical measurements including gamma 

logging and resistivity at every 50 inches have been conducted by Energy Fuels Inc. which 

provided the data to this research. The unit of gamma measurements is counts per seconds (CPS) 

which enables to calculate an equivalent U3O8 grade in percent (% eU3O8). The grades with a 

grade cut-off 0.02 % eU3O8 was multiplied by thicknesses which equal to grade-thickness (GT) 

with 0.2 cut-off. Uranium bearing sandstone formation covered by mudstone is horizontal to 

surface and 100 feet in thickness has been divided into 10 zones of approximately each 10 feet 

thickness. The Esriôs ArcGIS and Leapfrog software have been utilized to map orebodies at 

zones and develop resource models. 

Firstly, the GT values at each zone have been mapped by connecting the same range of 

GTs with 7-9 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 
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which means that the orebody is being thicker and thinner at lower GT values. The average GT 

of the contoured polygons calculates the resource is multiplied by the polygon area and density 

factor of 1.17 which results in lbs. of U3O8. 

Another method used in the resource estimation involves two steps which are firstly 

constructing a grade shell by using Radial Basis Function (RBF) to establish the domain of 

mineralization which is explained in detail in section 4.6 and then estimating the 5 x 5 x 5 ft 

block grades within the grade shell representing the domain of mineralization. These estimators 

are simple Kriging, ordinary Kriging as traditional geostatistical estimators, and k -NN and 

random forest as 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 southwest of Gillette, Wyoming, and 80 

miles northeast of Casper, Wyoming (Figure 1.1). Nichols Ranch is in the 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 been used.  

 

 

Figure 1.1 Location map of Nichols Ranch project (Malensek, et al. 2022).   
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Figure 1.2 Nichols Ranch in-situ 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 acid leaching and recovery (ISR) technique is used 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 fluids and dissolves by 

the mixing of reducing environments which contains sulfide and carbonaceous materials. The 

deposition environment of the uranium (sandstone) forms a natural porous media which is 

providing a perfect leaching environment without touching it. The 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 uranium-bearing solution pumped back to the processing plant by using 

the recovery wells (Malensek, et al. 2022). The 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 carbon 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 processing plant where the uranium is trapped 
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from the solution by an ion-exchange process, (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 percentage is waste and disposed into the deep 

injection wells within exempted aquifers, (4) The recovered uranium from the ion-exchange 

process is further concentrated and dried to have a final material, which is called "yellowcake" 

because of its yellowish color, (5) Then the yellowcake is packed in 55-gallon barrels and 

transported to the uranium conversion facility where it is processed through the nuclear fuel 

cycle (Malensek, et al. 2022).   

 

 

Figure 1.3 Nichols Ranch in-situ leaching method (Malensek, et al. 2022).   
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1.5.1 Estimating Reserves in Nichols Ranch IN Situ Uranium Mine  

 

The ISR method as explained in the section 5.6, it requires to detail characterization of the 

porosity and hydrogeological properties of the uranium bearing sandstone (A sand) layer which 

affects the life of mine (LOM). Malensek, 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 underlain and 

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 varies from 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 with an 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 hydrogeologic properties 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 does not aim to calculate the mineral 

reserves of the deposit. 
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Figure 1.4 A map showing wells (black circles), 2D GT contour resource at a single zone 

(averagely 10 ft thickness), polygons representing a reserve area of the recovery wells which are 

located at the center of polygons and the injection wells located at the corners of the polygons. 
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CHAPTER 2 

LITERATURE REVIEW 

 

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

Kriging estimation and machine learning estimations.  

 

2.1 Geostatistical Mineral Resource Estimation Techniques 

 

The depositional modeling of the roll fronts for resource estimation has been historically 

incredibly challenging. Due to complex shape of the deposition, variogram modeling, the 

resource estimation is problematic. As seen in Figure 2.1, uranium is deposited in many roll-

fronts and sub rolls of it. Knudsen 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 (equation 2.1). 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 has utilized linear variogram after applying a 

relative variogram formula to the experimental variogram. Marbeau and Brunt (1991) have 

studied the North Buttle uranium deposit which is in the Pumpkin Butte Uranium District of the 

Powder River Basin. 
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Figure 2.1 Underground mine face view of a roll-front uranium (pitchblende) and sub-roll 

underneath, square bolt is 1 ft. La Sal Mine, Utah. (Courtesy of Travis Boam, Energy Fuels Inc.). 

 

2.3 Kriging  Estimation 

 

Kriging estimator has been used to determine the spatial variability of samples by using 

variogram and covariance and estimates the sample in an unknow location. Kriging is known to 

be the best linear unbiased estimator by minimizing the error variance which is calculated by the 

squared error between the true and the estimated value of a sample (Isaaks 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. 

Syaeful, (2018) has applied the Kriging method besides inverse distance weight to the 

Rabau Hulu sector uranium deposit in Indonesia. In the same deposit, Ciputra et al. (2020) has 

reported a resource modelled by ordinary Kriging. However, quartzite unit has been used as a 

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

Kriging estimation variance, block error estimation, Kriging efficiency and slope of regression, 

classification of mineral reserves can be performed. Their study has been performed in the 

Khohoumi uranium deposit in Iran, however, the geology and the mineral deposition in the paper 

is poorly discussed. Additionally, Yun et al. (2020) has reported the advantages of using ordinary 

Kriging in uranium deposits in Changpai, Yangtze River uranium ore field, China. However, the 

reported ore deposit is hosted in a fault zone unlikely to roll fronts. 

A truncated gaussian simulation (TGS) 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 uranium deposits. 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 be 

simultaneously obtained by a normalized underlying GFR by thresholding it.  

 

2.3 Machine Learning Estimation 

 

Machine Learning algorithms have become extremely popular in 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 been reported.  

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 methodology which involves a buffer distance 

from known sample locations and compared the results with the Kriging estimators and 

concluded that the RF and the Kriging gives such a close result depending on the data quality. 

Jafrasteh et al. (2018), has proposed a good RF, multi-layered perceptron (MLP), and Gaussian 

process (GPR) performance in terms of MSE compared to indicator and ordinary Kriging 

methods in copper grade estimations in porphyry deposit. Sarantsatsral et al. (2021) has studied 

the RF classification of rock type and reported that RF gives better accuracy with larger training 

data. Erten, 2021 proposed a super learner (SL) model combining with Kriging and ML models 
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including RF and suggested that the SL model gives better performance than the Kriging for the 

far distance samples. 

Kaplan and Topal, (2020) proposed a combined ML model involving k -NN and artificial 

neural networks (ANN) in a gold grade estimation. Prior to the grade estimation the rock type 

and alteration has been predicted by k -NN classification model and then the gold grades have 

been estimated which result in R2=0.528.  

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 and R-squared in a 

seafloor hydrothermal sulfide deposit. Li et al., (2013) proposed an optimization of 

hyperparameters technique called self-adaptive learning-based particle swarm optimization for 

SVM which showed better performance than ANN in porphyry copper deposits.  
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CHAPTER 3 

GEOLOGY OF THE DEPOSIT 

 

This chapter provides a detailed explanation regarding exploration, history, geology, and 

mineralization of the Nichols Ranch ISR (In-Situ Recovery) project. Understanding the geology 

and mineralization of the RFU (Roll Front Uranium) deposit maintains importance on estimating 

the resource and further exploration. 

