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Abstract 

 

Variability of the rock properties and the uncertainty associated with their estimation in the 

blocks mined and processed becloud the decision making in the mining value chain. In addition 

to grades of elements and minerals of interest, the presence of deleterious materials, as well as 

varying geometallurgical properties of rock materials have significant impacts on the economic 

performance of mining projects. Researchers are faced with the challenge that there are limited 

opportunities for benchmarking mining methods and technologies as this type of information is 

proprietary from mining companies and seldom shared for research purposes. 

In this thesis, a methodology was developed for building a high-resolution realistic synthetic 

block model containing grades as well as mineralogical and geological properties for 

benchmarking purposes. A high-resolution block model, featuring 128 million nodes, was 

developed for a porphyry copper deposit and used to simulate mining decisions through the mine 

value chain. To achieve this, samples were extracted from the model by means of a drillhole 

campaign to allow for comparison of estimation and planning decisions with the actual model 

data, which provides access to the ground truth. Applications of the developed approach to 

benchmark advanced mine planning techniques including machine-learning tools in prediction, 

forecasting, and decision making were also discussed. 

Keywords: High-resolution synthetic model, block model, benchmarking, geostatistics, 

geostatistical simulation, geometallurgy, mine planning. 
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1 Chapter 1 Introduction 

In its simplest sense, mining value chain can be defined as a series of interdisciplinary processes 

which typically start with prospecting and exploration and continue with development, 

exploitation and mineral processing stages. In the end, depending on the commodity, refined 

metal, concentrate or raw material is obtained to be marketed and sold, through which we 

achieve project’s net present value (NPV) that is the most effective method to evaluate the 

viability of a project. A decision to be taken at any stage of this series of processes in the mining 

value chain will have a great influence on the stages thereafter. Besides their economic aspects, 

each of these processes has impacts on the environment and contributes to environmental 

footprint of a mining project. In order to mitigate negative impacts and minimize the footprint of 

mining projects, reclamation activities are planned within the scope of mine planning studies and 

are carried out as the final stage in most mine operations. While environmental impacts, carbon 

footprint, water and energy consumption as well as the use of mineral resources are directly 

correlated to the footprint of a mining project, use of financial resources can be considered as 

indirectly correlated. 

Economic performance and sustainability are the two major aspects of a mining project. We 

should aim at improving the economic performance, ensuring sustainability, minimizing the 

environmental footprint and using our mineral and financial resources in the most suitable way. 

This can be achieved by taking better decisions throughout the entire value chain and in order to 

be able to take better decisions, the rock materials in mineral deposits should be better 

characterized. This, in turn, will bring better capacity for prediction of the rock properties and by 

this means, it is possible to create better models, which include, unlike a naive model, all of the 
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parameters that have influence on the economic performance and environmental footprint of 

mining projects. Therefore, modelling the interconnected processes throughout the value chain 

has utmost importance in improving the overall performance of a mining project. On the other 

hand, the scope of this study was limited to understanding (forecasting) the commercially 

valuable products and waste/tailings generated, thus limited to their potential economic and 

environmental impacts. 

Several research studies have been carried out on improving and optimizing the mining value 

chain. Lamghari et al. (2021) proposed a matheuristic approach for optimizing mineral value 

chains under uncertainty by using a matheuristic that exploits mathematical programming 

techniques and machine learning techniques in a heuristic framework. A stochastic approach for 

orebody modelling and long-term production scheduling was proposed by Vallejo and 

Dimitrakopoulos (2019), who focused on the application of the stochastic strategic mine 

planning for technical risk management by quantifying both the volumetric and multi-element 

grade uncertainty and jointly simulating the grade properties using the direct block 

minimum/maximum autocorrelation factors algorithm.  

Whittle Enterprise Optimisation Model, a methodology developed by Whittle Consulting for 

increasing the economic value of mining and mineral processing operations through better long-

term planning decisions, involves simultaneously optimizing all steps in the value chain, all 

assets in the enterprise portfolio and all periods as shown in Figure 1-1. 



3  

 

Figure 1-1 Whittle Consulting Enterprise Optimisation process 

In order to simultaneously optimize the upstream and downstream operations, Zhang et al. 

(2018) proposed a Benders decomposition-based method, where the mineral value chain 

optimization model is decomposed to a master problem that only includes the variables 

determining the upstream mine production schedule, and a subproblem that includes all other 

variables defining the downstream material flow and processing plan in each iteration of the 

proposed method. All of these studies show that mining value chain can be modeled in a more 

efficient manner with the help of a geometallurgical model. 

In addition, it is concluded from such studies that a geometallurgical model is way more valuable 

than a naive model in many ways. In a naive model that is constructed by following a traditional 

approach, where geological and process models are based on elemental grades from assay results 

(Koch, 2017), the metal content is simply the point of interest, as shown in Figure 1-2. Then a 

transfer function is applied to predict the money value of the project. For example, for a copper 

project, the copper concentration in terms of percentage is the point of interest and a mine 

planning study is performed based on a cut-off value and the focus of the mining operation is to 

exploit the portions of the mineral deposit where the copper concentration is greater or equal to 

the set cut-off value. Since the input is limited in this naive model, the level of uncertainty 

regarding the prediction is high and the prediction is not qualified enough to take better decisions 

in the value chain. Also, spatial variability is not taken into consideration in a naive model, 
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thereby the predictions on downstream processes are biased. Dimitrakopoulos (2018) explains 

the issue of determining in situ spatial variability as follows: “The main drawback of estimation 

techniques and traditional approaches to planning is that they are unable to account for the in situ 

spatial variability of the deposit grades; in fact, conventional optimisers assume perfect 

knowledge of the orebody being considered. Ignoring this key source of risk and uncertainty can 

lead to unrealistic production expectations as well as suboptimal mine designs”. Therefore, 

adoption of traditional approaches when developing our models will inevitably lead us to poor 

results in terms of the economic viability of our project. Moreover, it may be hard to predict the 

environmental footprint of a project as there will be no information on the factors that will 

disturb the nature, for example, the acid generation potential of the materials being excavated, 

and this will also bring lots of contingencies during the next stages of the mine cycle, such as 

how to mitigate the potential impacts of the project and what will be the cost of mitigation 

measures. 

 

Figure 1-2 Naive model diagram 
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On the other hand, when the modeling study is considered from a geometallurgical point of view, 

geology, mine operation and mineral processing data are integrated into a single model as shown 

in Figure 1-3 and it is possible to obtain more robust predictions with respect to both money 

value and footprint of the project. In this case, in addition to grades of elements, an opportunity 

will be available to assess varying geometallurgical properties of the rocks and it will be possible 

to figure out whether deleterious materials are present in the ore material, or not. For example, 

the ore material can have a high grade copper but if it includes clays, then it is going to affect the 

flotation process since the presence of clay will result in low recovery values of copper ores. 

Therefore, it will not be possible to take the advantage of having a high grade ore because of the 

high processing costs. Also, ore hardness has a great influence on energy consumption as it will 

be more difficult to complete the comminution circuit of harder rock materials. 

 

Figure 1-3 Geometallurgical model diagram 

As pointed out above, geometallurgical modelling has many advantages compared to traditional 

modelling approach. Among other things, it allows better utilization of the ore resources, better 
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metallurgical performance, better controlled mining, better changes in plant optimization, lower 

risks during the operation through better knowledge of the orebody and through more controlled 

process chain and better possibilities for economical optimization of the full operation 

considering metal prices, alternative products and costs of commodities (Lamberg, 2011). 

Given the importance of the geometallurgical modelling, we should also be able to benchmark 

our approaches and methodologies when carrying out our modelling studies. When researchers 

and working professionals want to effectively assess the environmental and economic 

performance of mining projects, there are very limited opportunities in terms of benchmarking 

methods as the data to be used for benchmarking is proprietary from mining companies and 

seldom shared for research purposes. Also, the datasets are scarce and the geometallurgical tests 

are limited. Consequently, there is a need for reference models to benchmark new 

methodologies, including machine learning and deep learning algorithms. Although there are 

some models for this purpose (Garrido et al. 2018; Lishchuk et al. 2016), they are partial and 

they do not include full mineral, element or geometallurgical attributes as a whole.  

The main objective of this thesis is to simulate the mining value chain in a holistic approach. For 

this, a high resolution, synthetic but realistic block model, which includes geological features, 

geochemical data and geometallurgical properties, was developed to represent a mineral deposit. 

This model is used to generate a sampling campaign and to replicate the resource estimation and 

planning methods, which are conventionally used by mining companies and which are compared 

with more advanced techniques. The comparison uses the exhaustive high resolution block 

model as the ground truth, and allows drawing conclusions about the impacts that these 

methodologies have in the final assessment of the project. 
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The chapters in this thesis are organized as follows: A literature review with regard to the 

geostatistical methods for the characterization of spatial variability as well as to the synthetic 

models and digital twins in mining was conducted and the results of this review are given in 

Chapter 2. Also, a discussion on geometallurgical modelling is included in this chapter. 

Constructing the synthetic high resolution block model is the first objective of this study and 

based on the experience of the researchers and the available reference data, this model was 

developed to represent a porphyry copper deposit. The borrowed reference data, the utilized tools 

and the methodology followed during the construction of the block model are discussed in detail 

in Chapter 3. 

The constructed block model is validated in terms of global statistics as well as univariate and 

bivariate relationships and these validation steps are given in Chapter 4. Also, the high resolution 

model is illustrated by means of section and plan views and 3D images obtained from the 

sampled version, which was created to facilitate visualization process, and the categorical and 

continuous variables are described in this chapter.  

The second objective of this study is to demonstrate the potential uses of the model and in 

Chapter 5, an application is shown to give an example of how the model can be used for different 

purposes. Samples were taken from the high resolution model by using a drilling campaign and a 

resource estimation study was carried out based on the drillhole database. The results of the 

resource estimation study were compared against the ground truth. 

The final chapter of this thesis is Chapter 6, where a general discussion is presented and also the 

future works are highlighted. 
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2 Chapter 2 Literature Review 

In this chapter, geometallurgy and geometallurgical modelling are discussed in several aspects, 

the geostatistical methods used to characterize spatial variability are reviewed, and the synthetic 

models and digital twins developed by other researchers in mining are scrutinized. 

2.1 Geometallurgy 

Mining is a comprehensive interdisciplinary industry, which possesses a high level of uncertainty 

due to the sparse nature of data that can be collected during the first two stages in the life cycle 

of a mine, namely prospecting and exploration. The majority of the data, on which the rest of the 

mining value chain is based, is collected during the exploration stage. The more data collected 

during the exploration stage, the more reliable the project is. Also, the methodology followed 

and the strategy adopted during the exploration stage as well as the quality of data are very 

important factors affecting a mining project. When the technical, environmental and social 

challenges are taken into consideration, a typical exploration stage for a precious metal mine, for 

example, could extend from 5 to 10 years. This period of time can be considered as a long-term 

for an investment, whose payback is under control of lots of unknowns to be discovered. Even 

during the development and exploitation stages, exploration studies can be continued to uncover 

the further potential of a mineral deposit. Due to the long term nature of the process and the 

complexities involved, the team carrying out the exploration studies should verify and validate 

each and every step of the methodology that they follow. Given that the data collection is such a 

laborious and costly process, where the unit cost for drilling, for example, can range from US 

$100 to several hundred dollars per meter drilled based on the region, location, country, project, 

topography etc., it should be ensured that the collected data are being utilized in the best manner 
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during the subsequent studies to be performed within the framework of mining value chain. 

Geometallurgy helps us to achieve this goal. It is generally considered as a bridge between 

geology and mineral processing and it has become an important tool for mitigating production 

risks and improving economic performance in today’s mining (Lishchuk et al., 2020). Several 

definitions for geometallurgy have been proposed by researchers with different aspects regarding 

its functionality so far. According to Ortiz et al. (2015), “geometallurgy combines geological, 

mining and metallurgical information to create spatially-based predictive models for mining, 

mineral processing and metallurgy that can be used to control the processes and optimize 

decision-making”. It is an integrated methodology and an iterative process aiming at minimizing 

the risks associated with mining projects by minimizing the uncertainty in spatial variability of 

mineralogy and texture characteristics (Turner-Saad, 2010) as well as a framework to optimize 

mining extraction. In a general sense, it involves material characterization, identification of 

proxy variables to help modelling the response parameters, construction of spatial predictive 

models, processes modelling and controlling procedures and the economic optimization of 

production (Khorram et al., 2020; Lishchuk, 2019; Ortiz, 2019). 

Although some of the definitions of geometallurgy are more specific to the treated commodity or 

to the process, geometallurgy is independent of deposit type and commodity (Lishchuk et al., 

2020), and therefore it can be applied to any mining project in the course of the entire value 

chain from exploration to closure. It generally deals with the primary and secondary properties of 

ore materials where the primary properties are intrinsic to the ore and do not depend on the 

process and can be observed through chemical assays, automated mineralogy (such as 

QUEMSCAN, Mineral Liberation Analyser), X-ray methods and other analytical 
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instrumentation. On the other hand, the secondary parameters, also called response properties, 

describe the behavior of the ore during processing and can be measured with geometallurgical 

tests, such as blasting tests, Bond mill tests, flotation tests, magnetic separation, density 

separation etc. and they are used to predict the outcome and costs of processing (Boogaart and 

Tolosana 2018; Coward et al. 2009; Sepulveda et al. 2016). 

2.2 Geometallurgical Modelling 

Geometallurgical modelling allows us to better model the characteristics and properties of the 

rock materials to be exploited and processed and thus to transfer the variability of input variables 

into the downstream processes (Ortiz, 2019). Geological and mineralogical data that belong to an 

orebody are interpreted within the scope of geometallurgical studies and a geometallurgical 

block model is created based on these interpretations. The data should be generated, integrated 

and interpreted at a high-quality level in order to achieve a reliable geometallurgical model 

which is one of the most critical links of the mining value chain (Sola and Harbort, 2012). 

The objective of geometallurgical modelling is to add value to mining value chain and to 

optimize mining operations and processes by developing predictive block models that include 

important metallurgical parameters based on the variability of the rock characteristics (Ortiz, 

2019; Sola and Harbort, 2012). As discussed in Section 2.1, geometallurgy deals with the 

primary and secondary properties of ore materials. These properties are comprehensively 

included when performing a geometallurgical modelling, during which a number of test samples 

are collected based on the geological attributes, such as lithology, alteration and mineralization, 

in order to determine the metallurgical parameters as well as the distribution of these parameters 

within the orebody. After obtaining the metallurgical test results, appropriate geostatistical 
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techniques are used to populate each block in the geometallurgical model with these parameters. 

Consequently, unlike the case of a traditional modelling, blocks will include not only grades of 

commodities but also lots of geological and metallurgical information regarding the ore deposit. 

Geometallurgical modeling studies are carried out based on programs and these programs should 

be simple and systematic in order not to cause a critical mistake when taking a decision at any 

stage of the mining value chain (Sola and Harbort, 2012). Lamberg, (2011) concisely defines the 

steps in a geometallurgical program as shown in Figure 2-1. 