 

3.1 Exploration History  

 

USGS (United States Geological Survey) have recommended eight areas for uranium 

bearing lignite and volcanic tuffs and conducted an airborne radiometric reconnaissance in 

October 1950. J. D. Love has discovered a uranium mineralization which was spatially 

associated with one of these surveys in the Pumpkin Buttes districts in the Wasatch Formation 

(lover Eocene) on the southern side of the North Pumpkin Butte in the west-central portion of the 

Powder River Basin on October 1951 (Love, 1970). Love has grabbed six samples from various 

sections of the roll in sandstone which exhibits yellow and black highly radioactive minerals 

assayed as 15.14 percent uranium. CCI (Cleveland-Cliffs Iron Company) conducted 46 

exploration drillholes, drilled another 150 holes and installed 3 water wells between 1960s and 

1980s. After CCI, Texas Eastern Nuclear Inc. and Rio Algom have performed drilling between 

1985 and 1990s. Uranerz Energy conducted 253 exploration holes, 105 monitor wells, and 740 

production wells between 2006 and 2015). Then, Nichols Ranch ISR operation began on April 

15, 2014 (Malensek, et al. 2022).   

 

3.2. Regional Geology 

 

Powder river basin host several coal, oil, and uranium deposits, located as an elongate, 

north-northwest trending and covering 19500 mi2 and sub-parallel to the Rock Mountain trend. 

This basin surrounded by the Hartville Uplift and Laramie range on the south, Black hills on the 

east, Bighorn mountains and Casper arch on the west, and Miles city arch in southeastern 

Montana on the North.  
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The powder river basin forms a broad asymmetric syncline with slightly westward dipping 

and steeply eastward dipping along the western flank (Figure 8). The basin consists of 15000 ft 

thick sedimentary sequence over a Precambrian igneous and metamorphic basement rock (Figure 

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 (Figure 3.1 and 3.3). The lower Fort Union Formation characterized by 

secondary fine-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 deposit in late Paleocene 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 Formation that is 60 to 75 m in thickness 

(Figure 3.1 and 3.3). Miocene and Pliocene portion of White River sediments 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 characterized by fluvial, 

poorly sorted, coarse grained, arkosic sandstone forming lenticular and wedge-shaped geometries 

which reaches 900 m in thickness and crops out at the margins of the Powder River Basin. 

Wasatch Formation of which characterized by coarse to fine grained arkosic 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 meters to 60 m and interbedded with claystone or 

siltstone which ranges in thickness of 30 to 60 m (Dahlkamp, 2010).  
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Figure 3.1 Regional geologic map of the project (modified from Maesek, et al, 2022; reference 

therein). 

 

Figure 3.2 Cross section of the regional geology (modified from Maesek, et al, 2022; reference 

therein). 
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Figure 3.3 Columnar sections A) Regional stratigraphic section, B) Stratigraphic section in the 

Nichols Ranch area. Red boxes indicate the uranium bearing sand layers in the Nichols Ranch 

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

 

Eocene Wasatch Formation covers the surface of the Nichols ranch project 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 lignite seams. Figure 3.3 shows these sand layers named as 1 and 2 sands, óAô 

sand (main U production), óBô sand, óFô sand (U production), óCô sand and aquitards. óAô sand is 

located at the middle layers of the Wasatch Formation at an approximate depth of 200 ft to 700 ft 

from the surface. The thickness of the A sand ranges from 50 ft to 110 ft. The further subdivision 

of óAô sand is shown in figure 10 subdivided into 10 zones from zone 10 on top to zone 100 at 

the bottom most also described with colors (Figure 3.4). These zones are utilized for 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 meander streams 

form intensive cuts and fills which is called point bar accumulation characterized by the grain 

size fining upwards (Visher, 1972). The óAô sand in the Nichols Ranch area comprise three to 

four stacked meander belts and their thickness range from 5 ft to 30 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 

carbonaceous debris, 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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Figure 3.4 Subdivision of óAô sand. Lignite layer at the bottom helps to correlate the radiometry 

(left) and resistivity (right) logs. Solid black peaks represent the Uranium mineralization 

(Malensek, et al. 2022). 

 

3.4. Mineral Deposition 

 

Ore forming processes of uranium is explained as oxygenated ground water enriched in 

uranium can be dissolved from the Precambrian granitic massifs and tuffaceous White River 

Formation, encounter a reducing environment which host pyrite and carbonaceous material, the 

fertile solution reach equilibrium (Dahlkamp, 2010). The redox/roll front is formed between 

oxidized up dip part and reduced downdip part of the host sandstone formation. In the Nichols 

Ranch the ore forms two wings (eastern and western) and nose where the two wings join at the 

north. The sandstone among the two wings and nose is oxidized and the exterior of them is 

reduced.  
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Other factors affecting the mineralization of the uranium is solution fertility of amount of 

uranium content in the solution, hydrodynamic factors, and reduction potentials of the aquifer. In 

the Nichols Ranch, the uranium is lower grade and wider deposit where the reducing pyrite and 

carbonaceous materials are small amount of dilute in the unaltered host rock, the uranium is high 

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 eq. % U, 1 ft to 18 

ft thick and 49 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 coffinite that coats sand grains (Dahlkamp, 2010).  
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CHAPTER 4 

GEOSTATISTICAL CHARACTERIZATION 

 

Geostatistical methods are widely utilized in mineral resource estimation for all kind of ore 

type, and it was reported to work better than most of the non-geostatistical methods. 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 validation. In this chapter background of the 

geostatistical estimation will be summarized to express the advantages and drawbacks of this 

method. 

 

4. 1 Data Validation 

 

Data validation is the first and the most important step of mineral resource estimation, In 

recent years there have been several reporting standards (NI-43-101, JORC) requiring some 

standard operations including topographic and downhole surveys, sample preparation standards 

and laboratory analysis standards and quality assurance and quality control samples reported by 

accredited laboratories. Additionally, resource modeling software such as Leapfrog and 

Minesigth have their own data validation procedure by correlating the collar, survey, assay, and 

geology intervals. In the Nichols Ranch, every drillhole exposed to downhole and radiometric 

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, oxidation etc. A resource model without considering geological features 

is poor (Rossi and Deutsch, 2013). 

There are several ways to gather geological information such as drillhole logs, surface and 

underground mapping, surface and drillhole geophysical surveys etc. This information is utilized 

for constructing 3D domains and a geological, geotechnical, geometallurgical domains. With the 
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improvement of technology and such relevant software used in mining industry helps to handle 

large amount of data in shorter time.  

Stationary refers the characteristics of random function (Isaaks & Srivastava, 1989) and it 

is more related to the random function rather than the true values. Stationary requires the mean 

and the covariance to be constant for the geostatistical determinations which is called second 

order stationary. A random function is a second order stationary since the mean is constant 

throughout the domain and the covariance function for the random variable pairs relying on the 

distance between the domain and the data without considering the true locations (Isaaks and 

Srivastava, 1989). Intrinsic stationary hypothesis claimed by (Matheron, 1963b) suggests that it 

considers the increments of the function such as variation of the grades rather than that of the 

function such as grade and this hypothesis weakens th second order stationary. 

 

4.3. Drilhole Compositing 

 

Compositing is a major step of resource estimation to regularize the sample support by 

defining a constant sample interval. It can be downgraded if the sample size is larger than the 

block interval or commonly upgraded when the sample interval is smaller than the block size. In 

an open pit mining operation, the composite length can be equal to bench height or in an 

underground mining operation the length selection depends on the mining operation. The 

composite is most generally calculated by weighted average of sample intervals (Rossi and 

Deutsch, 2013). 

 

4. 2 Data Declustering 

 

In mineral resource exploration, the drillholes are planned to the target locations to reduce 

cost, intersect mineralization as quickly as possible and enhance the resource. As a result of that 

the direct statistical applications are not representative for the entire deposit. To overcome this 

issue, data declustering with polygonal, nearest-neighbor and cell declustering techniques by 

assigning new weight with respect to the closeness of its nearby samples (Pyrcz and Deutsch, 

2007). 
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Polygonal declustering technique assigns new weights proportional to the area of interest 

(Figure 4.1). The limitation of this method increases if it is applied to 3D cases (Isaaks and 

Srivastava, 1989). The nearest neighbor technique employs a regular grid nodes or blocks, and it 

assigns the closest datum of the set that is declustered to each block (Rossi and Deutsch, 2013). 

 

 

Figure 4.1 A simplified sketch of polygonal declustering method and sample as red dots. 

 

Cell declustering technique is the most common and suggested for resource estimation 

applications (Deutsch, 1989; Journel, 1983). This technique implies the volume of the deposit is 

divided into equal volume cells ὰ  ρȟȣȟὒ and the occupied cells ὒ , the number of samples in 

each occupied cell ὲ ρȟȣȟὒ are counted. Each data is weighted with respect to the amount 

of data in the same cell ὰ (Rossi and Deutsch, 2013). 

ύ  
ρ

ὲ  Ͻ ὒ
 (4.1)   

 

In cell declustering technique, a same weight which can be in 0 to 1 interval and sum up to 

one is assigned to all occupied cells. Then the grid is moved because of the result change of the 

cell network origin and final weight are averaged over each of the origin offset. Figure 4.1 A 

shows that the domain is divided into grid cells of ὒ ρς cells, with ὒ = 6 occupied cells, then 

the cell weight of   is assigned to single sample in cell, and the weight of   shared 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 samples may fall into a single cell. To 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 selected (Rossi and Deutsch, 

2013). 

 

 

Figure 4.2 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 direction and fits a model and estimates the unknown sample points within that 

of the direction with respect to the fitted model. Mathematically, a variogram  ‎ἰ is the 

difference of a half-expected squared distance between two random variables ὤἽ and ὤἽ

ἰ where they are separated by a distance h (Chiles and Delfiner, 2009).  
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Figure 4. 3 A simple illustration of difference between variogram ‎ἰ  and covariance #ἰ. 

 

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 stationary case as 

given in section 4.2, the covariance #ἰ and the variogram ‎ἰ are equivalent functions 

(David, 1977): 

ɾἰ  % :Ἵ ἰ :Ἵ                                                     (4.2)                                                                    
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The average of squared differences between the two observed values which are separated 

by h lag distance gives the experimental variogram ɾ▐ (Matheron, 1971):  

ɾἰ  
ἰ
 В ÚἽ  ÚἽ ἰ

ἰ
      ᶅἽȟἰȟἽ ἰ ɴ Ὀ (4.3)  

 

where the ὔἰ 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 optimum ὔἰ (Rossi and Deutsch, 2013). 

Figure 4.4 shows the parameters that are required in calculation of experimental variogram. 
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Figure 4.4 Simplified illustration showing the required parameters of lag distances, lag and 

azimuth tolerance which are required to calculate an experimental variogram in each direction. 

 

 

Figure 4.5 Simplified illustration showing the main features of a variogram. 

 

The principal features of the variogram are range, sill, and nugget effect (Figure 4.5). The 

range defined by the distance from origin to the where the variogram hits the 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 effect shows the variation at a zero-lag distance which 

is resulted from the measurement errors such as sampling error and geological factors and 

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

 

Most common variogram models applied in the mineral resource estimation are spherical, 

exponential, and gaussian models. The spherical model is the mostly applied one among the 

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

 

‎ἰ ‎ ἰ ‎ ἰ 
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where the ‎ἰ  is the sum of nugget effect  ὧ and the variogram model ‎ ἰ with the 

components h is the lag distance, a is the range value and c is the sill value. The exponential 

model is expressed as: 

 

‎ȿἰȿ ÃȢ%ØÐȿἰȿ  ÃȢρ Ὡ
ȿἰȿ

 
(4.5) 

 

In this model, the practical range is calculated by the distance that yields 95% of the sill value. 

The gaussian model is expressed as: 

‎ȿἰȿ ÃȢ'ÁÕÓÓȿἰȿ  ÃȢρ Ὡ
ȿἰȿ

 (4.6) 

 

 

4.5 Estimation Criteria  

 

Evaluation of the model performance is one of the crucial factors showing the accuracy of 

the estimation. It is also called as residual and expressed 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 RMSE. An ideal residual can be considered as the mean of the residual should be 

centered at the zero in the hypothetical error distribution histogram while it is overestimating if 
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the mean is bigger than the zero and underestimation if the mean is smaller than zero, a normal 

distributed histogram is also preferred (Isaaks & Srivastava, 1989). 

 

4.6 Estimation Domain Modeling 

 

Radial Basis Function (RBF) network is a type of artificial neural network (ANN) that the 

training processes of it is easier that the ANN (Howlett and Jain, 2001). RBF, ɲ is that of the 

outputs are symmetric around a center ‘. The ɲ ὼ ᶮ ȿὼ ‘ȿȟ where the ȿȢȿ is a vector. 

In such cases, the gaussian functions can become an RBF. Detail mathematical expressions of 

the RBF can be found in (Howlett and Jain, 2001). 

  

 

Figure 4.6 A radial basis function network. 

 

The RBF network has three layers (Figure 4.6); (1) the inputs, (2) the hidden kernel layer 

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 Jain, 2001). 

 

4.7 Search Ellipsoid 

 

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

modeling which involves any types of Kriging method requires to determination of the ellipsoid 
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geometry. The component of the ellipsoid has three radii in three directions. These are defined 

by the variogram analysis. The major or most continuous direction of the variogram corresponds 

to the azimuth and the length of the major axis of the ellipsoid is assigned by the variogram 

range in azimuth direction. The direction of the minor axis corresponds to the dip direction and 

its variogram range gives the thickness of the ellipsoid which is perpendicular to the azimuth in 

dip direction. The semi-major direction in 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 semi-major variogram. One can be understood from these that the better fitted 

variogram model, the better functionality of the search ellipsoid. Quadrant search simply divides 

the ellipsoid into sub-zones and requires determining the minimum and maximum samples which 

will be considered within each sub-zone. 

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 the Kriging estimation. On the other hand, if the 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 impacts on the estimation. 