 

Figure 2-1 Steps in a geometallurgical program 
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There have been many improvements in geometallurgy since its inception. It used to be defined 

as a combination of geology and mineral processing but in today’s practices, it is considered as 

an approach, which additionally involves ore extraction, environmental and economic aspects of 

mining. At present, geometallurgical studies are being carried out at a more detailed level by 

including planning, execution and evaluation of geometallurgical programs and these programs 

are differentiated based on the complexity of the problem and the desirable outcome (Lishchuk et 

al., 2020). 

Artificial Intelligence (AI) is also a powerful tool in solving today’s Earth Science problems. 

Although they are not yet fully incorporated in geometallurgical studies, machine and deep 

learning techniques are rapidly developing in the mining field (Deutsch, 2015; Avalos et al., 

2019) and the optimization of geometallurgical models will be realized via robust approaches 

that utilize machine learning and deep learning concepts. Also, as contribution of machine and 

deep learning techniques increases, mining will become more and more sustainable through 

reduced consumption of resources such as water, energy, equipment and labor (Ortiz, 2019). 

Sample representativeness may be an issue when developing a geometallurgical model as 

insufficient data obtained from drill cores and sending small number of samples for metallurgical 

testing are the weakest points of a geometallurgical program (Lamberg, 2011). In many cases, 

tens of samples that represent large volumes of ore material are being tested and incorporated in 

geometallurgical models (Schouwstra, 2010) but in some cases, the number of samples used can 

be as low as less than ten (David, 2007; Suazo et al. 2010). With the help of the synthetic high 

resolution block model developed within the scope of this study, researchers will have the 

opportunity to test their sampling approaches as they will have an access to the ground truth with 

a very high level of detail. 
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2.3 Geostatistical Methods for the Characterization of Spatial Variability 

Geostatistics provides tools to model variables located in space (usually three dimensional) and 

takes advantage of their spatial structure (continuity) to improve the prediction at locations that 

have not been sampled and to characterize their spatial texture. It mainly deals with two major 

problems namely estimation and uncertainty quantification (Ortiz, 2020). Even though local 

uncertainty can be determined through MultiGaussian and indicator kriging at every estimated 

location, quantification of uncertainty is not possible for larger volumes with these methods 

(Bandarian, 2003; Hosseini et al., 2018). This also makes it difficult to characterize and 

reproduce the spatial variability, which is observed in the sample data, within the estimated 

model (Bolgkoranou, 2019).  

Geostatistical simulation, which is a probabilistic procedure, is an alternative of estimation to 

overcome the drawbacks explained above. It reproduces the spatial variability of the variable of 

interest without smoothing, through many different realizations each of which honors sample 

values, geological interpretation, data statistics and spatial continuity (Ortiz, 2020; Srivastava, 

2013). The reason for building multiple realizations is to be able to quantify variability in a 

transfer function. In other words, at the end of the simulation process, a set of multiple 

realizations are obtained and each of these realizations reflects the variability expected in space 

of the variable and the set of realizations summarizes the uncertainty at every location. In the 

process, however, it trades off local precision to reproduce the spatial continuity (Ortiz, 2020). 

Developing a synthetic model can also be useful to create a complex ‘reality’ that can be used to 

test approaches and compare performance against the ground truth (e.g. exhaustive simulation). 

In this section, the geostatistical tools, i.e. multivariate geostatistical modeling and sequential 
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Gaussian simulation, which were used during the construction of the synthetic high resolution 

block model, are discussed. 

2.3.1 Multivariate Geostatistical Modeling 

Geostatistical modeling simply aims at producing predictions for regionalized variables at 

unsampled locations by using the samples taken at different locations and assuming stationarity 

of the variable within that domain. In a traditional geostatistical modeling approach, only 

univariate and bivariate statistics such as sample histograms and covariance or indicator 

covariances are being conditioned (Guardiano and Srivastava, 1993) and variography is used to 

model the spatial variability (Goovaerts, 1998; Hosseini et al., 2018; Pohlmann, 1993, Rouhani 

and Wackernagel, 1990). Yet, geological and geometallurgical datasets normally require the 

characterization of multiple variables. The conventional multivariate modeling methods, such as 

Intrinsic Model of Coregionalization (Babak and Deutsch, 2008), Linear Model of 

Coregionalization and Markov Models of Coregionalization are utilized for the purpose of 

modeling the datasets with multiple variables, but they are difficult to use because of the 

constraints they impose during modeling. Moreover, they ignore the non-linear dependence 

between the variables and also fail to reproduce the within-variable spatial dependence at all 

sample locations (Junior, 2019). In addition, these methods are limited when dealing with higher 

number dimensions and since they require simultaneous modeling of cross-variograms, the 

modeling process becomes costly in terms of time and inefficient in terms of computational 

performance (Bandarian, 2018; Bolgkoranou, 2019). 

In this study, a high resolution synthetic mineral deposit, which is considered as having a 

complex nature due to its multivariate structure, was developed. Its high resolution texture (i.e. 
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very high number of the nodes to be simulated) is adding more complexity to the process. A 

large number of variables are being dealt with when assigning mineral proportions to the model 

and complex spatial multivariate relationships do exist amongst these variables, which are 

related to one another by physical (geological) phenomena (Wackernagel, 1988). Modeling 

several spatially correlated variables can be challenging (Sepulveda et al., 2016). Thanks to the 

multivariate statistical methods and geostatistical simulation techniques, however, the 

multivariate relationships observed in the input dataset can be preserved in the resulting model as 

well (Lin, 2002). 

Several transformation methods have been developed to overcome the challenges associated with 

joint modeling of multiple spatially correlated variables. These methods basically transform 

variables to be modeled into univariate or multivariate Gaussian, making them ready for further 

geostatistical tools such as Gaussian Simulation. The said methods are briefly explained in the 

following sections.  

Principal Component Analysis (PCA) 

Being one of the most common multivariate data analysis methods, PCA linearly transforms high 

dimensional data into a new orthogonal frame where the axes are ordered based on the observed 

variance among the correlated variables in the dataset. As a result of this linear transformation, 

these correlated variables turn into statistically uncorrelated factors and a truncated PCA 

representation provides an objective reduced-order representation of the original data (Kalidindi 

et al., 2015; Wackernagel, 2003). In other words, the factors are a combination of the original 

variables and they are derived in decreasing order of importance in such a way that the first 

factor accounts for as much as possible of the variation in the original data (Tercan and 
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Sohrabian, 2013). However, the decorrelation occurs to collocated data, which means there is no 

guarantee that there will be decorrelation at distances larger than zero (i.e. cross variograms may 

still have some structure even after PCA). More information on principal component analysis can 

be found in Jolliffe (2002). 

Minimum/Maximum Autocorrelation Factors (MAF) 

As a decorrelation method, MAF transforms variables into uncorrelated factors for all lag 

distances based on the assumption that the covariance structure of the variables can be 

adequately modelled using a two structure linear model of coregionalization. This assumption 

can be restrictive as it is using a model that consists of either a nugget plus one structure or two 

structures. This model may be inadequate to characterize all cross semivariograms (Bandarian, 

2008; Ferreira, 2010). Some researchers also concluded that the MAF approach is not capable of 

reproducing non-linear relationships among the variables (Bandarian, 2018; Rondon and Tran 

2008). 

Alternating Columns and Diagonal Centres (ACDC)  

ACDC is another decorrelation method, which was first proposed by Yeredor in 2000 and which 

is based on an iterative algorithm that approximately diagonalizes a set of symmetric matrices. It 

is a joint approximate diagonalization (JAD) method, which is basically split into two categories: 

i) deriving an orthogonal diagonalization matrix, ii) weakening the orthogonality constraint to 

non-singularity of the diagonalizer. ACDC is considered in the second category. For 

geostatistical applications, the set to be jointly approximately diagonalized consists of 

experimental semi-variogram matrices. The transformation matrix derived from this method will 

approximately spatially decorrelate the given attributes, in the sense that the cross correlations 
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between distinct attributes are approximately equal to zero (Bandarian, 2018).  

Projection Pursuit Multivariate Transform 

Projection Pursuit (PP) is a linear transformation method first introduced by Friedman and Tukey 

in 1974. It was adapted from the Projection Pursuit Density Estimation (PPDE), which is used to 

determine the joint probability density function of a multivariate distribution (Barnett et al., 

2012). Unlike PCA, where an orthogonal global transformation takes place, Project Pursuit 

Multivariate Transform (PPMT) focuses on finding some directions onto which the 

multidimensional data can be projected to reveal useful characteristics (Sepulveda et al., 2016).  

Stepwise Conditional Transformation 

As a multivariate transformation method, Stepwise Conditional Transformation is used to 

transform multiple correlated variables to independent (i.e. with no cross correlation) Gaussian 

distributed variables. In other words, it removes all correlation features between the variables 

producing independent model variables at lag distance of zero (Leuangthong and Deutsch, 2003). 

It is the same as the normal score transformation for a univariate dataset. As the dimension in the 

dataset increases, the normal score transformation of the variable n is defined as being 

conditional to the probability class of the first n - 1 variables. 

Used Decorrelation Method 

PCA, the earliest decorrelation method (Wackernagel, 2003), is commonly used in geostatistics 

to transform a set of attributes into spatially uncorrelated factors that can be simulated 

independently (Mueller, 2012). Although, it has some shortfalls compared to other decorrelation 

methods, such as MAF, which can perform decorrelation at all separation distances. PCA, thanks 

to its simplicity, was selected as the decorrelation method prior to continuing with the simulation 
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process, given the complexity associated with the methodology followed when developing the 

synthetic high resolution block model. 

2.3.2 Sequential Gaussian Simulation 

Simulation is broadly defined as the process of replicating reality using a model. In geostatistics, 

it is the realization of a random function that has the same statistical features as the sample data 

used to generate it (measured by the mean, variance, and semivariogram) (Esri, 2019). 

Sequential Gaussian Simulation is one of the most common geostatistical simulation methods 

used for populating a grid with a Gaussian random field. The theoretical foundation of this 

method implies that all previously simulated nodes, referred to as neighbors, should be included 

in the kriging system of each newly simulated node (Nussbaumer et al., 2018) to ensure their 

spatial correlation is honored (Ortiz, 2019). Figure 2-2 shows the implementation steps of 

sequential Gaussian Simulation.  

2.4 Compositional Data Analysis 

According to Aitchison (1994) “compositional data consisting of vectors of positive components 

subject to a unit-sum constraint”. Pawlowsky-Glahn and Egozcue (2006) state that compositional 

data are parts of some whole and that they are recorded as closed data in most cases. All kinds of 

samples, such as grab samples, rock chips, drillhole samples, soil samples etc. taken during an 

exploration program, for example, are compositional data. This means that the elemental and 

mineralogical proportions in these samples should sum up to a constant value, which is typically 

either 1 or 100% in the case of geochemical data. 
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Figure 2-2 Implementation steps of sequential Gaussian simulation (modified from Ortiz, 2019) 

Standard statistical techniques are designed to be used with data that are free to range from 

minus infinity to plus infinity. Therefore, the application of standard techniques on 

compositional data can result in incorrect statistical inference as this type of data are always 

positive and range only from 0 to 100 or any other constant, when given in closed form. If one 

component increases, others must decrease to account for the constant sum (Pawlowsky-Glahn 

and Egozcue, 2006). 

One solution for this closure problem is the log-ratio transformation, which is also a part of the 

methodology as discussed in Section 3.5. Log-ratio transformation creates new variables from 
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compositional data and these new variables are not bounded and can be used for statistical 

analysis. The result of these statistical analysis must then be back-transformed to proportions, 

ensuring the closure once again. 

Additive, centered and isometric log-ratio transformations are the most commonly used 

transformations for different purposes. Similar to the methodology proposed by Bolgkoranou and 

Ortiz (2019), the additive log-ratio transformation was used in this study. According to this 

transformation method, the logarithm of the ratio between each component and one of the 

variables, i.e. residual variable in our case, is taken. 

2.5 k-Nearest Neighbors (k-NN) 

Geological features namely, lithology, alteration and mineralization were assigned to the 

synthetic mineral deposit by using the nearest neighbors algorithm. k-Nearest Neighbors is one 

of the simplest, supervised machine learning algorithms used to solve both classification and 

regression problems. It is a similarity based algorithm that classifies an instance according to the 

most frequent class (majority) among the k-nearest neighbor instances within a predefined 

distance. Here the parameter k denotes the number of neighbors that will vote when determining 

the value of an unknown instance. The value of the parameter k should take an odd value in order 

to ensure that the majority is guaranteed. In this study, the value of the parameter k was chosen 

as 1, which means that an unsampled location had taken the value of its nearest neighbor (Cherif, 

2018). 

The k-NN algorithm provides a good representation of the extent of the domains under the 

circumstances where a large number of data is available, as it is a simple method that provides 

classification often very close to the optimal Bayes classifier (James et al., 2017). 
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2.6 Synthetic Models and Digital Twins 

A literature review was conducted regarding the synthetic models and digital twins in order to 

explore what other researchers have studied so far about developing synthetic datasets and 

models. 

The synthetic models developed by other researchers are not high resolution and they generally 

extend over limited spaces with less number of variables assigned to them. Some of them were 

built only by using geometric rules and without using geostatistical tools. In some of the works, 

synthetic databases were simulated, rather than block models that represent mineral deposits. 

Also, most of these models were built and customized only for specific purposes to meet certain 

criteria to allow researchers to test their methodologies or approaches in the corresponding 

works. 

On the other hand, the block model, which was built within the scope of this study by using 

advanced geostatistical methods, contains geological, mineralogical and elemental information to 

mimic a mineral deposit with a very high resolution of 2.5m x 2.5m x 5m over an extension for 

2000m x 2000m x 1000m in the easting, northing and elevation directions, respectively. Garrido 

et al. (2018) presented a reproducible methodology for the simulation of a synthetic 

geometallurgical block model (GMBM) with special interest in preserving the coherence 

between geology, mineralogy and grades. Their methodology is based on three main 

components: i) multivariate geostatistics, ii) froth flotation simulation models, and iii) well 

known performance plant parameters. GMBM includes four response attributes namely Bond 

Work Index (BWi), specify energy consumption, copper recovery, and Klimber’s 𝐾 constant, 

which is a flotation kinetic. 
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They simulated the GMBM in four steps: i) geological simulation, ii) mineralogical simulation, 

iii) geochemical simulation and iv) metallurgical simulation. 

Geological features, namely lithology, alteration and mineralization were simulated by using 

indicator simulation with BlockSIS algorithm (Deutsch, 2006) and their methodology can be 

implemented by using both real and synthetic drillhole data as input. For simplicity and in order 

to reduce computational time in this thesis, geological features were assigned to the block model 

by using the nearest neighbors algorithm as the model accommodates 128 million nodes in total. 

Yet, very realistic geological domains were obtained in the model. 

For the mineralogy simulation, they imposed a separate multivariate spatial linear model of 

coregionalization (LMC) for each geological domain by considering relationships between 

minerals in each domain, whereas, in this thesis, a real mineralogy database obtained from assay 

analysis was used as the reference data and the steps of compositional data analysis, linear 

transformation (principal component analysis) and sequential Gaussian simulation and back 

transformations of these transformations were followed in order to preserve the relationships 

amongst the minerals. 