 

4.8 Grade Estimation 

 

Mostly used grade estimation technique in roll-front uranium deposit is GT (Grade x 

Thickness) contour method. The grade estimation of the blocks which are representing the grade 

shell with equal volume cubes and sub-block of it can be performed by using several methods 

such as inverse distance weight (IDW), nearest neighbor, inverse distance power (IDP), Kriging 

of various versions. In this thesis simple Kriging and ordinary Kriging were used because they 

are mostly used models in mineral resource estimation. Besides, this thesis also utilizes machine 

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 the U3O8 % grades and its intersected thickness, (2) 

determination of 2D zones and the GTs fallen in each zone, (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 Simple Kriging  

 

The simple Kriging (SK) is an estimator with a constant mean ά of a variable ╩ in a 

domain Ὀ (Deutsch and Journel, 1998). The weight of the estimator is calculated by using 

variogram model which is fitted in three continuous directions (Krige, 1951; Matheron, 1963b 

and 1968). This method is also mentioned as it is the best unbiased estimation method which 

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

notation. 
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(4.7)  

 

where the ὅἽÉȟἽÊȟὭ ρȟȣȟὲ is covariance among the samples and the ὅἽÉȟἽπȟὭ ρȟȣȟὲ is 

covariance between samples and the distance to the estimation location and the   ‗ὭἽȟÉ ρȟȣȟÎ  is 

the Kriging weights. The error variance „ Ἵ of the SK which is minimized can be formulized 

as;  

„ Ἵ ὅπ ‗ ἽὅἽȟἽ      ᶅἽȟἽȟἽᶰὈ 

 

  (4.8) 

 

where the ὅπ is the stationary variance of the data. 

 

4.8.2 Ordinary Kriging  

 

Ordinary Kriging (OK) re-estimates the local mean as a constant within the given search 

ellipsoid (Rossi and Deutsch, 2013). The weights should sum up to one which result in 

unbiasedness. OK can be formulated for an estimation location Ἵ is: 
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ᾀᶻ Ἵ ά  ‗ἽϽᾀἽ ά  

ᾀᶻ Ἵ  ‗ἽᾀἽ  ρ ‗Ἵ Ͻά 

 

  ᶅἽȟἽȟἽᶰὈ 

(4.7)   

 

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

as: 

 

To have optimum weights, the Lagrange method of multiplier is used with Lagrange parameter 

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

  

 

In matrix form: 

 

ὅἽȟἽ Ễ ὅἽȟἽ
ể Ệ ể

ὅἽȟἽ Ễ ὅἽȟἽ

ρ
ρ
ρ

        ρ        Ễ         ρ        π

‗
ể
‗
‘
ὕὑ

 = 

ὅἽȟἽ
ể

ὅἽȟἽ
ρ

 ἽᶅȟἽȟἽᶰὈ 

 

(4.1)  

 

And the OK estimation variance „  is minimized by the constrains of the weights and the 

variance is expressed as: 

ρ ‗Ἵ πȟᶅἽᶰὈ  (4.8)   

ừ
ỬỬ
Ừ

ỬỬ
ứ ‗ἽϽὅἽȟἽ  ‘ Ἵ  ὅἽÉȟἽπ  Ὥ  ρȟȣȟÎ     

‗ ρ     

                                                               ᶅἽȟἽȟἽᶰὈ

 (4.9)   

„ ὅπ ‗ἽϽὅἽȟἽ  ‘
ὕὑ
Ἵ ᶅἽȟἽᶰὈ 

 

(4.11)   
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4.9 Geostatistical Simulation  

 

Modeling of an ore deposit requires to visualize and represent it numerically or 

categorically in the space. Different model types can be used for different purposes. The 

interpolation has a smooth change in variables, the simulation 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 reconstructing the histograms and honoring the spatial variability (Rossi 

and Deutsch, 2013). 

Turning bands method was the first simulation algorithm that was proposed by Matheron 

(1971) and Journel (1974) which involves simulation of the general trend summing with random 

error. This technique has not been largely employed in the mining industry (Rossi and Deutsch, 

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 (Isaaks and Srivastava, 1989) which involves 

multi-Gaussian random function model assumption. The steps of sequential gaussian simulation 

are explained in detail by (Rossi and Deutsch, 2013). 
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CHAPTER 5 

MACHINE LEARNING MODELS 

 

Machine Learning (ML) models has gained importance and popularity in resource 

estimation problems for Au, Cu, Ag, etc. deposits (Kaplan 2021; Erten, 2022). However, the 

application of MLs to a roll-front uranium deposits is not tested. This thesis test k-nearest 

neighbor (k -NN), Random Forest (RF), Decision Tree (DT), Linear regression (LR), Support 

Vector Machine (SVR), Gradient Boosting Machine (GBM) and Adaptive Boosting or AdaBoost 

(ADA) models on 2D GT (Grade x Thickness) and 3D composited % uranium grades. In this 

chapter, the theoretical background of ML employed in this thesis, the hyper-parameter tuning is 

explained. 

 

5.1 Theoretical Background and Literature Review of ML  

 

ML algorithms are used by most of the data scientists to analyze and determine the 

dependencies among the individual samples and predict new samples by using the model 

extracted from the current data. The ML algorithms are categorized as supervised and 

unsupervised learning. Supervised learning builds up a statistical model by using inputs such as 

geographical coordinates and estimates outputs such as grade, rock type, alteration type etc. As 

the outputs of supervised learning models are numeric or categorical, a regression algorithm 

applied to numeric dataset or classification algorithms applied to categorical dataset (Erten, 

2021; James et al., 2013). The unsupervised learning deals with the input parameters to learn the 

data for clustering, probability density modeling etc. (Kanevski, 2013; Erten, 2021). In this 

thesis, supervised regression algorithm applied to estimate geospatial continuous data. 

In supervised learning the training data is expressed as: 

Ὀ ὼȟώ ȟȣȟὼȟώ Ṗד ὕ (5.1)  
 

where the ●ȟώ training pairs of inputs, ●ᶰד  , ώ is output, ד  is the d-dimensional input 

space, ὼὭ is the input of the Ὥ  data, ώ
Ὥ
 is the output space of the Ὥ  data and ὕ is the output space. 

(Erten, 2021). 
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After model selection in a function Ὢ  which defines the function class Ὂ, the next step is 

model assessment which defines a loss function is to find the best function within that class Ὢᶰ

Ὂ. Regression problems mostly employs the squared loss function as: 

ὒὪ  
ρ

ὲ
 Ὢ●  ώ  (5.2)  

where ὲ is the number of training samples, Ὢ●  is the predicted value and ώ 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, 2021 and the references therein). 

 

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 model (ML models) on a training data and estimates the test data which is 

hided during the training (Müller and Guido, 2016; Erten, 2021) and these processes is called 

generalization (Alpaydin, 2014). 

 

 

Figure 5.1 The relationship among model complexity, 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 of a model is called overfitting (Hackeling, 2017). On the other hand, the 

given training data can be too plain with limited features and dependencies that make the model 

underfitting. Figure 5.1. clearly shows the training and testing error with respect to model 

complexity that if the model complexity is lower or higher, the training and testing error is 
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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 output variables against the prediction 

variables as Figure 5.2 A shows underfitting resulting from high training error, training error 

close to the testing error, high bias and 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 5.2. C, 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). 