For the geochemical simulation, our approaches are similar in that we both deduced element 

contents from the simulated minerals by calculating the element proportions from the chemical 

formulae of the minerals.  

Garrido et al. (2018) also simulated the metallurgical variables, whereas these variables were not 

simulated in the first version of this high resolution block model. But metallurgical variables, 

such as Bond Work Index, SAG Mill Power Index, flotation recovery etc. can easily be added to 

the block model by following a similar methodology proposed in this study. 
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Similarly, Garrido et al. (2020) developed a synthetic exploration and geometallurgical database 

for a porphyry copper deposit for educational purposes. They proposed a methodology to 

simulate geometallurgical data with geostatistical tools by preserving the coherent relationship 

among primary attributes, such as grades and geological attributes, with mineralogy and some 

response attributes, for example, grindability, throughput, kinetic flotation performance and 

recovery. The methodology they proposed was implemented in three steps: i) definition of spatial 

relationship between geometallurgical units, ii) cosimulation of regionalized variables with 

geometallurgical coherence and iii) simulation of georeferenced drill holes based on geometrical 

and operational constraints. They concluded that they obtained very realistic geometallurgical 

drillholes, which are consistent with the input statistics and coherent in terms of geology and 

mineralogy, and which produced realistic processing metallurgical performance responses. This 

work did not focus on building a model, rather it was carried out to create synthetic 

geometallurgical databases in which the coherent relationship among primary attributes, 

mineralogy and geometallurgical response attributes were preserved. Their methodology was 

based on the transfer of the simulated attributes of the geometallurgical block model (GMBM) to 

a geometallurgical database (GMDB). Also, the work was not carried out with a high resolution 

and the researchers used another geostatistical method, e.g. cosimulation, when simulating the 

regionalized variables. 

Lishchuk et al. (2016) carried out a study on evaluation of sampling in geometallurgical 

programs by making use of a synthetic deposit model called synthetic geometallurgical testing 

framework (SGTF), which was created based on an iron ore deposit and which provides an 

environment where different scenarios can be effectively tested. Each voxel, i.e. the smallest 

units, in their synthetic ore deposit has information on lithology, mineralogy, chemical 
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composition, mineral textures, mineral grade and specific gravity. The synthetic orebody was 

then used for the purpose of comparing different geometallurgical testing methods. It was 

virtually sampled with different sampling densities, ten geometallurgical predictive models were 

created by using these samples based on the nearest neighbors algorithm and these models were 

compared with each other to evaluate the number of samples needed for geometallurgical testing 

to create a reliable production forecast. The models built within the framework of this work are 

very simplistic and based on geometric rules and they were built without the use of geostatistical 

tools, such as geostatistical simulation. 

In a similar manner as their previous work, Lishchuk et al. (2018) simulated the mining value 

chain with a synthetic orebody model that they built by using the real data belonging to an iron 

deposit for the purpose of constructing a synthetic testing environment. They constructed their 

model in two modules, namely: i) the synthetic deposit model and ii) synthetic sampling model 

each of which possesses the same meta data and same type of information, e.g. elemental 

composition, mineralogy, recoveries, throughput, mining cost, value etc. As in the case of their 

previous work, this model was built based on a voxel model without using geostatistical 

methods. They modelled (approximated) the domains with simple geometrical bodies (ellipsoids) 

and used Boolean operations when resolving the interactions or conflicting overlaps between 

different domains. Mineral distribution for each voxel was modeled as a function of coordinates 

of the voxel in the block model by considering mineralogical difference between geological 

domains and preserving relevant quantities, distribution and composition of the minerals. They 

defined a function, M: mineral grade, which is scaled to the interval of minimum and maximum 

values defined for the corresponding mineral. This function is dependent on a trend function, T, a 

systematic error, S and a random error, N, all of which are the functions of coordinates (x, y, z) of 
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the voxel. With this model, they tested the downstream implications caused by changes in 

upstream parts of the mining value chain by stating that their approach is not a substitute for the 

existing geostatistical approaches or process models but is a tool for testing the sensitivity of the 

project to constraints at different stages of the mining value chain. 

Li et al. (2020) used a synthetic dataset to demonstrate and validate their algorithm in which they 

developed to predict grade heterogeneity at smaller scales by rapidly updating the local resource 

model with the newly acquired data in time for selectivity decision to be made (e.g. selective 

blasting and loading from a resource block). They proposed an approach, based on the Kalman 

filter, for near real-time resource model downscaling and updating by integrating additional data 

from production blast holes. In this approach, the model assimilates newly acquired data and 

generates measures of small-scale grade heterogeneity to provide a basis on which better 

selective mining and loading decisions can be made. They built a synthetic ground truth on the 

scale of a grid of 0.1m x 0.1m x 0.2m by using sequential Gaussian simulation with an 

anisotropic spherical variogram model. Later, they sampled their fine-grid ground truth to obtain 

sampling data. The ground truth was then upscaled from the fine-grid scale to the selective 

mining unit scale for comparison with the updated results. This model was only used for testing 

their approach in terms of grade heterogeneity for a comparison between updated and predicted 

models. It does not represent an exhaustive mineral deposit as it lacks most of the variables that 

are assigned to the high resolution model within the scope of this study. Though, the intended 

purpose of their model is similar to that of the high resolution model developed in this study: i) 

simulating a ground truth at a fine scale, ii) extracting samples from this ground truth, iii) 

comparing the predicted models with the ground truth. 
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Digital twin is another concept that has become popular in today’s mining industry and digital 

twin modeling is a useful and beneficial concept in the process of transitioning to digital mining. 

Although it would not be a direct comparison, digital twin modeling has a similar purpose to the 

model developed in this study. 

Hernández and Hernández (1997) first used the “digital twin” terminology in their work on 

application of digital 3D models on urban planning and highway design (Liu et al., 2021). 

Hodgkinson and Elmouttie (2020) describe digital twin, in their work called “Cousins, Siblings 

and Twins: A Review of the Geological Model’s Place in the Digital Mine”, as follows: “A 

digital twin, which is more than a digital model or a digital simulation, is a connection via 

sensors and data, between a physical object and its digital model, to inform decision makers on 

current progress, and through simulation processes it uses that constantly update datasets to 

predict future processes”.  

Stothard et al 2019 brought a definition which is more specific to mining industry: “A digital 

twin is a digital representation of a real mine site environment that brings together various data 

sets for analysis and monitoring”. They mentioned an opportunity presented by the Mixed 

Reality (MR) simulation, whose objective is to have both a ‘virtual space’ and ‘reality’ available 

within the same environment, to improve knowledge and understanding of mine operations via a 

digital twin.  

Elmo and Stead (2020) discuss in their research the development of a rock mass digital twin and 

machine learning capabilities for rock mechanics. They show the components of the concept of 

modeling a rock engineering digital twin by outlining the challenges facing the rock engineering 

community. 
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3 Chapter 3 Model Construction 

In this chapter, the process of developing the synthetic high resolution block model (HRBM), 

which is the primary objective of this thesis, is discussed. The reference data borrowed, the 

geostatistical tools utilized as well as the methodology followed during the development of the 

HRBM are all given in detail in this chapter. 

The HRBM incorporates realistic features and is based on real statistical and spatial parameters 

obtained from real databases, but it is unconditional to any real sample value, hence it provides 

realistic features in a synthetic environment. The model will allow us to mimic exploration, 

estimation, planning and extraction phases in the mining value chain and its block-averaged 

version can be used for a variety of purposes as it provides an access to the ground truth. 

Open source programming language Python and the tools in the Geostatistical Software Library 

(GSLib Tools) (Deutsch and Journel, 1997) were used during the model construction. GSLib 

Tools were integrated into Jupyter Notebook, which is an open source interactive web tool that 

supports Python programming language, for the methodology steps that require geostatistical 

applications. The process of compositing of the drillhole database from which the reference 

mineralogy data was obtained was performed by using Maptek Vulcan software. Vulcan was 

also used to get visuals for plan views, easting and northing cross-sections as well as 3D images 

of the HRBM. These visuals, which belong to the sampled version of the HRBM that 

incorporates 4 million blocks, are given in Chapter 4 and in the corresponding Appendices. 

3.1 Model Properties and Methodology 

The synthetic HRBM was built within the scope of this study to mimic a porphyry copper 
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deposit for benchmarking mining technologies. Many different real porphyry copper deposits 

were explored to define the geological features and mineral proportions in each domain and to 

develop the dataset to be used when developing the HRBM. A comprehensive exploratory data 

analysis was carried out in order to fully understand the real data and to be able to implement the 

methodology discussed here in an appropriate and efficient manner.  

Within the scope of this study, the first version of the model including the geological features 

and geochemical data was developed. Metallurgical parameters, such as hardness (BWI and SPI) 

and flotation recovery are the ones to be assigned to the model within the framework of future 

studies. Figure 3-1 shows the simplified methodology followed during the construction as well as 

the parameters that each node in the model possesses. Details of the parameters are given in the 

following sections in this chapter. 

 

Figure 3-1 Model construction methodology 

First, a blank block model was created by using the specifications shown in Table 3-1. Then the 

geological features, i.e. lithology, alteration and mineralization were added to model and 

geological domains were defined based on the combinations of these three geological features. 

Afterwards, mineral proportions were assigned under the geochemistry heading and then element 
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compositions were calculated from these mineral proportions. The resultant block model was 

then validated in terms of geological, spatial and statistical consistency. Steps of the validation 

process as well as the results are given in Chapter 4. Later on, the HRBM is cut by a synthetic 

topography to flag the nodes in the block model whether they are above or below the 

topography. With this final step, the model is ready for further use. 

3.2 Creating Blank Block Model 

The blank block model for the synthetic ore deposit was built at a resolution of 2.5 m x 2.5 m x 

5.0 m over an extension of 2000 m x 2000 m x 1000 m in the easting (X), northing (Y) and 

elevation (Z) directions, respectively. Thereby, it contains 128 million nodes in total. The origin 

of the HRBM is at (0, 0, 0) and the index values of the nodes are increasing in the order of X, Y, 

Z axes. 

Table 3-1 Blank block model specifications 

 Origin (m) Number of Nodes Spacing (m) Extension (m) 

Easting (X) 0 800 2.5 2,000 

Northing (Y) 0 800 2.5 2,000 

Elevation (Z) 0 200 5 1,000 

 Total 128,000,000   

 

This resolution was found to be the optimum resolution as it is manageable with 128 million 

nodes and still dense enough to characterize the scale of the drilling samples. The other 

alternatives to this resolution would be creating the blank block model over the same extension 

in the X, Y and Z directions with: 

i. 5 m x 5 m x 5 m: This option would be one level below in terms of resolution and 

would yield 32 million nodes, which can still be considered as a high resolution. But 
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obviously, it would not characterize the deposit as much as the fairly manageable 

current resolution does. 

ii. 2.5 m x 2.5 m x 2.5 m: This option would be one level above in terms of resolution and 

would yield 256 million nodes. Although it would give a similar result in terms of 

characterizing the mineral deposit, it would be costly to carry out simulations for this 

resolution even when using a computer with a fairly powerful configuration. 

3.3 Assigning Geological Features 

After creating the blank block model, geological features namely lithology units and alteration 

and mineralogy types, which have great influences on the downstream processes of the mining 

value chain, were added to the block model by using a reference dataset that was distorted in its 

geometry, and then interpolated using the nearest neighbors algorithm. Table 3-2 shows the 

statistical description of the reference geological data borrowed from a real deposit.  

Table 3-2 Reference geology data borrowed from a real mineral deposit 

 
count unique top freq min max 

xcentre (m) 9837 

NaN 

3.76 1989.04 

ycentre (m) 9837 19.90 1998.10 

zcentre (m) 9837 6.16 979.44 

lith 9837 12 20 4485 

NaN alte 9837 9 800 8112 

mine 9837 6 19 6487 

 

A total of 9837 samples were used when assigning geological features. There are 12 lithological 

units, 9 alteration and 6 mineralization types in the database. These geological features are 

indicated by numerical codes in the following sections of this thesis. The descriptions of the 

numerical codes are given in Table 3-3, Table 3-4 and Table 3-5 for lithology, alteration and 

mineralization, respectively.  
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Table 3-3 Lithological units and the codes assigned to them 

No Lithological Unit Code 

1 Gravel 10 

2 Breccias 80 

3 Porphyry 3 (Late) 58 

4 Porphyry Secondary (Molybdenum) 57 

5 Porphyry 1 (Main) 55 

6 Sediments 20 

7 Porphyry 2 (Low grade) 56 

8 Dacites 40 

9 Andesites 49 

10 Hornfel 60 

11 Skarn 70 

12 Anhydrite 90 

 

Table 3-4 Alteration types and the codes assigned to them 

No Alteration Type Code 

1 Host Rock 800 

2 Argillic 400 

3 Quartz Sericitic 200 

4 Sericite Chlorite 300 

5 Potassic 100 

6 Propylitic 500 

7 Hornfel 600 

8 Skarn 700 

9 Anhydrite 900 

 

Table 3-5 Mineralization types and the codes assigned to them 

No Mineralization Type Code 

1 Non-mineralized zone 19 

2 Leached (LIX) 11 

3 Partially Leached (PLIX) 13 

4 Oxide (OX) 14 

5 Mixed (MIX) 17 

6 Primary (PRI) 18 
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Table 3-6 shows the number of the reference samples under each category of lithology, alteration 

and mineralization. 

Table 3-6 Number of reference samples under each category of lith., alte. & mine. 

Lith Code # of Samples  Alte Code # of Samples  Mine Code # of Samples 

20 4485  800 8112  19 6487 

49 2613  300 495  18 2753 

10 1405  200 381  11 367 

56 583  500 328  13 192 

60 328  600 228  14 20 

90 176  100 216  17 18 

40 114  900 50  Total 9837 

55 60  400 19    
70 32  700 8    
80 19  Total 9837    
58 17       
57 5       

Total 9837       
 

Table 3-7 shows the number of the nodes in the HRBM under each category of lithology, 

alteration and mineralization and the cross-frequency tables for these geological features are 

given in Appendix A. 

Table 3-7 Number of nodes in the HRBM under each category of lith., alte. and mine. 

Lith Code # of Samples  Alte Code # of Samples  Mine Code # of Samples 

20 58,855,505  800 103,701,324  19 82,905,699 

49 34,523,234  300 6,655,666  18 37,070,487 

10 18,752,895  200 5,539,865  11 4,815,644 

56 6,010,021  500 4,883,401  13 2,671,264 

60 4,581,373  600 3,248,328  17 300,523 

90 2,021,846  100 2,993,017  14 236,383 

40 1,622,015  900 651,196  Total 128,000,000 

55 807,386  400 214,798    

70 390,184  700 112,405    

80 193,276  Total 128,000,000    

58 159,143  
  

   

57 83,122       

Total 128,000,000       
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3.4 Defining Geological Domains 

Geological domains were defined based on the combinations of the lithological units and 

alteration and mineralization types as shown in Table 3-8. A total of 16 domains exist in the 

block model. Table 3-9 shows the number of nodes in each domain as well as the percentages 

based on the number of nodes in the corresponding domain. The tables showing the cross-

frequency relationships between the geological features and the domains are included in 

Appendix A.  