 

 

Figure 5.2 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 artifacts in machine learning 

geospatial estimation. ML models are uncapable 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 systems. Most of the mineral deposit do not align N-S direction 

(Neufeld and Deutsch, 2004; Erten, 2021).  To overcome these problems, a geometrical 2D 

rotation of the given coordinates are performed as: 

 

8  8 ϽÃÏÓ‌ ώϽÓÉÎ‌ 

ὣ  8 ϽÓÉÎ‌ ώϽÃÏÓ‌ 
(5.3) 
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where the X, Y  is the given Easting and Northing coordinates and ╧ȟ ἧ  is the rotated new 

coordinates (Deutsch and Journel, 1998). The azimuth ‌ coordinate rotation (Fig 5.3) set to 10º 

increments from 0º to 180º to scan 2D azimuth rotation with the equation 5.3.  

 

 

Figure 5.3 Azimuth rotation in 2D. 

 

A geometrical 3D rotation is performed as: 

 

ὢ
ὣ
ὤ

=
ὧέί ‌ ὧέί — ίὭὲ ‌ ίὭὲ ‍ ίὭὲ — ÓÉÎ ɻ ÃÏÓ ɼ ὧέί ‌ ίὭὲ — ίὭὲ ‌ ίὭὲ ‍ ὧέί —
ίὭὲ ‌ ὧέί —  ὧέί ‌ ίὭὲ ‍ ίὭὲ — ὧέί ‌ ὧέί ‍ ίὭὲ ‌ ίὭὲ —  ὧέί ‌ ίὭὲ ‍ ὧέί —

ὧέί ‍ ίὭὲ — ίὭὲ ‍ ὧέί ‍ ὧέί —

ὢὶ
ὣὶ
ὤὶ

 (5.4) 

 

where the X, Y, Z  is the Easting, Northing and Elevation of the given coordinates and the Xr, 

Yr, Z► is rotated coordinate system. The Ŭ, ɓ and ɗ angles are clockwise rotation angles about 

X, Y, and Z axis of the coordinate system (Neufeld 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 the best prediction 

performance (Weerts et al., 2020; Probst et al., 2019; Erten, 2021). In this thesis grid search and 

random search algorithms are used to define optimum hyper-parameters. 

 

5.4.1 Grid Search Algorithms 

 

The grid search algorithm was applied to ML models with a commercial Python version 

3.10, with Scikit-Learn library and the function of óGridSearchCVô. The grid search function 

trains and evaluates all the combinations of the given parameters (Figure 5.4) and finds the 

optimum hyper-parameter with a scoring system.  

With a k-fold cross-validation resampling method, a ML model trained on the k=1 folds 

with a given possible combinations of parameters (for example, for 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 times (Kohavi, 1995: Erten, 2021). Mean Standard Error (MSE) is utilized for the 

performance evaluation that the lowest MSE represents the optimum hyper-parameter. 

 

 

Figure 5.4 Sketch of grid search algorithms on two hyper-parameters. 
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5.4.2 Random Search Algorithms 

 

The random search algorithm was utilized by using a commercial Python version 3.10, 

with Scikit-Learn library and the function of óRandomizedSearchCVô. This function search with 

a given range of hyper-parameter values (Figure 5.4) and trains the model with a random 

combination of hyper-parameters by iterating the random combinations of parameters (Bergstra 

and Bengio, 2012; Erten, 2021).  

 

 

Figure 5.5 Sketch of random search algorithms on two hyper-parameters. 

 

5.4.3 Hyper-parameters of the ML Models 

 

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

the table 5.1 below. 
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Table 5.1 Hyper-parameters definitions for each ML model (Notations of hyper-parameters are 

from the Scikit-Learn packages in Python version 3.10. NA is not available. 

ML model 
Hyper-

parameter 
Definition 

k-Nearest Neighbor n_neighbors: 
Number of neighboring samples to use for imputation 

(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. 

k nearest neighbour n_neighbors: 
Number of neighboring samples to use for imputation 

(parameter k) 

AdaBoost n_estimators: 
The maximum number of estimators at which boosting 

is terminated. 

Gradient Boosting 

Machine 

learning_rate: shrinks the contribution of each tree by learning rate 

n_estimators: the number of boosting stages to perform. 

max_depth: The maximum depth of the tree. 

Support Vector 

Machine 

C: epsilon the regularization parameter ï the cost parameter 

 For epsilon-SVR model. It defines a margin of tolerance 

where no penalty is given to errors. 

 

5.5 Machine 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 in the first step. This step 

also prepares the data into a suitable format. A normal distributed data is standardized by using 

the function of óStandardScaler()ô and the underlying formula: 

Ὕ  
Ὕ ÍÅÁÎὝ

ίὸὥὲὨὥὶὸ ὨὩὺὭὥὸὭέὲ Ὕ
 (5.6) 
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where Ὕ is the value that needs to be standardized and its mean, standard deviation, and the new 

value.  

A skewed distribution of data should be rescaled into [0,1] interval by using the normalization 

function ónormalize ()ô with the underlying formula: 

Ὕ  
Ὕ ÍÉÎ Ὕ

ÍÁØ Ὕ ÍÉÎ Ὕ
 (5.7) 

 

where the Ὕ is the value of a sample in the skewed distributed data and its minimum, maximum 

and new values (Erten, 2021). 

Next step is the future selection which comprise the input parameters that were helpful 

during the learning and prediction processes. This step is followed by the data split which divides 

the data into 80% training and 20% test. In the model training step, 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 involves the definition of optimum parameters or also called as hyper-

parameter tuning. Ones the optimum parameters are defined the model reoperated with the 

optimum parameters fallowing the red arrows with test model box in the Figure 5.6. After data 

split step, these steps are repeated until the best ML model is found. New sample points are 

imported to predict their values with the tuned and suitable model (with the R2 values closer to 

1). 

 

 

Figure 5.6 Sketch of ML processes steps. 

 

ML models which are mostly used in mineral resource estimation problems and their 

applied commodities are summarized in (Dumakor Dupey and Arya, 2021; Erten, 2021). In this 

thesis, most of these models have been selected to apply on the resource estimation of the roll 

front uranium deposit. These models are Decision Tree (DT), k -Nearest Neighbor (k -NN), 
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Linear Regression (LR), Random Forest (RF), Support Vector Machine (SVR), Gradient 

Boosting Machine (GBM) and Adaptive Boosting or AdaBoost (ADA) models. 

 

5.5.1 Decision Tree 

 

Decision tree (DT) is an ensemble method that used extensively in regression and 

classification problems (Quinlan, 1986). This method utilizes a sub-area method in dataset. 

Firstly, DT evaluates the whole dataset (R1) 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-

areas (R2, R3, é) and estimates it by using mean or median of these samples within each sub-

areas until the sum of square errors (SSE) are minimized. SSE is formulized as: 

 

SSE = В ώ  ώᶰ  + В ώ  ώᶰ  (5.8) 

  

where ώ and ώ are the mean of the training data in the sub-areas Ὑ and Ὑ, respectively (Kuhn 

and Johnson, 2013). Further splitting the subareas until the optimum (best fit) split value is 

reached. DT 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, 2021). For DT estimation 

óDecisionTreeRegressor (random state = i)ô function has been utilized in Python software. 

 

5.5.2 k -Nearest Neighbor 

 

The k -NN is an instance-based learning model that utilizes the distance-based similarity 

functions in regression problems (Cover and Hart, 1967). In other words, k-NN assumes that 

similar things are close to each other. Then, it averages the samples that is close to estimated 

sample.  

For the distance function k-NN use Euclidean and Minkowski methods which are 

formulized as: 

Euclidian Distance Function: В ὼ ώ  (5.9)     
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Minkowski Distance Function: В ȿὼ ώȿ
Ⱦ

 (5.10)    

 

ὼ and ώ are two samples in space and Euclidian distance function measures the linear distance 

between these two samples, Minkowski distance function employs q > 0 parameter.  

The most important parameter in the k-NN in the k value which defines the number of closest 

samples that the algorithm considers. The optimum k value 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 implement, it is 

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. 

The k-NN algorithm in regression problems, firstly calculates the distance between new 

sample point and the k nearest samples around, then it calculates the average weighted sum of 

the k nearest sample points for the estimation. As a simple example of the k-NN regression 

problem, the Figure 5.7 shows a plot of samples in 2D. For k=3 and considering all the weighs of 

these three samples are one (equal distances). Then the estimation of the new sample point would 

be 49 x weight + 57 x weight + 77 x weight = (49x1 + 57x1 + 77x1)/3 = 61. 

 

 

Figure 5.7 Sketch showing an example of a k -NN regression with k=3. 

 

For k -NN estimation óKNeighborsRegressor (n_neighbors = i)ô function has been utilized 

in Python software. 
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5.5.3 Linear Regression 

 

Linear regression ML algorithm construct a regression line with dependent and 

independent variables (Shalev-Shwartz and Ben-David, 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. 

 

Figure 5.8 Plot of input variables (X) and the output (Y) and the best fit line. 

 

The function for the Linear regression described as; 

ώ ρɲ  ɲςȢὼ  (5.11)    
 

where x is the input training data and the y is the predict value, ɗ1 is intercept and ɗ1 is the 

coefficient of the x. Model tries to find the best fit regression line by minimizing the RMSE error 

which is calculated between predicted y value and true y value.  

For linear regression estimation óLinearRegression()ô function has been utilized in Python 

software. 

 

5.5.4 Random Forest 

 

Radom forest similarly works in both classification and regression problems. The RF 

works with several DTs. Sample selection is random which randomize the trees in RF (Breiman, 

2001; Guo et al., 2011). RF employs input data (x), trains it and construct number of DTs (K) 



44 

 

and averages the results. When the K such trees and  Ὕὼ  are growth of these trees, the RF 

regression prediction is:                     

 Ὢ ὼ В Ὕὼ (5.12)    

  

RF use training data to 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 deleting it resulting in increasing the model accuracy (Breiman, 2001). 

RF is an advantageous ML method that can be used most of the problems without a long 

hyper-parameter tuning, without rescaling the data (Breiman, 2001). It is very powerful and 

lower chance of overfitting. However, it gets slower if input data size gets higher. 

 

5.5.5 Support Vector Machine 

 

SVM is also a powerful method in both classification and regression problems (Vapnik, 

2013). SVM works with the basis of trying to find hyperplanes in a p-dimensional space (p= 

number of features) to classify the features of the data. Figure 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 classes, the dashed lines in the Figure 5.9 

describes the margin by touching at least two sample point at one side and touching one sample 

point on the other side to form a parallel line and the black solid line defining the optimum linear 

hyperplane in the mid-point of these dashed lines (Figure 5.9). These points forming the dashed 

lines described as support vector (Kuhn and Johnson, 2013). 

SVM employs a cost function (C) when the hyperplane determination is difficult due to the 

complexity of the input data. The cost function describes as the tolerance 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 non-linear hyperplane by quantifying 

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: 

Ὢό ‍  В ‌ὑὼȟό  
  

(5.13)   

 



45 

 

 

Figure 5.9 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 the black solid and dashed lines shows the optimum 

hyperplane with widest space between the two classes. 

 

where the ὑ  is kernel function computing each training sample ὼ and new sample ό, ‍ is 

intercept parameters and ‌ is unknown parameters which were estimated from the training data. 

A nonlinear kernel: polynomial kernel, radial basis kernel (gaussian kernel), and hyperbolic 

tangent kernel can be utilized to form nonlinear hyperplane: 

Polynomial kernel: Ὢὼ ίὧὥὰὩ ὼό ρ    (5.14)   

 

Radial basis: Ὢὼ ÅØÐ •ᴁὼ όᴁ  
(5.15)  

 

Hyperbolic tangent: Ὢὼ ÔÁÎ È ίὧὥὰὩὼό ρ  
    (5.16)  

 

where the ű performs the width of kernel. 

The SVM is also applied in the quantitative data (Witten and Frank, 2002) with similar 

procedures that explained above by utilizing an extra error function (‐ and kernel functions in 

non-linear data (Erten, 2021). 

 

5.5.6 Gradient Boosting Machine 

 

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

method also optimizes the learning processes by minimizing the exponential loss such as squared 
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error (Friedman et al., 2001). By boosting the weak learners (DTs), the model makes several 

iterations and after each iteration, the model focus on the estimates which are more difficult to 

learn previously (Dangeti, 2017). 

This model employs DTs as a weak learner which required to select the tree depth and the 

number of iterations. Then, the calculated mean of the response is used for initial prediction at 

the first iteration. In this iteration, the predicted and the observed value 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 current estimation to the previous estimation until the prediction reaches 

a satisfactory (Erten, 2021; Hastie 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 and one. The optimum values of these parameters 

can be found by using grid and random search algorithms which are explained in the section 5.4. 

 

5.5.7 AdaBoost 

 

AdaBoost (ADA) or Adaptive Boosting namely is a boosting machine learning model can 

be used in both classification 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 in Shalev-Shwartz and Ben-David, 2014. 

Basically, DTs with one node and two leaves are employed by ADA as a weak learner. At 

the first iteration, ADA gives equal weights to the predicted samples. The next steps involve the 

increment of the weights of the weak learners which have higher prediction error to have lower 

prediction error. These steps are repeated until the prediction error of weak learners gets lower 

and reaches the satisfactory.  

The ADA is an immensely powerful ML model on relatively larger datasets, and it requires 

less hyper-parameter 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 models is evaluated by using the Root Mean Squared Error 

(RMSE), Mean Absolute Error (MAE), and Coefficient of Determination (R2) which all measure 

the differences between the true and the predicted value 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 dataset. It is formulated as; 

 

ὙὓὛὉ  
ρ

ὲ
 ᾀᶻ ᾀ  

      

(5.17)   

 

where ᾀᶻ  is the predicted and ᾀ is the true of the ὭὸὬ values, and ὲ is the amount of 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 error. It is an average deviation on a linear line. The 

value of the MAE is better as it approaches to zero. It is formulated as; 

ὓὃὉ  
В ȿᾀᶻ ᾀȿ

ὲ
 

      

(5.18)   

 

 

Coefficient of determination is the correlation of the predicted and true values of test data, 

and it is formulated as; 

R2 = ρ ρ  
В ᶻ

В Ӷ
 (5.19)   

 

where RSS is sum of squared residuals and the TSS is the total sum of the squares and the ᾀӶ is 

the mean values of the true data. The value of the R2 approaches 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 

R2 value is zero, it means that there is no correlation between the true and the predicted values. 