Table 3-8 Definitions of geological domains 

No Domain Lith Alte Mine Description 

1 111 ALL ALL 11 Leached (LIX) - All Low Grade 

2 222 ALL ALL 13 Partially Leached (PLIX) - All Low Grade 

3 333 ALL ALL 14 Oxide (OX) - All Low Grade 

4 444 20 <= 300 17 Mixed (MIX) in Quartz, Sericite & Sericite Chlorite / Sediments 

5 499 Not 20 > 300 17 Mixed (MIX) – Other 

6 520 20 ALL 18 Primary in Sediments 

7 530 55, 58, 57 ALL 18 Primary in Porphyries 

8 532 56 ALL 18 Primary in Low Grade Porphyry 

9 540 40, 49 ALL 18 Primary in Dacite and Andesite 

10 560 60, 70, 90 ALL 18 Primary in Hornfel, Skarn, Anhydrite 

11 566 ALL 600 18 Primary in Hornfel 

12 577 ALL 700 18 Primary in Skarn 

13 580 80 ALL 18 Primary in Breccias 

14 588 ALL 800 18 Primary Not Altered 

15 599 ALL 900 18 Primary in Anhydrite 

16 888 ALL ALL 19 Host Rock 
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Table 3-9 Numbers and percentages of nodes per domain 

Domain # of Nodes % by # of Nodes 

111 4,815,644 3.76 

222 2,671,264 2.09 

333 236,383 0.18 

444 117,683 0.09 

499 182,840 0.14 

520 10,219,707 7.98 

530 862,048 0.67 

532 3,254,818 2.54 

540 4,264,414 3.33 

560 415,839 0.32 

566 3,248,328 2.54 

577 112,405 0.09 

580 173,600 0.14 

588 13,868,132 10.83 

599 651,196 0.51 

888 82,905,699 64.77 

Total 128,000,000 100.00 

 

 

 

3.5 Assigning Mineral Proportions 

Mineral proportions (MPs) are the base for the simulation of the elements on the HRBM. They 

are compositional variables, which are constrained by the sum of their proportions. In order to 

handle this constraint when building a model and to ensure that the relationships between the 

variables are preserved and that the sum of the components is kept, compositional data analysis 

is used. A collection of real databases of MPs in different domains is obtained from different 

porphyry copper deposits.  

Multivariate geostatistical simulation using Principal Component Analysis was utilized to 

reproduce the statistical relationships between the MPs in the synthetic high resolution ore 

deposit model. This is a simple approach to handle multiple variables, but the results of the 
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comparison between the reference and the simulated mineral proportions showed, as discussed in 

Section 4.2.2, that this approach was successful in terms of conserving the relationships among 

the mineral proportions. More sophisticated methods, such as those discussed in Section 2.3.1 

(MAF, ACDC, projection pursuit multivariate transform, stepwise conditional transform) could 

be used to improve the multivariate reproduction of the features, but considering the complexity 

of the methodology followed here, PCA was preferred because of its simplicity. 

The simulation methodology discussed in this section splits into two based on the available 

reference data points to be used to carry out Principal Component Analysis. A sufficient number 

of reference data points should be available to carry out a reliable Principal Component Analysis. 

The structure of the data and its distribution over the domains are discussed in the following 

section. 

Data 

The data for mineral proportions is based on the results of mineralogy analysis of a real porphyry 

copper deposit. According to the results obtained from exploratory data analysis and based on 

the those of assay analysis, out of 39 minerals, 19 were found to be significant and the rest of the 

minerals were grouped as ‘Residual’ to ensure that the total mass analyzed is preserved. Table 

3-10 shows the list of these 19 minerals (variables) for which the simulation methodologies 

shown in Figure 3-2 and Figure 3-3 were implemented. Chalcopyrite, chalcocite_covellite and 

bornite are the copper bearing minerals in the block model. Based on a rough cut-off grade 

assumption, the economic copper resource exists in Domain 499 as well as in the domains whose 

code start with digit “5”, except Domain 588, which is a primary but non-altered domain.  
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Table 3-10 Minerals assigned to the HRBM 

No Mineral Abbreviation  No Mineral Abbreviation 

1 chalcopyrite cpy  11 sericite serc 

2 chalcocite & covellite cc_cv  12 chlorite clor 

3 bornite bn  13 albite alb 

4 pyrite py  14 epidote epid 

5 molybdenite mo  15 calcite calc 

6 quartz qz  16 anhydrite anh 

7 plagioclase plg  17 apatite apatit 

8 k-feld kfeld  18 rutile rutile 

9 biotite biot  19 ilmenite ilme 

10 tourmaline turmal     
 

 

As pointed out in the Section 3.4, the synthetic mineral deposit was divided into 16 domains 

based on the combinations of lithology, alteration and mineralization attributes assigned to the 

HRBM. The numbers of reference mineralogy samples in each domain are given in Table 3-11. 

Domains 520, 530 and 540 are the ones with a sufficient number of reference samples for a 

reliable PCA and the methodology shown in Figure 3-2 was used for the simulation of these 

domains. For the rest of the domains where there is not enough number of reference data for a 

reliable principal component analysis, PCs were borrowed from these three domains based on the 

similarity between the donor and acceptor domains as shown in Table 3-12. Nevertheless, 

borrowing PCs from these three corresponding domains was only for the purpose of using the 

correlations among the variables, and the marginal distributions of the mineral proportions are 

still different, leading to different distributions in terms of element concentrations in each 

domain. 
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Table 3-11 Number of samples in each domain 

Domain # of Samples 

111 0 

222 5 

333 0 

444 1 

499 5 

520 274 

530 184 

532 5 

540 787 

560 5 

566 11 

577 10 

580 19 

588 0 

599 7 

888 0 

Total 1313 
 

Table 3-12 PC borrowing table 

Domain Description 
PC Borrowed 

Domain 

111 Leached (LIX) - All Low Grade 540 

222 Partially Leached (PLIX) - All Low Grade 540 

333 Oxide (OX) - All Low Grade 540 

444 Mixed (MIX) in Quartz (Qz) Sericite & Sericite Chlorite / Sediments 540 

499 Mixed (MIX) – Other 540 

520 Primary in Sediments Self 

530 Primary in Porphyries Self 

532 Primary in Low Grade Porphyry 530 

540 PRIMARY in DACITE And ANDESITE Self 

560 Primary in Hornfel, Skarn, Anhydrite 530 

566 Primary in Hornfel 530 

577 Primary in Skarn 530 

580 Primary in Breccias 530 

588 Primary Not Altered 520 

599 Primary in Anhydrite 530 

888 Host Rock 520 
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3.5.1 Simulation of Minerals Proportions for Domain 520, 530 and 540 

Forward Transformations 

According to the methodology proposed by Bolgkoranou and Ortiz (2019), mineral proportions 

(MPs) and a filler variable, which is the residual in our case, were transformed to log-ratios 

(LRs) by using the additive log-ratio approach to impose the sum to 100%. These 19 LRs are 

now unbounded and they can have values from minus infinity to plus infinity. However, they are 

still correlated with each other and thus they need to be simulated together simultaneously, 

which would cause the simulation process to be almost impossible due to the complexity of joint 

modeling of direct and cross variograms. In order to overcome this issue, these LRs were linearly 

transformed to Principal Components (PCs) that are uncorrelated and that can be independently 

simulated one by one. The obtained PCs were then transformed to normal scores (nScores) and 

the corresponding lookup tables were obtained as a result of this nScore transformation of the 

PCs in order to be used during the first backward transformation, which is from post-simulation 

nScores to simulated PCs. 

Sequential Gaussian Simulation 

At this stage, synthetic conditioning data was created by performing Sequential Gaussian 

Simulation (SGSim) for 128 million nodes by feeding the reference variogram models for each 

mineral. The piece-wise SGSim tool of GSLib (Ortiz and Deutsch, 2002) was used to create this 

data as the number “128 million” is beyond the limits of the conventional SGSim tool. Each 

node in this synthetic conditioning data was then assigned to its appropriate domain in order to 

allow for each domain to have its simulated mineral proportion distribution at the end of this 

methodology. 
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Backward Transformations 

As the first step of three backward transformations, the post-simulation nScores of the PCs were 

back-transformed to the simulated PCs by using the lookup tables obtained during the nScore 

transformation of the PCs. Simulated PCs were then back-transformed to simulated LRs and as 

the final step of the simulation methodology, the simulated LRs were back-transformed to 

simulated MPs. From here, simulated grades of different elements can easily be calculated. 

Smoothing Steps 

After completing all the steps of the simulation methodology, the reference and the simulated 

MPs were compared in terms of global statistics, univariate relationships and bivariate 

relationships within the scope of validation studies. Based on the results of this comparison, it 

was decided to add two smoothing steps to this methodology in order to obtain more realistic 

MPs in the synthetic HRBM, since many of these statistics were distorted by the successive 

back-transformation and the departures from the underlying multiGaussian assumption required 

for sequential Gaussian simulation. One of these smoothing steps was applied to the simulated 

LRs and the other one was applied to the simulated MPs as indicated in Figure 3-2 where the 

overall simulation methodology flow chart for the multivariate geostatistical simulation is 

shown. 

The smoothing process was performed by using the “histsmth executable” of the GSLib Tools. 

“histsmth.exe” allows the target mean and variance, usually informed by declustered sample 

statistics, to be identified. It uses a simulated annealing procedure (Deutsch, 1996) to obtain a 

smoothed distribution that includes a smoothness criterion, closeness to input quantiles, and 

closeness to target mean and variance values (Deutsch and Journel, 1997). 

The validation steps for this simulation and the results thereof are given and discussed in Chapter 4. 
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3.5.2 Simulation of Mineral Proportions for the Rest of the Domains 

As mentioned above, the simulation methodology discussed in Section 3.5.1 requires a sufficient 

number of reference data points in order to perform a reliable PCA. As the domains highlighted 

in yellow in Table 3-11 do not have enough number of reference data for a proper PCA, the 

methodology shown in Figure 3-3 was applied to them by borrowing PCs as per Table 3-12. The 

domains from which the PCs are borrowed were selected based on the similarity with and 

proximity to the acceptor domain in question.  

The methodology shown in Figure 3-3 is very similar to the one shown in Figure 3-2. This time, 

however, the starting point is the mineral proportions of the domain from which the PCs are 

borrowed instead of the ones that belong to the domain that is currently being simulated. The 

steps are exactly the same including the final step in the methodology, which is the back-

transformation from simulated LRs to simulated MPs. This methodology differs from the 

previous one at this stage as there is a scaling step instead of two smoothing steps. The mineral 

proportions in these domains were determined and either scaled up or down in consultation with 

experienced geologists in order to reproduce the expected mineral proportion distributions (and 

consequently, elemental grade distributions) on these less informed domains. 
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Figure 3-2 Simulation methodology to assign mineral proportions to Domains 520, 530 & 540 
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Figure 3-3 Simulation methodology to assign mineral proportions to the rest of the domains 
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3.6 Assigning Element Concentrations 

Having mineral proportions assigned to the HRBM, contents of the chemical elements that 

make up those minerals were calculated by using chemical formulae of the mineral 

compositions and the corresponding atomic weights shown in Table 3-13. Molar masses shown 

in this table are manually calculated by using the molecular formulae of the minerals and 

compared with the ones found in the literature. The comparison results show that the similarity 

between the manually calculated molar masses of the minerals and the ones found in the 

literature is 99.99%. This table also shows the matrix for conversions from mineral proportions 

to chemical elements. A total of 17 elements were assigned to the block model. 

 

3.7 Cutting the HRBM by Topography 

After all variables were added, the HRBM was cut by a relatively smooth synthetic topography. 

The nodes were flagged whether they are above or below the topography. The nodes above the 

topography were flagged with the code “1” and considered as “air nodes” and their original 

values for all of the variables were replaced by -999 for the purpose of exploration and mine 

planning studies. The nodes below the topography were flagged with the code “0”. 
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Table 3-13 Elements assigned to the HRBM & conversion matrix from minerals to elements 

No Abbr. Mineral 
Molecular 

Formula 

Molar 

Mass 
Al B C Ca Cu F Fe H K Mg Mo Na O P S Si Ti Sum 

1 cpy chalcopyrite CuFeS2 183.52 0 0 0 0 34.63 0 30.43 0 0 0 0 0 0 0 34.94 0 0 100 

2 cc_cv 
chalcocite &  
covellite 

Chalcocite: Cu2S 
Covellite: CuS 

127.38 0 0 0 0 74.83 0 0 0 0 0 0 0 0 0 25.17 0 0 100 

3 bn bornite Cu5FeS4 501.84 0 0 0 0 63.31 0 11.13 0 0 0 0 0 0 0 25.56 0 0 100 

4 py pyrite FeS2 119.98 0 0 0 0 0 0 46.55 0 0 0 0 0 0 0 53.45 0 0 100 

5 mo molybdenite MoS2 160.08 0 0 0 0 0 0 0 0 0 0 59.94 0 0 0 40.06 0 0 100 

6 qz quartz SiO2 60.08 0 0 0 0 0 0 0 0 0 0 0 0 53.26 0 46.74 0 0 100 

7 plg plagioclase Na0.5Ca0.5Si3AlO8 270.76 9.96 0 0 7.40 0 0 0 0 0 0 0 4.25 47.27 0 0 31.12 0 100 

8 kfeld k-feld KAlSi3O8 278.32 9.69 0 0 0 0 0 0 0 14.05 0 0 0 45.99 0 0 30.27 0 100 

9 biot biotite 
KMg2.5Fe2+

0.5AlSi3 

O10(OH)1.75F0.25 
433.51 6.22 0 0 0 0 1.10 6.44 0.41 9.02 14.02 0 0 43.36 0 0 19.43 0 100 

10 turmal tourmaline 
NaFe2Al6B3O9Si6 

O18(OH)4 
997.50 16.23 3.25 0 0 0 0 11.20 0.40 0 0 0 2.305 49.72 0 0 16.89 0 100 

11 serc sericite KAl2(AlSi3O10)(OH)2 398.30 20.32 0 0 0 0 0 0 0.51 9.82 0 0 0 48.20 0 0 21.15 0 100 

12 clor chlorite Mg5Al2Si3O10(OH)8 555.77 9.71 0 0 0 0 0 0 1.45 0 21.87 0 0 51.82 0 0 15.16 0 100 

13 alb albite NaAlSi3O8 262.21 10.29 0 0 0 0 0 0 0 0 0 0 8.77 48.81 0 0 32.13 0 100 

14 epid epidote Ca2FeAl2Si3O12(OH) 483.21 11.17 0 0 16.59 0 0 11.56 0.21 0 0 0 0 43.04 0 0 17.44 0 100 

15 calc calcite CaCO3 100.08 0 0 12.00 40.04 0 0 0 0 0 0 0 0 47.96 0 0 0 0 100 

16 anh anhydrite CaSO4 136.14 0 0 0 29.44 0 0 0 0 0 0 0 0 47.01 0 23.55 0 0 100 

17 apatit apatite Ca5P3O12(OH) 502.30 0 0 0 39.89 0 0 0 0.20 0 0 0 0 41.41 18.50 0 0 0 100 

18 rutile rutile TiO2 79.87 0 0 0 0 0 0 0 0 0 0 0 0 40.07 0 0 0 59.93 100 

19 ilme ilmenite FeTiO3 151.71 0 0 0 0 0 0 36.81 0 0 0 0 0 31.64 0 0 0 31.55 100 
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4 Chapter 4 The Final Model and Validation 

In this chapter, the synthetic high resolution block model that was constructed according to the 

methodology explained in Chapter 3 is visually presented through section and 3D views, the 

categorical and continuous variables assigned to each node in the HRBM are given and 

validation steps and results are discussed. 