This value also gets negative values which means the selected ML model is not appropriate and 

even a horizontal line may estimate better. 
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CHAPTER 6  

RESULTS AND DISCUSSION 

 

This chapter provides information about the quality of the implicit model enhanced by 

RBF which is performed by indicator Kriging and validation and comparisons of the resource 

models including GT contour.  

 

6.1. 3D Geologic Model 

 

Geologic modeling is an initial study of this thesis. It is especially important to 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 drillholes is 

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 drilling is to complete the drilling after intersecting with the 

mudstone formation after the A sand formation (uranium bearing sandstone). As seen in figures 

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 uranium, and this layer is overlain by another mudstone as an aquitard. 

The mudstone and sandstone alternations continue to the surface with very thin and local coal 

seams and clay layers. 
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Figure 6.1 3D image of the drillholes with geology; NA is sample lost. 

 

 

Figure 6.2 3D geological model of the 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 Domain Modeling 

 

Estimation domaining is one of the most important steps in the resource estimation and 

forms the shells 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 porous and enables fluids to transport or conglomerates with the 

same reason it could form 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 only provide cuttings as samples. Furthermore, the oxidized and reduced information do not 

form domain because the uranium is not formed uniformly in these domains but formed only as 

close contacts to the oxide-reduced boundary. Explicit modeling has not been performed in this 

deposit because the current GT contour resource estimation technique is very time consuming 

and biased because its error changes every time it is applied. Building an explicit model from 

these GT contours makes it more difficult and more time consuming. For these reasons, the A 

sand is taken as a base domain and implicit modeling by using GT values are built into that 

domain. Overall, the implicit model within the A sand is considered the grade shell for the 

deposit which enables resource calculations to occur in it. 

 

6.2.1 Data Statistics 

 

Energy Fuels Inc. has provided 392 drillholes which comprise 872 GT values with to/from 

information. The summary statistics are given in Table 6.1. The histogram with the cumulative 

percentage 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 probability plot 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 6.1 summary statistics of GT values 

 

Mean 0.53 

Standard Error 0.03 

Median 0.21 

Mode 0.01 

Standard Deviation 0.89 

Sample Variance 0.80 

Kurtosis 28.34 

Skewness 4.36 

Range 10.15 

Minimum 0.01 

Maximum 10.16 

Sum 460.48 

Count 872.00 

Confidence Level (95.0%) 0.06 

 

 

 

Figure 6.3 Histogram of GT values with cumulative percentage plot. 

 

0%

20%

40%

60%

80%

100%

120%

0

50

100

150

200

250

300

350

400

450

500

0
.2

0
.4

0
.6

0
.8 1

1
.2

1
.4

1
.8

1
.6

2
.2 2

M
o

re

2
.4

2
.6

2
.8 3

3
.2

3
.4

4
.2

3
.6

4
.8

3
.8

4
.4

4
.6 0 4 5

F
re

q
u
e

n
c
y

Bin

Frequency



52 

 

 

Figure 6.4 Histogram of log transformed GT values. 

 

 

Figure 6.5 Log probability plot of GT values. 
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6.2.2 Implicit Modeling 

 

In the implicit model, the 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 cutoff 0.2 (Figure 6.6) to have a 

better variogram model to fit. The variogram models with 20 ft lag distance and spherical model 

fits are shown in figure 6.7. the variogram parameters and the search ellipsoid parameters are 

given in table 6.1. RBF 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 shell and the geostatistical characterization. 

 

 

Figure 6.6 3D plan view of the drillholes with GT>0.2 red circles and GT<0.2 blue circles. 
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Figure 6.7 Variogram models on three direction and double 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 6.2 Variogram model and search parameters. NA: None available. 

 

Nugget Sill Major Semi MajorMinor Dip Azimuth Pitch

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

Grade shell

Ranges Ellipsoid direction
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Figure 6.8 Plan view of 3D Implicit model with GT values of drillholes. 

 

 

Figure 6.9 The histogram of the grade values of uranium U3O8 % with respect to distance from 

the grade shell and the mean values by distance from the grade shell. 
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The resultant grade shell (Figure 6.8) by using Radial Basis Function which is explained in 

detail in section 4.6. The contact analysis of the grade shell and the grade values is shown in 

figure 6.9. The mean values dramatically decrease under the cut-off which is 0.03 U3O8 % 

outside of the grade shell and it shows that the grade shell is suitable for the ore body. 

 

6.3 Resource Estimation 

 

The grade shell study is followed by the determination of the block (5 x 5 x 5 ft) grades by 

using Simple Kriging (SK), Ordinary Kriging (OK), k-Nearest Neighbor (k -NN) and Random 

Forest (RF) methods. These estimators have been selected because the SK and the OK are the 

most applied, unbiased estimator and the k -NN and the RF is applied for the first time in this 

thesis, and they are the most accurate models among the specified 7 machine learning models 

with the R2=0.78 and R2=0.70 respectively. A density of 16.5 ft3/short tone is employed in the 

resource calculation which is used in the GT resource calculation as well. The detailed density 

measurements and the calculations are given by Malensek et al. (2022). All the uranium grades 

are U3O8 percent. The conversion of the uranium grades from gamma radiation units to uranium 

percentage is given in (Malensek et al., 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. 

 

6.3.1 Simple Kriging   

 

Simple Kriging is mostly applied estimator to mineral resource estimation. The variogram 

and search ellipsoid parameters are given in the Table 6.1 and Figure 6.10. The summary 

statistics and the histogram of the blockôs grades are given in the figure 6.11 below. A 3D 

general view of the simple Kriging block model is given in the figure 6.12. One of the handicaps 

of this estimator is the mean value which is calculated for all the blocks and resulting in the 

smoothing lower and higher values which can be visually detectable in the figure 6.13. 



57 

 

 

Figure 6.10 Variogram models on three direction and single spherical model structure with 20 ft 

lag distance of the 1ft composited U3O8 % values. The parameters of the variograms are also 

given in the table 6.1. 
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Figure 6.11 Histogram of blocksô grades estimated by SK and the summary statistics. 

 

 

Figure 6.12 3D Block model with 5 x 5 x 5 ft dimension blocks and the blocksô grades are 

estimated by Simple Kriging and the blue blocks are below the cutoff grade within the grade 

shell. 
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Figure 6.13 Cross section showing block grades estimated by SK and drillholes (black lines) and 

uranium intersections (solid barrels). 

 

6.3.2 Ordinary Kriging   

 

Ordinary Kriging is one of the estimators that is one of the most applied in resource 

estimation. This method calculates a new mean from the samples that falls into the search 

ellipsoid for every block. This feature of the OK enables locally estimation of the block grades 

and can better estimate the locally uranium enrichments which can be detectable in figure 6.16. 

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 block grades are given in the figure 6.14 

below. A 3D general view of the Ordinary Kriging block model is given in figure 6.15 and an 

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

 

Figure 6.14 Histogram of blockôs grades estimated by OK and the summary statistics. 
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Figure 6.15 3D Block model with 5 x 5 x 5 ft dimension blocks and the blocks grades are 

estimated by Ordinary Kriging and the blue blocks are below the cutoff grade within the grade 

shell. 