4.1 Variables of the HRBM 

As pointed out in Chapter 3, the synthetic high resolution block model has 128 million nodes 

with a resolution of 2.5m x 2.5m x 5m in the easting, northing and elevation directions, 

respectively. Each of these nodes possesses 3 coordinates, 4 geological attributes, 19 minerals, a 

sum of mineral proportions and a residual parameter, 17 elements and a topography flag. Figure 

4-1 shows these categorical and continuous variables, and these variables are discussed in detail 

in the following sections. 

4.1.1 Lithology 

As shown in Table 3-3, there are 12 lithological units in the synthetic HRBM. Gravel and 

sediments are the dominant and andesites, low grade porphyry and anhydrite are the secondary 

lithological units at the surface of the deposit. A small skarn and larger anhydrite outcrops are 

observed on the northern part of the deposit and also a few hornfel outcrops exist on the northern 

and western parts. As going deeper, sediments and andesites increase and hornfels occur at the 

contact between these two units mostly accumulated diagonally in the SW-NE direction. Gravel 

decreases as expected and eventually vanishes at a depth of around 500m from the surface. Main 

porphyry is scattered over the deposit as relatively small volumes starting from the level 800m 
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Figure 4-1 Variables assigned to the HRBM 
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and continues until the bottom. Two large low grade porphyry masses are observed between 0 

& 200m and 1500 & 2000m in the northing direction, respectively and they continue from the 

surface to the bottom of the deposit. 

Andesite is the most abundant unit on the western part of the deposit with some outcrops on the 

northwest. This outcrop then combines with the andesite coming from the central part of the 

deposit at a depth of around 500m and they both form a large volume of rock that continues 

towards the bottom. As going from west to east, andesite decreases and totally vanishes around 

1500mE, mostly replaced by the sediments. Gravel, which exists relatively in smaller amounts 

on the eastern side, gradually increases as progressing in the easting direction. It becomes 

overburden starting from 1500mE and reaches up to a depth of 500m from the surface towards 

the easternmost edge of the deposit, where the gravel and the sediments are the only lithological 

units. Sediments decrease and andesites increase from south to north with some anhydrite, 

hornfel, and skarn formations at the contact boundaries of these two units. 

Figure 4-2 includes the example visuals showing the plan, easting and northing cross-sections as 

well as the 3D view of lithological units in the deposit. The rest of the cross-section and 3D 

views of lithological units are included in Appendix B.1. 
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Figure 4-2 Lithological Units  
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4.1.2 Alteration 

As shown in Table 3-4, there are 9 alteration types in the model. The code 800 represents the 

non-altered host rock in the deposit. In the elevation direction, when going down from the 

surface, quartz sericite, argyllic, sericite chlorite, potassic and propylitic alteration types first 

occur at around 875m, whereas anhydrite alteration is first observed at a level of 705m, which is 

followed by hornfel and skarn alterations at 680m and 505m, respectively. All types of 

alterations are surrounded by the host rock in the middle part of the deposit and extend in the 

direction of SW-NE. Some alteration types, such as sericite-chlorite and propylitic as well as 

hornfel and potassic, are intertwined to each other. 

Anhydrite, hornfel, sericite-chlorite, quartz-sericitic and propylitic are observed starting from 

the bottom of the deposit. Anhydrite and hornfel vanish at the elevation around 650m, yet 

sericite-chlorite, quartz-sericitic and propylitic alterations continue up until the surface. Argyllic 

and skarn types are the minor types of alterations. Skarn is observed at deeper parts of the 

deposit and argyllic alteration is close to the surface. No alteration type is observed in the 

easting direction after 1750mE. 

Figure 4-3 includes the example visuals showing the plan, easting and northing cross-sections as 

well as the 3D view (the non-altered zone was made transparent in order to make the other 

altered zones visible) of alteration types in the deposit. The rest of the cross-section and 3D 

views of alteration types are included in Appendix B.2. 
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Figure 4-3 Alteration Types  
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4.1.3 Mineralization 

As shown in Table 3-5, there are 6 mineralization types in the synthetic HRBM. The code 19 

represents the non-mineralized zone and 18 is the primary mineralization, which extends in the 

SW-NE direction from bottom of the deposit up to the surface and this is consistent with the 

alteration of the deposit. 

Partially leached and mixed zones are observed between 650 and 850m in the elevation 

direction. Leached zone starts at around the level of 700m and is observed at the surface in the 

western and northern parts of the deposit. Oxidized zones are relatively small and scattered over 

the deposit.  

Figure 4-4 includes the example visuals showing the plan, easting and northing cross-sections as 

well as the 3D view of mineralization types in the deposit. The rest of the cross-section and 3D 

views (the non-mineralized zone was made transparent in order to make the other mineralization 

zones visible) of mineralization types are included in Appendix B.3. 

4.1.4 Domains 

The domain variable is defined based on the combinations of geological attributes, namely 

lithology, alteration and mineralization and on the spatial continuity of these attributes. As 

shown in Table 3-8, there are 16 domains defined in the synthetic HRBM. Table 3-9 shows the 

number of nodes in each domain as well as the percentages of the domains based on the number 

of nodes – alternatively, it can be said based on volume. 

The domains in the HRBM are described in general in the following parts of this section and the 

information about their mineral proportion contents are given in Section 4.1.5. 
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Figure 4-4 Mineralization Types  
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Waste Domains 

Domains 111, 222 and 333 are the waste material domains that are intertwined with the 

mineralized domains and they constitute, in total, around 6% of the whole deposit. All low 

grade leached mineralization zones are included in Domain 111, all low grade partially leached 

mineralization zones are included in Domain 222 and all low grade oxidized zones are defined 

as Domain 333. 

Domain 111 spreads over a wide region in the central part of the mineral deposit with an 

orientation from SW to NE and it reaches down a level of 695m with large outcrops at the 

surface. Domain 222 has a smaller total volume compared to Domain 111 (1.7% less) and is 

mostly observed either just beneath or intertwined with Domain 111. It also has some outcrops 

in the central and northern part of the deposit and its deepest part is at level 625m. Domain 333 

is the smallest waste rock domain with a total volume of 0.18% of the entire block model. There 

are three outcrops observed for this domain on the northern, eastern and south-western part of 

the deposit and it has its deepest block at a level of 715m. 

Transition Domains 

There are two transition domains defined namely: Domain 444, which is the mixed domain in 

quartz, sericite, sericite-chlorite / sediments and Domain 499, which has all the other transition 

zone minerals. Both of the domains are relatively small in terms of volume percentage: Domain 

444 constitutes 0.09% and Domain 499 constitutes 0.14% of the entire deposit. Their elevations 

range between 650m and 850m with very small outcrops observed in the central and northern 

part of the deposit. 
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Mineralized Domains 

The domains having a code starting with digit “5”, except 588, are the mineralized domains and 

copper concentrations of these domains range between 0.36% to 1.13%. These mineralized 

domains are the primary mineral resources and their total volume represents 18.13% of the 

whole deposit.  

Domain 566, called as “Primary in Hornfel” has the highest average Cu grade (1.13%) and it 

has a volume percentage of 2.54% of the entire deposit. When progressing in the vertical 

direction starting from the surface, the first blocks appear at a level of 685m and the domain 

continues down to the bottom of the deposit. 

Domain 520 “Primary in Sediments” and Domain 540 “Primary in Dacite & Andesite” are the 

two large mineralized domains having relatively lower average Cu concentrations (0.48 and 

0.49% Cu, respectively) compared to Domain 566, yet they constitute an essential part of the 

mineral resource in the deposit as they have relatively large volumes. Similar to the other 

domains, they extend in the SW-NE orientation with an azimuth of roughly 40o. In terms of 

elevation, Domain 520 exists at the center, but Domain 540 is said to be occurred at the deeper 

parts of the deposit with an average level of 245m. Domain 532 is the low grade porphyry 

domain, which is relatively a large domain but its average copper concentrate is around 0.36% 

and it is generally located at deeper parts of the deposit. 

Domains 530 “Primary in Porphyries”, 560 “Primary in Hornfel, Skarn and Anhydrite”, 577 

“Primary in Skarn”, 580 “Primary in Breccias” and 599 “Primary in Anhydrite” are very small 

domains in terms of volume and they all together constitute 1.73% of the entire mineral deposit 

with average copper concentrations ranging from 0.42% to 0.58%.  
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Domain 588, defined as “Primary Not Altered”, is also a primary domain but since it is not 

altered, it is considered as a non-mineralized domain and its copper concentration is low 

(0.19%). It is the second largest domain in the deposit after the host rock domain (Domain 888), 

constituting nearly 11% of the entire deposit. 

Host Rock 

The code 888 represents the host rock domain, which is the largest domain and constitutes 

approximately 65% of the whole deposit. This domain was defined by the mineralization code 

19 “Non-mineralized zone” even though the corresponding node had different lithological units 

and/or alteration types. In other words, if a node in the HRBM has a code 19 for its 

mineralization type, then that node was assigned to host rock domain. 

Figure 4-5 includes the example visuals showing the plan, easting and northing cross-sections as 

well as the 3D view of domains in the deposit. The rest of the cross-section and 3D views (the 

host rock was made transparent in order to make the other domains visible) of domains are 

included in Appendix B.4. 

4.1.5 Mineral Proportions 

Following are some highlights regarding the simulated mineral proportions that were obtained 

through the methodologies discussed under Section 3.5.1 and 3.5.2. 

Copper 

As the model represents a porphyry copper deposit, copper bearing minerals namely 

chalcopyrite, chalcocite_covellite and bornite were precisely scaled according to the domain 

definitions. Most of the copper comes from chalcopyrite. Domain 111, 222 and 333 are the waste 

material domains with a low copper concentrations ranging approximately from 0.03 to 0.15%.
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Figure 4-5 Domains  
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Domain 888, the host rock in our mineral deposit, is also a waste material domain and it has an 

average copper concentration of 0.06%. Mixed domains 444 and 499 have Cu concentrations of 

0.23 and 0.33%, respectively. Table 4-1 shows the average copper grades in each domain. 

Table 4-1 Average copper grades in domains 

Domain # of nodes Cu mean (%) Cu Content (%) 

111 4,815,644 0.037 0.862 

222 2,671,264 0.146 1.884 

333 236,383 0.102 0.117 

444 117,683 0.226 0.128 

499 182,840 0.327 0.288 

520 10,219,707 0.481 23.707 

530 862,048 0.544 2.262 

532 3,254,818 0.363 5.696 

540 4,264,414 0.485 9.982 

560 415,839 0.583 1.169 

566 3,248,328 1.133 17.748 

577 112,405 0.478 0.259 

580 173,600 0.417 0.349 

588 13,868,132 0.190 12.709 

599 651,196 0.472 1.484 

888 82,905,699 0.053 21.357 

Total 128,000,000  100.00 

 

 

Figure 4-6 includes the example visuals showing the plan, easting and northing cross-sections as 

well as the 3D view (the blocks with copper grades lower than 0.3% were made transparent in 

order to make the higher grades visible) of copper distribution within the deposit. The rest of the 

cross-section and 3D views of copper element are included in Appendix B.5. 

Quartz 

Quartz concentration is of importance for some of the domains and well scaled for those 

domains. It is very high in Domain 111 (68.85 %) and it is around 27% for Domain 222. 

Domain 444, which is the transition domain in Quartz, has also a high quartz concentration 

(53.9%).
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Figure 4-6 Cu grades  
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(Sericite + Epidote) / Plagioclase Ratio 

The ratio of the sum of (sericite + epidote) to plagioclase is another important criterion when 

scaling most of the domains. Four different ranges were set to classify this ratio, namely:  

1. Very high (ratio > 12): Plagioclase is close to 0 (all plagioclase altered in quartz) 

a. Domains: 444 and 499 

2. High (4 < ratio < 12): Plagioclase ~ 5% and (ser + epi) ~ 60% 

a. Domains: 540, 560, 577 and 599 

3. Low (1 < ratio < 4): Plagioclase ~ 15% and (ser + epi) ~ 20% 

a. Domains: 530, 532 and 580 

4. Very low (ratio < 1): Plagioclase >> (ser + epi) (Potassium-altered or propylitic) 

a. Domain: 888 

Miscellaneous 

Besides the criteria set forth above, in order to obtain realistic results for the synthetic mineral 

deposit, some specific scaling processes were performed on certain domains based on the 

opinions obtained from geologists, who have vast experience with porphyry copper mineral 

deposits. For example, the concentration of hornfel minerals (biotite: 15.70%, calcite: 0.58%, 

chlorite: 7.55%, epidote: 0.44%, k-feldspar: 25%, pyrite: 7.19% and tourmaline: 1.41%) as well 

as the residual amount (12.1%) were increased in Domain 333. More carbonates were added to 

Domain 566, pyrite concentration (4.51%) was scaled as high for Domain 577 (but still under 

5%), epidote (0.27) and chlorite (6.57%) concentrations were increased for Domain 588 and 

sericite and anhydrite were scaled to 22.4% and 12% for Domain 222, respectively. 
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4.2 Validation 

A validation process was performed in order to ensure that the HRBM is realistic and that the 

results are consistent with the reference (input) data used during the construction of the model. 

Both the categorical variables and the continuous variables were subject to a thorough 

validation process. 

4.2.1 Categorical Variables 

Lithology, Alteration and Mineralization 

As explained in Section 3.3, geological features, namely lithology, alteration and mineralization 

were added to the block model by using nearest neighbors algorithm. After assigning these 

variables to the HRBM, the results were visually compared with the reference samples by taking 

regular cross-sections and plan views. It was also verified that these variables have been 

reproduced properly by ensuring that the number of the nodes assigned to each category in these 

variables are consistent with the number of the reference samples in those categories.  

Domains 

As in the case of a regular exploration program, dividing the mineral deposit into domains is one 

of the most important steps when developing this synthetic HRBM. A comprehensive study was 

performed when defining the domains and the block model was divided into the geological 

domains in consultation with geologists, who are experienced in porphyry copper mineral 

deposits. After domain allocation, the model was reviewed by other geologists to verify that the 

domains are realistic for such a deposit. Global statistics of the reference and the resultant data as 

well as the cross-frequencies with respect to the geological attributes were checked and verified 

to ensure that the combinations of the geological attributes to define the domains are consistent. 
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Other than the geological point of view, domain allocation is also very important in terms of the 

simulation process of the mineral proportions. An extensive validation study, as discussed in 

detail in Section 4.2.2 below, was carried out for mineral proportions that were assigned to the 

block model.  

4.2.2 Continuous Variables 

A validation study was carried out in order to ensure that the mineral proportions are properly 

simulated when developing the HRBM. Within the framework of this validation study, 

consistency with the reference data was checked and the model was peer-reviewed.  

Mineral Proportions 

As discussed in Section 3.5.1 and 3.5.2, the simulation of mineral proportions was divided into 

two: i) for the domains where there are enough number of reference data to obtain (meaningful) 

principal components and ii) for the domains without a sufficient reference data. Validation of 

the mineral proportions that were simulated by using the latter methodology was done in a 

similar manner as in the case of the categorical variables. The output data was checked in terms 

of realistic scaling of the mineral proportions within the corresponding domains as these 

mineral proportions were scaled up or down to obtain realistic proportion in each domain. 

The validation process discussed in the following sections is for the mineral proportions that 

were simulated by using the methodology shown in Figure 3-2, which is the methodology 

applied to the domains (Domain 520, 530 and 540) with a sufficient number of samples to obtain 

meaningful principal components. 
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The results of the mineral proportion simulation process shown in Figure 3-2 were compared to 

the reference data set, i.e. the input data set, in terms of global statistics, univariate relationships 

through quantile-quantile (Q-Q) plots as well as the bivariate relationships via scatter plots and 

correlation matrices. 

Global Statistics 

The reference and the simulated mineral proportions were compared in terms of mean, standard 

deviation, minimum and maximum values for Domain 520, 530 and 540 and the results in terms 

of linear regression charts are given in Figure 4-7, Figure 4-8 and Figure 4-9, respectively. 

Detailed comparison tables are included in Appendix C.1, where the global statistics of all of the 

19 minerals as well as those of the sum of mineral proportions and the residual variable are 

shown with a percent comparison table in which a plus or minus 10 percent relative difference is 

highlighted in yellow. Also, the number of reference data and that of the simulated data can be 

seen in these tables. The results show that the simulation process was successful and the 

simulated mineral proportions well represent the reference data. 

Univariate Relationships 

Based on the quantile-quantile plots that were generated for each mineral in the HRBM, it was 

concluded that the univariate relationships of the mineral proportions were mostly preserved. 

However, some points can be noted for some of the minerals. For example, Q-Q plots of bornite 

and molybdenum did not yield as good as the other minerals in Domain 520. This can be 

explained by the fact that the grades of these minerals are very low in this domain. Molybdenum 

seems not as good as other minerals for Domain 530 and 540, either. The Q-Q plots are included 

in Appendix C.2. 
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Figure 4-7 Mean & std. dev. comparison of reference & simulated data sets for Domain 520 

 

 

 

.

 

Figure 4-8 Mean & std. dev. comparison of reference & simulated data sets for Domain 530 

 

 

  

Figure 4-9 Mean & std. dev. comparison of reference & simulated data sets for Domain 540 
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Bivariate Relationships 

Similar to the univariate relationships, bivariate relationships were also tested by comparing the 

reference and simulated mineral proportions. Scatter plots and correlation matrices were 

generated and the results were reviewed for consistency. 

Figure 4-10 and Figure 4-11 show example scatter plots for chalcopyrite of Domain 530 for 

reference and simulated data sets, respectively. The correlation matrices of the reference and 

simulated mineral proportions for Domain 530 are given in Figure 4-12. According to the scatter 

plots and the correlation matrices, it is concluded the bivariate relationships observed in the 

reference mineral proportions are also conserved in the simulated data.  

Example scatter plots of the domains 520, 530 and 540 are included in Appendix C.3 and the 

correlation matrices for the domains 520 and 540 are included in Appendix C.4. 

 

Element Concentrations 

As discussed in Section 3.6, element concentrations were calculated by using the matrix shown 

in Table 3-13. Therefore, the validation of element concentrations was achieved by checking if 

the final results are realistic for a copper porphyry deposit through literature and peer reviews. At 

the end of this process, it was concluded that the element concentrations are realistic for such a 

deposit.   
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Figure 4-10 Scatter plots of reference MPs for chalcopyrite of Domain 530 
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Figure 4-11 Scatter plots of simulated MPs for chalcopyrite of Domain 530 
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Figure 4-12 Correlation Matrices for reference and simulated MPs for Domain 530
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5 Chapter 5 Application: Comparing Estimation and Planning Methods 

The synthetic high resolution mineral deposit model, which was developed as explained in 

Chapter 3 and validated as discussed in Chapter 4, is now ready for use for many different 

purposes. In addition to the ones discussed in this chapter, areas of use can be diversified by 

improving the block model and by adding more attributes and variables.  

For the purpose of this study, the model was used for comparing estimation and planning 

methods with the ground truth, which is given by the high resolution block model itself. The 

actual steps involved in resource estimation and mine planning studies were mimicked. A 

resource model was built based on a limited database of drillholes and the results were 

compared as there is an access to the ground truth from which the said drillhole database was 

obtained. This is the most reliable way of assessing the quality of the resource estimation 

studies and comparing different approaches as well as checking how close the predicted 

resource model is to optimum performance. For such comparison, the block averaged version of 

the ground truth was used. The ground truth is reblocked as discussed in Section 5.1 to obtain a 

block averaged version of the original synthetic HRBM. In other words, the reblocked version 

represents the ground truth at block support. Section 5.1 also discusses the methodology for 

sampling the ground truth in order to make visualization of the model easier. 

Figure 5-1 shows the simplified methodology for the application discussed in this chapter. An 

exploration program was applied on the ground truth and a resource estimation study was 

carried out based on the result of this exploration study. Both the reblocked version of the 

ground truth and the estimated model were then subject to Lerchs-Grossman optimization 

method and the results were compared. 



69  

 

Figure 5-1 Methodology for comparing estimation and planning methods  

5.1 Sampled and Reblocked Versions 

The synthetic high resolution block model, i.e. the ground truth, was originally developed to 

incorporate 128 million nodes with 800 nodes in the X (easting), 800 nodes in the Y (northing) 

and 200 nodes in the Z (elevation) directions. In order to use the model to compare the 

estimation methods with the ground truth, it was reblocked to obtain the block averaged 

version. The ground truth was also sampled as explained below for visualization purposes. 
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Reblocked Version 

The reblocked version represents the high resolution ground truth at block support. The scaling 

factors of (4, 4, 2) in the (X, Y, Z) directions were applied when obtaining this block averaged 

version. In other words, every 4 nodes in the X direction, every 4 nodes in the Y direction and 

every 2 nodes in the Z direction were averaged and thereby, a block with the dimensions of 

10m x 10m x 10m in each direction was obtained from these 32 nodes as the spacing between 

the original nodes are 2.5m x 2.5m x 5m. Consequently, the block averaged version of the 

original ground truth incorporates 4 million blocks. The values of the variables were determined 

as follows: 

i. Categorical Variables: The “mode” of 32 nodes was assigned as the block value. 

ii. Continuous Variables: The “average” of 32 nodes was assigned as the block value. 

Sampled Version 

The ground truth was also sampled by applying the same scaling factors used for reblocking. 

But this time, the value of the 15th node in each series of 32 nodes was assigned as the value 

both for the categorical and continuous variables. The sampled version, which is basically a 

way of showing the ground truth with a lower resolution, was used to facilitate visualizing the 

ground truth. 

5.2 Exploration 

An exploration program was carried out by performing a drilling campaign on the original 

ground truth using a synthetic drillhole data. In the beginning, the drillholes only had the 

drillhole names and coordinates. They were then loaded with data from the synthetic high 

resolution mineral deposit using the nearest neighbors algorithm and at the end of this process, 
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each drillhole had all of the attributes that the HRBM incorporates. For simplicity, the drillhole 

database was simplified by only using the “Drillhole ID”, “X”, “Y”, “Z”, “Cu”, “Domain” 

variables as the resource estimation was performed for the copper grade. 

Table 5-1 shows the global statistics of the drillhole database. A total of 28,927 samples were 

taken from 295 drillholes, which spread over the entire deposit. Drillhole database was visually 

inspected to ensure that the nearest neighbors algorithm was successful when having the 

drillholes loaded with data from the ground truth. Figure 5-2 includes the example visuals 

showing the plan, easting and northing cross-sections as well as the 3D view of the drillholes 

with the domain variable and Figure 5-3 includes the same visuals for drillholes with copper 

grade.  

Unlike an actual drilling campaign, where the drilling program is implemented in several phases 

that are planned according to the results obtained from the previous phase(s), the drilling 

campaign in this study was implemented in a single phase. Under real world conditions, a 

drilling campaign with a similar number of drillholes would typically be implemented in 4 or 5 

phases. 

Table 5-1 Global statistics of the drillhole database 

Variable name X (m) Y (m) Z (m) Cu (%) 

Count 28,927 28,927 28,927 28,927 

Mean 848.03 1006.65 645.62 0.20 

Max 1949.56 1950.00 986.83 51.23 

Upper quartile 1100.37 1457.00 776.40 0.25 

Median 801.36 1019.57 662.21 0.06 

Lower quartile 583.34 550.08 531.55 0.03 

Min 34.19 52.84 66.42 0.00 
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5.3 Resource Estimation 

5.3.1 Exploratory Data Analysis 

Resource estimation studies were carried out by using the drillhole database obtained from the 

original high resolution ground truth. Domains of the deposit were interpolated one by one based 

on the estimation methods shown in Table 5-2. Waste and transition domains were interpolated 

using inverse distance weighting (IDW) by taking the anisotropic directions into account. For the 

domains, which does not have enough number of samples to observe anisotropic directions, the 

said distances were borrowed from the similar and adjacent domains. 
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Figure 5-2 Drillholes with domains  
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Figure 5-3 Drillholes with copper grades  
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Table 5-2 Estimation methods and air blocks in each domain 

Domain 

# of Blocks in 

Estimation 

BM 

# of 

Samples 

# of Blocks in 

Estimation BM 

with Air Blocks 

Sorted Out 

# of Air 

Blocks in 

Domains 

Estimation 

Method 

Reason for 

Estimating with 

Inverse Distance 

Status / 

Borrowed Domain 

111 280,200 2,562 118,847 161,353 IDW Waste domain  Isotropic distances were used 

222 77,795 1,939 71,317 6,478 IDW Waste domain  Anisotropy was observed 

333 6,833 43 3,890 2,943 IDW Waste domain  222 

444 4,995 46 4,967 28 IDW Transition domain  222 

499 19,425 48 19,309 116 IDW Transition domain  222 

520 430,188 4,497 430,188 0 Kriging Ordinary Kriging Domain is isotropic 

530 32,178 236 32,178 0 IDW Not enough sample 540 

532 108,501 1,240 105,376 3,125 Kriging Ordinary Kriging Anisotropy was observed 

540 148,678 766 148,678 0 Kriging Ordinary Kriging Anisotropy was observed 

560 4,119 17 4,119 0 IDW Not enough sample 566 

566 86,525 657 86,525 0 Kriging Ordinary Kriging Anisotropy was observed 

577 1,635 40 1,635 0 IDW Not enough sample 540 

580 28,076 38 28,076 0 IDW Not enough sample 566 

588 422,824 5,963 422,815 9 IDW Waste domain  Isotropic distances were used 

599 5,997 160 5,997 0 IDW Not enough sample 540 

888 2,342,031 10,675 2,042,676 299,355 IDW Waste domain  Isotropic distances were used 

Total 4,000,000 28,927 3,526,593 473,407    
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Domains 520, 532, 540 and 566 were estimated by ordinary kriging as the number of samples in 

these domains were sufficient to compute the experimental variograms. The rest of the 

mineralized domains were interpolated with inverse distance weighting as there were not enough 

number of samples in those domains for meaningful variography. As in the case of waste and 

transition domains, distances in the anisotropic directions were borrowed for the rest of the 

mineralized domains from the similar and adjacent mineralized domains as shown in Table 5-2. 

This table also shows the number of air blocks in the deposit as per the domains, number of 

samples in each domain, reason of estimating with inverse distance weighting method, the status 

of isotropy in the domain as well as the domain from which the distances in the anisotropic 

directions were borrowed for the adjacent and similar domains in the case of lack of enough 

samples. Global statistics for the copper element per domain are presented in Table 5-3 and 

histograms with cumulative probability plots are given in Figure 5-4. 

Table 5-3 Global statistics for the copper element per domain 

Domain Count Mean StdDev CV Max 
Upper 

Quartile 
Median 

Lower 

Quartile 
Min Variance 

111 2,562 0.03 0.07 2.46 1.55 0.02 0.02 0.01 0.00 0.01 

222 1,939 0.13 0.09 0.71 2.26 0.15 0.12 0.09 0.03 0.01 

333 43 0.14 0.11 0.83 0.78 0.14 0.10 0.09 0.06 0.01 

444 46 0.19 0.16 0.83 1.03 0.20 0.15 0.11 0.06 0.02 

499 48 0.34 0.12 0.36 0.73 0.38 0.31 0.25 0.15 0.02 

520 4,497 0.46 0.21 0.46 1.81 0.59 0.44 0.32 0.00 0.05 

530 236 0.48 0.19 0.40 1.42 0.54 0.45 0.35 0.18 0.04 

532 1,240 0.38 0.53 1.40 9.18 0.41 0.28 0.19 0.01 0.28 

540 766 0.44 0.18 0.41 1.22 0.55 0.42 0.31 0.06 0.03 

560 17 0.68 0.20 0.29 1.10 0.84 0.60 0.52 0.36 0.04 

566 657 0.93 1.71 1.84 18.49 0.80 0.52 0.34 0.09 2.93 

577 40 0.33 0.12 0.37 0.57 0.40 0.34 0.22 0.11 0.02 

580 38 0.36 0.12 0.32 0.63 0.43 0.35 0.28 0.16 0.01 

588 5,963 0.15 0.74 4.89 51.23 0.14 0.08 0.05 0.00 0.54 

599 160 0.36 0.20 0.56 1.16 0.46 0.31 0.21 0.09 0.04 

888 10,675 0.07 0.38 5.66 14.49 0.04 0.03 0.02 0.00 0.14 
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Figure 5-4 Histograms and cumulative probability plots for the copper element per domains 
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5.3.2 Geostatistical Analysis and Variography 

A variography analysis was carried out on the copper grades within domains, where there is 

enough number of samples, for the purpose of spatially establishing the preferred directions of 

copper grade continuity. As stated in Section 5.3.1 and shown in Table 5-2, the distances in the 

anisotropic directions were borrowed from similar and adjacent domains for Domains 333, 444, 

499, 530, 560, 577, 580 and 599 as the number of samples in these domains is not enough to 

compute proper variograms. Isotropic distances of 50m were used for the Domains 111, 588 and 

888. The main anisotropic directions were determined as N45E/0 N135E/0 and vertical for 

Domain 222. Based on its variography analysis, Domain 520 was found to be isotropic itself 

with the axis values of 200m in each direction. Variogram model parameters for the mineralized 

domains, which were estimated with ordinary kriging, are summarized in Table 5-4 below and 

the variogram models that were fit for these domains as well as for Domain 222 are shown in 

Figure 5-5. 