 

 

Figure 6.16 Cross section showing block grades estimated 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 to uranium resource estimation in this thesis. This model gives 

R2=0.792, RMSE=0.0216, and MAE=0.0048 with the 1 ft composited U3O8 % values within the 

A sand domain. The predictions for both k-NN 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 figure 6.17. Hyper-parameters of the 

selected machine learning models are given in the table 6.3. Then, these predictions are assigned 

to the blocks within the grade shell. A summary statistic and the histogram of the block grades 

are given in the figure 6.18 below. The general 3D view of the block grades is given in the figure 

6.19. A visual validation of block grades and the drillhole uranium intersections and their grades 

are given in figure 6.20 which shows a close association between. 

 

Table 6.3 Hyper-parameters 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 

GBM 

learning_rate 0.075 

n_estimators 4 

max_dept 50 

SVR 
C  10 

epsilon 0.1 
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Figure 6.17 The 3D prediction points (5 x 5 x 5) in the A sand domain. 

 

 

Figure 6.18 Histogram of blockôs grades estimated by k -NN and the summary statistics. 
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Figure 6.19 3D Block model with 5 x 5 x 5 ft dimension blocks and the blocks grades are 

estimated by k -NN machine learning method and the blue blocks are below the cutoff grade 

within the grade shell. 

 

 

Figure 6.20 Cross section showing block grades estimated by k -NN 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 problems. In this thesis it is applied to uranium resource estimation for the first 

time. This model gives R2=0.751, RMSE=0.0236, and MAE=0.0077 with the 1 ft composited 

U3O8 % values withing the A sand domain. The predictions for both k -NN 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 figure 6.17. 

Then, these predictions are assigned to the blocks within the grade shell. A summary statistic and 

the histogram of the block grades are given in the figure 6.21 below. The general 3D view of the 

block grades is given in the figure 6.22. A visual block validation is given in the figure 6.23. The 

probabilistic approach of the RF algorithm smooths the grades, and the validation is a poor 

relative to k -NN and OK estimators. 

 

Figure 6.21 Histogram of blockôs grades estimated by RF and the summary statistics. 
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Figure 6.22 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 6.23 Cross section showing block grades estimated by RF and drillholes (black lines) and 

uranium intersections (solid barrels). 

 

6.4 Grade Thickness Resource 

 

GT model has been applied to uranium resource estimation for more than 60 years in 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 explained in 3.4. The width of these contours is taken 
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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 a U3O8 lbs. resource. Figure 6.24 shows the interpretation of GT contours at 

zone 60 which is approximately 50-60 ft deep from the 10-degree 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 contour interpretations, the rest of the GT interpretation 

zones are given in the Appendix A and the uranium resource is given in the table 6.4.  

 

 

Figure 6.24 GT 2D interpretation example of zone 60 showing; circles as white color smaller 

than GT 0.2 and green color GT between 0.2-0.5, yellow color GT 0.5-1, orange color GT 1-2 

and the red color is GT bigger than 2. The light-yellow color with black contours representing 

the GT is 0.2, 0.5, 1 and 2 were provided by Energy Fuels Inc. The two-snake shaped contour 

with the same GT circle colors represent the same array with the GT circles. 
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Figure 6.25 The 2D GT interpretation map at zone 60. The white circles represent the GT values 

smaller than 0.2 and the explanation 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 the four-resource model have been performed visually on the 

cross sections, by swath plot (Figure 6.26) and by grade tonnage plot (Figure 6.27). Visual 

validation of cross sections is discussed and shown in 6.3. The swat plot (Figure 6.26) suggests 
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that the k -NN and OK model is remarkably similar in terms of average grade by distance and 

follows a close pattern. The overall and the zone 60 resource of these two models are relatively 

closer than the other two models to the provided resource data. Similarly, the grade tonnage 

curves (Figure 6.27) of OK and k -NN models are remarkably close to each other. 

 

 

Figure 6.26 Swath plot of OK, SK, k -NN and RF resources. 
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Figure 6.27 Grade tonnage curves of four resource estimation models. 

 

A visual comparison of the block grades with the Energy Fuelsô zone 60 GT contour model 

is given in the figure 6.28. A common feature of these four models is they are spatially 

associated with the GT model. The OK model (Figure 6.28 B) and the k -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 zone 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 tonnage and grade comparison of mineral resource estimates defined in terms of lbs. of 

uranium at zone 60 show that OK and k -NN results are within the 26% and 39% respectively of 

the GT results. 

One of the good comparisons between GT method and OK and k -NN would be on the 

overall grade and tonnage comparison (Table 6.4) defined in terms of total lbs. of uranium for 

the area of study. The comparison based on total uranium contained in all the zones show that 

OK and k -NN results are within the 4 % and 1 % respectively of the GT results.  
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Figure 6.28 Resource comparison at zone 60 (50-60 ft below the top of A sand, dipping 10º SE, 

10 ft interval horizontal cross section) with transparent black colored Energy Fuelsô 2D 

interpretation and A) Simple Kriging, B) Ordinary Kriging, C) k -NN model and D) Random Forest 

model. 

 

Table 6.4 Resource estimation comparison with respect to uranium tonnages at zone 60 and 

overall deposit. Energy Fuelsô estimations (EFôs GT). Resources are in lbs. U3O8.*In-situ 

resource of EFs by GT contouring method. 

 

Methods Models Zone 60  Overall 

Geostatistics 
OK 142,799 874,350 

SK 152,602 1,151,893 

GT GT (This thesis) 72,029 424,335 

Machine Learning 
k -NN 158,225 902,685 

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 construct a grade shell to define 

mineralized domain in 3D for roll front uranium deposits which specially associates with the 

uranium rolls interpreted by the GT contour methods. 

Among the selected machine learning models, the k -NN has a R2 of 0.79 and RF has a R2 

of 0.75 in model training stage. 

In-situ Resource Estimation performed by k -NN and OK is 1%, 4% respectively different 

than in-situ GT contouring resource which is used by the Energy Fuels Inc. in Nichols Ranch 

uranium deposit. 

The geospatial estimates of the OK and the k -NN models validates the drillhole 

intersections and the resulting resource is remarkably close to the recoverable resource and the 

actual uranium production. 

This methodology involving the grade shell construction and the grade estimation of the 

blocks is quite easy, can be performed in noticeably short time, 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 can be performed 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 AI can be applied such as deep learning and reinforcement 

learning. 
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The methods and models applied in this thesis should be evaluated together with the GT 

contour methods in the current in-situ leaching operations. Then, when the accuracy of the model 

is tested this methods and models can be directly utilized for the future roll front uranium 

operation which will save time, would give more accurate result both in initial reporting and later 

production stages.  
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APPENDIX A 

GT CONTOUR MAPS 

 

 

Figure A.1 Zone 30. 
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Figure A.2 Zone 40. 
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Figure A.2 Zone 50. 
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 Figure A.2 Zone 70. 
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Figure A.2 Zone 80. 
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Figure A.2 Zone 90. 

 

 

 