Table 5-4 Final variogram model parameters for the domains estimated with ordinary kriging 

 

Domain Var. 
Azim./Plu./Dip 

(deg) 

# of 

Structures 
Nugget Sill Contribution 

Type of 

Structure 
Ranges (m) 

520 Cu 

Major: 0/0/0 

3 0.1 0.289/0.15/0.461 

Spherical 

Spherical 

Spherical 

Major: 32/100/200 

Semi: 90/0/0 Semi: 14/50/200 

Minor: 0/-90/0 Minor: 20/100/200 

532 Cu 

Major: 15/0/0 

1 0.03 0.97 Spherical 

Major: 85 

Semi: 105/0/0 Semi: 45 

Minor: 0/-90/0 Minor: 20 

540 Cu 

Major: 45/0/0 

3 0.2 0.2/0.234/0.366 

Spherical  

Spherical 

Spherical 

Major: 7/38/130 

Semi: 135/0/0 Semi: 15/150/185 

Minor: 0/-90/0 Minor: 4/40/45 

566 Cu 

Major: 45/0/0 

2 0.05 0.45/0.5 
Spherical 

Spherical 

Major: 21/210 

Semi: 135/0/0 Semi: 43/75 

Minor: 0/-90/0 Minor: 7/50 
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DOMAIN 540 

 

DOMAIN 566 
 

 

Figure 5-5 Variogram models 
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5.3.3 Block Modeling 

The block model to be used for estimation was created by choosing the block dimensions of 10m 

x 10m x 10m in the X, Y and Z directions, respectively for the parent block in order to allow for 

a proper comparison with the block averaged ground truth, which also has the same block sizes. 

The parent block was further discretized by using the discretization steps of 4x4x1 in the 

corresponding directions to account for change of support. The estimation block model stores the 

variables shown in Table 5-5. 

Table 5-5 Variables stored in the estimation block model 

No Variable Type  Decimal Remarks 

1 xCentre Double 6 x coordinate of the centre of the block 

2 yCentre Double 6 y coordinate of the centre of the block 

3 zCentre Double 6 z coordinate of the centre of the block 

4 xDimension Double 6 Dimension of the block in the x direction 

5 yDimension Double 6 Dimension of the block in the y direction 

6 zDimension Double 6 Dimension of the block in the z direction 

7 Volume Double 6 Volume of the block 

8 Domain String - Domain of the block 

9 Density Double 6 
Block density for reporting tonnage. A fixed value of 

2.7 t/m3 was used 

10 RockCode Integer - To determine if the block is ore, waste or airblock 

11 NP Integer - 
Number of estimation passes to categorize the block 

for resource classification 

12 Cu Double 6 Cu grade 

13 Krigvar Double 6 Kriging Variance 

  

5.3.4 Grade Interpolation 

After the estimation block model was created with the variables shown in Table 5-5, the 

estimation plans were developed for each domain. Table 5-6 summarizes the estimation plans for 

the domains and Table 5-7 shows the total number of air blocks and the blocks estimated by each 

method. 
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Density 

Density was not simulated for different lithologies and a fixed density of 2.7 t/m3 was used for 

the entire deposit when reporting tonnages. 

Capping 

Upon review of the distribution of Cu grade, it was concluded that no capping is required. 

Compositing 

Figure 5-6 shows the cumulative probability plot for sampling interval of the drillholes and 

approximately 85% of the dataset has a sampling interval greater than 4m. For such a database, 

compositing would be recommended in order to make sure that there will be no bias due to the 

small sampling intervals but it was not done within the scope of this study. 

 

Figure 5-6 Cumulative probability plot for the sampling interval of the drillhole database 
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Table 5-6 Estimation plans 

Domain 

# of 

Blocks 

in Est'n 

BM 

# of Air 

Blocks 

# of 

Samples 

Est'n 

Method 
Bearing  Plunge Dip 

1st Pass 2nd Pass 3rd Pass 4th Pass 

Major Semi Minor 
Min 

Sample 

Max 

Sample 

# Blocks 

Est'd 
Major Semi Minor 

Min 

Sample 

Max 

Sample 

# Blocks 

Est'd 
Major Semi Minor 

Min 

Sample 

Max 

Sample 

# Blocks 

Est'd 
Major Semi Minor 

Min 

Sample 

Max 

Sample 

# Blocks 

Est'd 

111 118,847 161,353 2,562 IDW 0.0 0.0 0.0 50 50 50 8 24 44,398 75 75 75 6 24 28,795 125 125 125 4 24 28,348 2,000 2,000 2,000 3 24 17,306 

222 71,317 6,478 1,939 IDW 0.0 0.0 0.0 165 75 31 8 24 52,732 248 113 47 6 24 13,972 413 188 78 4 24 4,418 2,000 2,000 2,000 3 24 195 

333 3,890 2,943 43 IDW 0.0 0.0 0.0 165 75 31 8 24 1436 248 113 47 6 24 1036 413 188 78 4 24 1,319 2,000 2,000 2,000 3 24 99 

444 4,967 28 46 IDW 0.0 0.0 0.0 165 75 31 8 24 2178 248 113 47 6 24 2126 413 188 78 4 24 663 2,000 2,000 2,000 3 24 0 

499 19,309 116 48 IDW 0.0 0.0 0.0 165 75 31 8 24 2496 248 113 47 6 24 2671 413 188 78 4 24 5,305 2,000 2,000 2,000 3 24 8,837 

520 430,188 0 4,497 OK 0.0 0.0 0.0 100 100 100 8 24 223,855 150 150 150 6 24 79,586 250 250 250 4 24 79,441 2,000 2,000 2,000 3 24 47,306 

530 32,178 0 236 IDW 0.0 0.0 0.0 135 185 45 8 24 12,989 203 278 68 6 24 5,594 338 463 113 4 24 4,226 2,000 2,000 2,000 3 24 9,369 

532 105,376 3,125 1,240 OK 15.0 0.0 0.0 85 45 20 8 24 17,338 128 68 30 6 24 25,567 213 113 50 4 24 18,903 2,000 2,000 2,000 3 24 43,568 

540 148,678 0 766 OK 45.0 0.0 0.0 80 110 14 6 15 16842 120 165 21 4 20 19259 140 150 30 3 24 5,163 2,000 2,000 2,000 2 48 107,414 

560 4,119 0 17 IDW 0.0 0.0 0.0 208 75 36 8 24 1562 312 113 54 6 24 1576 520 188 90 4 24 865 2,000 2,000 2,000 3 24 116 

566 86,525 0 657 OK 45.0 0.0 0.0 100 70 30 8 24 23417 125 90 40 6 24 13204 175 135 55 8 12 10,176 2,000 2,000 2,000 3 24 39,728 

577 1,635 0 40 IDW 0.0 0.0 0.0 135 185 45 8 24 1,605 203 278 68 6 24 30 338 463 113 4 24 0 2,000 2,000 2,000 3 24 0 

580 28,076 0 38 IDW 0.0 0.0 0.0 208 75 36 8 24 3406 312 113 54 6 24 3407 520 188 90 4 24 4,516 2,000 2,000 2,000 3 24 16,747 

588 422,815 9 5,963 IDW 0.0 0.0 0.0 50 50 50 8 24 114,910 75 75 75 6 24 68,581 125 125 125 4 24 91,331 2,000 2,000 2,000 3 24 147,993 

599 5,997 0 160 IDW 0.0 0.0 0.0 135 185 45 8 24 5,473 203 278 68 6 24 227 338 463 113 4 24 8 2,000 2,000 2,000 3 24 289 

888 2,042,676 299,355 10,675 IDW 0.0 0.0 0.0 50 50 50 8 24 211,539 75 75 75 6 24 152,859 125 125 125 4 24 276,750 2,000 2,000 2,000 3 24 1,401,528 

 
* In this table: Major, Semi and Minor terms refer to the search ellipsoid radii in terms of meter.  
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Table 5-7 Total number of air blocks and the blocks estimated by each method 

  
Total # of 

Blocks Estimated 

Total # of 

Air Blocks 

Ordinary Kriging 770,767 3,125 

Inverse Distance Weighting  2,755,826 470,282 

Total 3,526,593 473,407 

Grand Total 4,000,000 

 

5.3.5 Validation of the Estimated Block Model 

As explained in the preceding section, the estimation process was carried out with inverse 

distance weighting and ordinary kriging for different domains based on the availability of 

number of samples in each domain. After the estimation process, the block model was validated 

using the following conventional validation methods, details of which are given in the following 

sections:  

i. Visual inspection 

ii. Bias check 

iii. Swath plots 

Visual inspection 

A thorough visual inspection of the interpolated block model was carried out through detailed 

plan views as well as easting and northing cross-sections, comparing the interpolated block 

grades with nearby drillhole sample data. In spite of some minor grade discrepancies on a local 

scale at less densely sampled areas, the comparisons show that a reasonable correlation between 

the sample and block grades exists as expected. The example views are shown in Figure 5-7 and 

the rest of the example visuals are presented in Appendix D.1. 



88  

  

 

  

Figure 5-7 Estimated block model and drillholes with copper grades  
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Bias Check 

The interpolated domains were assessed for bias by using the following equation: 

𝐵𝑖𝑎𝑠 =  
(𝑚𝑒𝑎𝑛𝐵𝐿𝑂𝐶𝐾𝑆 − 𝑚𝑒𝑎𝑛𝑁𝑁)

𝑚𝑒𝑎𝑛𝑁𝑁
 𝑥 100 

where; 

meanblocks: mean value of the blocks interpolated 

meanNN: mean value of the blocks obtained with the nearest neighbors algorithm, which is a 

way of doing declustering. 

Bias check was done per estimation pass and globally and the results are shown in Table 5-8 

and Table 5-9 for the domains that were interpolated by using ordinary kriging and inverse 

distance weighting, respectively. In these tables, the bias value between ±5% is highlighted in 

green to show that the bias is within the acceptable limits, and the bias value that is out of this 

range is highlighted in red to show that there is a bias for that particular case (estimation pass or 

even for the global estimation for some of the domains).  

For the domains interpolated by using ordinary kriging, the results show that the bias is within 

the acceptable limits for Domains 520, 532 and 566 up to and including kriging pass 3 and it is 

higher than expected for the 4th pass but these blocks will be classified under the inferred 

category when doing resource classification. The bias for Domain 540, on the other hand, is 

within the acceptable limits for all of the kriging passes. 

For the domains interpolated by using inverse distance weighting, the results show that the bias 

is within the acceptable limits for the first estimation pass for all of the domains. It is also 

within the acceptable limits for all of the domains when considering globally, except the 

domains 499 and 580, for which the estimations were done with relatively less number of 
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samples compared to the number of the blocks in these domains. Except the domains 499, 577 

and 580, the bias for the second pass is mostly fine. For the third and fourth passes, however, it 

is mostly out of the acceptable limits. N/A indicates that there was no block to estimate in that 

particular estimation pass. Based on these results, it can be concluded that the number of 

samples is important when performing resource estimation for the domains in a mineral deposit. 

Nevertheless, this fact should also be considered in terms of budget of the exploration program 

as it may not be worth increasing the number of drillholes on a domain just for the sake of 

increasing the reliability and reducing the uncertainty associated with the estimation, especially 

if the domain in question is relatively small and thus it may be treated as a waste domain during 

production stage. 

Table 5-8 Bias check for the domains interpolated with ordinary kriging 

Domain 

1st Pass 2nd Pass 3rd Pass 4th Pass NN 

Overall 

Block 

Mean 

OK 

Overall 

Block 

Mean 

Overall 

Bias 
NN 

Block 

Mean 

OK 

Block 

Mean 

Bias 

NN 

Block 

Mean 

OK 

Block 

Mean 

Bias 

NN 

Block 

Mean 

OK 

Block 

Mean 

Bias 

NN 

Block 

Mean 

OK 

Block 

Mean 

Bias 

520 0.476 0.475 0.21 0.472 0.474 -0.42 0.452 0.466 -3.00 0.378 0.421 -10.21 0.46 0.467 -1.50 

532 0.379 0.375 1.07 0.346 0.341 1.47 0.317 0.314 0.96 0.389 0.335 16.12 0.364 0.339 7.37 

540 0.448 0.456 -1.75 0.486 0.508 -4.33 0.49 0.504 -2.78 0.478 0.497 -3.82 0.476 0.494 -3.64 

566 0.896 0.874 2.52 0.872 0.883 -1.25 0.814 0.839 -2.98 0.665 0.737 -9.77 0.777 0.809 -3.96 

 

Table 5-9 Bias check for the domains interpolated with inverse distance weighting 

Domain 

1st Pass 2nd Pass 3rd Pass 4th Pass NN 

Overall 

Block 

Mean 

ID 

Overall 

Block 

Mean 

Overall 

Bias 
NN 

Block 

Mean 

ID 

Block 

Mean 

Bias 

NN 

Block 

Mean 

ID 

Block 

Mean 

Bias 

NN 

Block 

Mean 

ID 

Block 

Mean 

Bias 

NN 

Block 

Mean 

ID 

Block 

Mean 

Bias 

111 0.030 0.030 0.00 0.030 0.030 0.00 0.027 0.027 0.00 0.024 0.027 -11.11 0.028 0.029 -3.45 

222 0.132 0.130 1.54 0.133 0.129 3.10 0.155 0.135 14.81 0.204 0.132 54.55 0.134 0.130 3.08 

333 0.162 0.156 3.85 0.167 0.161 3.73 0.146 0.158 -7.59 0.154 0.188 -18.09 0.159 0.157 1.27 

444 0.206 0.199 3.52 0.141 0.137 2.92 0.132 0.126 4.76 0.000 0.000 N/A 0.169 0.163 3.68 

499 0.343 0.328 4.57 0.423 0.361 17.17 0.620 0.473 31.08 0.700 0.413 69.49 0.594 0.411 44.53 

530 0.473 0.468 1.07 0.429 0.445 -3.60 0.530 0.465 13.98 0.384 0.431 -10.90 0.446 0.453 -1.55 

560 0.714 0.691 3.33 0.677 0.696 -2.73 0.703 0.715 -1.68 0.688 0.721 -4.58 0.697 0.699 -0.29 

577 0.316 0.320 -1.25 0.388 0.318 22. 01 0.000 0.000 N/A 0.000 0.000 N/A 0.317 0.320 -0.94 

580 0.365 0.371 -1.62 0.295 0.371 -20.49 0.223 0.369 -39.57 0.184 0.365 -49.59 0.226 0.367 -38.42 

588 0.160 0.153 4.58 0.170 0.167 1.80 0.188 0.195 -3.59 0.239 0.264 -9.47 0.195 0.203 -3.94 

599 0.350 0.349 0.29 0.464 0.468 -0.85 0.867 0.655 32.37 0.448 0.483 -7.25 0.360 0.360 0.00 

888 0.060 0.061 -1.64 0.048 0.047 2.13 0.044 0.044 0.00 0.039 0.039 0.00 0.042 0.043 -2.33 
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Swath Plots 

Swath plots were generated to compare trends of the estimated block grades with the declustered 

sample grades in the easting, northing and elevation directions. The block grades interpolated by 

using the nearest neighbors method were also included in the swath plots to compare differences 

in the interpolation methods. Figure 5-8 shows the swath plots for the domains that were 

interpolated with ordinary kriging. The swath plots for the domains interpolated with inverse 

distance weighting are given in Appendix D.2. 

Based on the results, it can be concluded that the grades of the interpolated blocks are consistent 

with the block grades estimated with the nearest neighbors method. 

5.3.6 Mineral Resource Classification 

The blocks in the estimated model were classified as measured, indicated or inferred based on 

the domains and estimation passes. First, the estimated block model was categorized based on 

the domain definitions given in Table 3-8. The waste and transition domains shown in Table 

5-10 were directly included in the inferred category and the mineralized domains were classified 

as per the estimation pass. The blocks estimated during the 1st pass were classified as measured, 

the ones estimated during the 2nd pass were classified as indicated and the blocks that were 

estimated during the 3rd and 4th passes were included in the inferred category. 

Table 5-10 Type of domains 

Domain Type 

111 Waste 

222 Waste 

333 Waste 

444 Transition 

499 Transition 

588 Waste 

888 Waste 
 

Domain Type 

520 Mineralized 

530 Mineralized 

532 Mineralized 

540 Mineralized 

560 Mineralized 

566 Mineralized 

577 Mineralized 

580 Mineralized 

599 Mineralized 
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Figure 5-8 Swath plots for the domains interpolated with Ordinary Kriging 
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The resource classification definitions as well as the metal content of each category are shown in 

Table 5-11, where NP is the number of estimation pass used for resource classification. As stated 

in Section 5.3.3, blocks have dimensions of 10m in each direction, and thereby, volume of a 

block is 1000 m3. A constant density value of 2.7 t/m3 was used for the entire deposit when 

reporting tonnages. Average copper grades were individually calculated for the resource 

categories and reported in Table 5-11. 

Table 5-11 Resource classification 

Parameter Unit 
Measured Indicated 

Inferred from the 

Mineralized Domains 

Inferred from 

the Waste & 

Transition 

Domains 

Inferred 

Overall 

NP_1 NP_2 NP_3 NP_4 

# blocks count 306,487 148,450 123,298 264,537 2,683,821 3,071,656 

Total Volume m3 306,487,000 148,450,000 123,298,000 264,537,000 2,683,821,000 3,071,656,000 

Total Tonnage t 827,514,900 400,815,000 332,904,600 714,249,900 7,246,316,700 8,293,471,200 

Average Cu Grade % 0.495 0.491 0.479 0.073 0.124 

Total Cu t 4,096,199 1,968,002 5,015,870 5,289,811 10,283,904 

 

The blocks under the category “Inferred from the Mineralized Domains” can be upgraded to 

measured or indicated category by increasing the level of confidence with future exploration 

drilling. The blocks under the category “Inferred from the Waste and Transition Domains” are 

treated as waste since the materials coming from these domains cannot be processed with the 

same processing design and also they are not sufficiently mineralized so they are excluded from 

further analysis. 

Figure 5-9 shows the grade versus tonnage curve for the measured and indicated resources in the 

deposit. Figure 5-10 includes the example visuals showing the plan, easting and northing cross-

sections as well as the 3D view of the estimation passes. The rest of the cross-section and 3D 
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views (the estimation pass 4 was made transparent in order to make the other passes visible) of 

estimation passes are included in Appendix D.3. 

 

Figure 5-9 Grade vs. Tonnage Curves for Measured and Indicated categories 
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Figure 5-10 Number of estimation passes representing the resource categories  
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5.3.7 Mineral Reserve Statement and NPV Calculation of The Estimated Model 

The estimated mineral resources were transferred to Geovia WhittleTM (Whittle) for pit 

optimization process. First, the estimated block model was reblocked from 4 million blocks to 

500 thousand for ease of processing and then the pit shells were obtained by performing the pit 

optimization process for different revenue factors under the following assumptions shown in 

Table 5-12.  

The assumptions for the parameters in Table 5-12 were made by considering that they will be 

equally applied on both the ground truth and the estimated model for the purpose of comparing 

the results. A more realistic operational scenario could also be developed, for example, by 

calculating the average copper price for the last 5 years, instead of only using the current copper 

price or by iteratively determining the mining and processing limits of the operation. Mining and 

processing costs were based on the industrial references (Collins et al., 2018; SRK Consulting, 

2020; Moore et al., 2019) as set forth in the table below. 

Table 5-12 Parameters for the optimization  

Parameter Unit Value Remarks 

Slope deg 45 Overall pit slope 

Mining cost $/t 2.75 Based on the industrial references 

Mining recovery fraction % 90 
10% of the ore material will not be recovered 

during the production 

Dilution % 10 
10% of the waste material will be sent to the 

processing plant 

Processing cost $/t 8 Based on the industrial references 

Process recovery % 85 Copper froth flotation recovery 

Selling price $/t 9750 LME – simply the current price was used 

Selling cost $/t 100 Including selling cost, insurance, freight 

Revenue factors - 0.1 to 0.52 Using 85 fixed factors with a step size of 0.005 
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Table 5-12 Parameters for the optimization (continued)  

Initial capital cost M$ 500 Initial investment for the project 

Terminal value M$ 50 Assets to be sold at the end of the project 

Discount rate per period % 10 The rate used in Discounted Cash Flow Analysis 

Mining limit Mt 

Year 1 30 
Annual open pit production capacity was assumed 

to be low during the first three years of the 

operation with an increasing rate and eventually 

reaching the full capacity at the fourth year.  

Year 2 60 

Year 3 90 

Year 4-18 120 

Processing limit Mt 80 
Annual processing plant capacity (based on the 

stripping ratio) 

Mining cost adjustment factor - None Adjustment factor was not applied 

Processing cost adjustment factor - None Adjustment factor was not applied 

 

Pit by pit analysis of the estimated block model obtained from Whittle is shown in Table 5-13 

and Figure 5-11. 

 

Table 5-13 Pit by pit analysis of the estimated block model 

Final 

pit 

Open pit 

cashflow 

best 

disc ($) 

Open pit 

cashflow 

specified 

disc ($) 

Open pit 

cashflow 

worst 

disc ($) 

Ore 

Input 

best 

(tonne) 

Waste 

best  

(tonne) 

Mine 

life 

years 

best 

Mine 

life 

years 

specified 

Mine 

life 

years 

worst 

IRR 

best 

% 

IRR 

specified 

% 

IRR 

worst 

% 

1 -449,854,976 -449,854,976 -449,854,976 5,346 5,454 0.0 0.0 0.0 0.0 0.0 0.0 

2 -449,687,427 -449,687,427 -449,687,427 10,692 16,308 0.0 0.0 0.0 0.0 0.0 0.0 

3 -448,660,277 -448,660,277 -448,660,277 45,441 84,159 0.0 0.0 0.0 0.0 0.0 0.0 

4 1,321,835,117 1,321,723,265 1,321,723,265 93,343,833 183,592,467 3.9 3.9 3.9 48.9 48.8 48.8 

5 1,322,944,917 1,322,958,987 1,322,958,987 93,440,061 183,628,539 3.9 3.9 3.9 48.9 48.9 48.9 

6 1,419,722,843 1,415,707,788 1,415,707,788 100,574,298 191,241,702 4.0 4.0 4.0 50.8 50.0 50.0 

7 1,424,545,976 1,420,245,209 1,420,245,209 100,846,944 191,760,156 4.0 4.0 4.0 50.8 50.0 50.0 

8 1,544,174,588 1,532,655,196 1,532,655,196 108,721,601 201,980,899 4.2 4.2 4.2 52.4 50.1 50.1 

9 4,372,395,169 3,466,108,146 3,466,108,146 495,357,685 785,595,215 12.9 13.0 13.0 53.6 28.8 28.8 

10 4,399,537,802 3,462,636,363 3,462,636,363 499,303,033 795,217,367 12.9 13.1 13.1 53.6 28.6 28.6 

11 4,459,663,124 3,472,658,482 3,472,658,482 508,693,282 812,435,618 13.1 13.3 13.3 53.6 28.2 28.2 

12 4,513,496,779 3,481,083,449 3,481,083,449 517,033,042 828,187,958 13.2 13.5 13.5 53.7 27.9 27.9 

13 4,726,216,184 3,407,245,975 3,407,245,975 549,306,843 919,320,357 14.3 14.4 14.4 53.7 26.1 26.1 

14 4,773,594,194 3,387,226,300 3,387,226,300 557,986,074 938,475,426 14.5 14.7 14.7 53.8 25.7 25.7 
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Table 5-13 Pit by pit analysis of the estimated block model (continued) 

15 4,832,006,744 3,364,501,391 3,364,501,391 569,298,210 964,906,590 14.8 15.0 15.0 53.8 25.3 25.3 

16 4,853,321,420 3,362,941,916 3,362,941,916 574,109,610 973,317,090 14.9 15.1 15.1 53.8 25.2 25.2 

17 4,883,526,547 3,360,953,090 3,360,953,090 581,021,988 983,830,512 15.1 15.2 15.2 53.8 25.0 25.0 

18 4,905,460,918 3,360,465,255 3,360,465,255 585,710,430 992,355,870 15.2 15.3 15.3 53.8 24.9 24.9 

19 4,985,845,794 3,328,612,470 3,328,612,470 604,325,202 1,026,088,698 15.6 15.8 15.8 53.8 24.3 24.3 

20 5,005,432,691 3,318,632,797 3,318,632,797 608,954,838 1,036,136,262 15.7 15.9 15.9 53.8 24.2 24.2 

21 5,018,816,787 3,306,180,874 3,306,180,874 612,475,179 1,042,389,921 15.8 16.0 16.0 53.8 24.1 24.1 

22 5,032,512,917 3,297,718,479 3,297,718,479 616,201,341 1,049,164,059 15.9 16.1 16.1 53.8 24.0 24.0 

23 5,076,523,492 3,265,071,050 3,265,071,050 626,917,398 1,074,584,802 16.2 16.4 16.4 53.8 23.6 23.6 

24 5,096,475,507 3,249,369,884 3,249,369,884 632,049,558 1,086,019,842 16.4 16.5 16.5 53.8 23.4 23.4 

25 5,104,039,026 3,239,385,058 3,239,385,058 633,901,947 1,091,173,953 16.4 16.5 16.5 53.8 23.3 23.3 

26 5,121,227,528 3,225,145,789 3,225,145,789 638,972,628 1,100,580,672 16.5 16.7 16.7 53.9 23.2 23.2 

27 5,154,872,808 3,182,157,563 3,182,157,563 648,023,406 1,126,867,494 16.8 16.9 16.9 53.9 22.8 22.8 

28 5,196,279,800 3,122,062,345 3,122,062,345 659,707,089 1,159,561,011 17.2 17.3 17.3 53.9 22.3 22.3 

29 5,209,276,496 3,104,521,979 3,104,521,979 663,708,570 1,169,105,430 17.3 17.4 17.4 53.9 22.2 22.2 

30 5,255,794,518 3,045,152,821 3,045,152,821 679,628,958 1,203,521,142 17.7 17.8 17.8 53.9 21.8 21.8 

31 5,272,292,903 3,015,841,770 3,015,841,770 685,651,227 1,216,830,873 17.9 18.0 18.0 53.9 21.6 21.6 

32 5,284,296,033 2,996,149,103 2,996,149,103 690,042,966 1,227,648,234 18.0 18.1 18.1 53.9 21.4 21.4 

33 5,296,073,784 2,977,502,943 2,977,502,943 694,119,291 1,237,466,109 18.1 18.2 18.2 53.9 21.3 21.3 
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Figure 5-11 Pit by pit graph of the estimated block model 

 

As seen in Figure 5-11, a big jump in reserve at the ninth pit shell, which corresponds 

approximately to the fourth year of the operation, is obtained even with a slight increase in 

revenue factor and a significant amount of material (ore and waste) is exposed, which means that 

the scheduling after that period is not sensitive to the direction of mining and basically, similar 

materials are being accessed for a long period of time. Therefore, the life of mine was manually 

divided into periods that are close to each other as shown in Table 5-14. The corresponding 

scheduling graph and the progress of the open pit operation are shown in Figure 5-12 and Figure 

5-13 (section view Northing 750m), respectively. 
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Table 5-14 Pushbacks – Estimated Model 

Pushback Period (Year) Pit Shell 

1 The first 4 years Pit 8 

2 The next 5 years Halfway through Pit 9 

3 The next 4 years Until the end of Pit 9 

4 Until the end of LOM (18 years) Pit 33 (UPL) 

 

 

Figure 5-12 Scheduling graph of the estimated block model 
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Figure 5-13 Progress of the open pit operation for the estimated block model 
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Table 5-15 shows the scheduling outputs as well as the open pit cash flows (both undiscounted 

and discounted) and the discounted net present value of the project, which is US$ 5,648M. 

Table 5-15 Scheduling outputs of the estimated block model 

Period 

(year)        

Tonne 

Input 

(kt) 

Waste 

Tonne 

(kt) 

Strip 

Ratio 

Grade 

Input  

Cu 

(%) 

Open Pit 

Cashflow 

(M$) 

Open Pit 

Cashflow 

Discounted 

(M$) 

Open Pit 

Cumulative 

Cashflow 

Discounted 

(M$) 

1 8 29,992 999.99 0.5496 -82 -75 -75 

2 1,209 58,791 48.64 0.4697 -128 -106 -181 

3 15,085 74,915 4.97 0.4039 132 99 -82 

4 80,000 40,000 0.5 0.5284 2,497 1,706 1,624 

5 12,420 107,580 8.66 0.6732 256 159 1,783 

6 345 119,655 347 0.4476 -320 -181 1,603 

7 5,895 114,105 19.36 0.3713 -198 -101 1,501 

8 24,847 95,153 3.83 0.3831 252 118 1,619 

9 51,338 68,662 1.34 0.4085 980 415 2,034 

10 78,515 41,485 0.53 0.4252 1,780 686 2,721 

11 79,996 40,004 0.5 0.4221 1,799 631 3,351 

12 79,768 40,232 0.5 0.5578 2,682 854 4,206 

13 71,090 48,910 0.69 0.506 2,052 594 4,800 

14 5,239 114,761 21.91 0.3258 -232 -61 4,739 

15 17,305 102,695 5.93 0.3873 81 19 4,758 

16 35,360 84,640 2.39 0.5208 898 195 4,954 

17 77,410 42,590 0.55 0.4324 1,797 355 5,309 

18 58,291 13,295 0.23 0.512 1,835 339 5,648 
        

   Total 16,081 5,648 5,648 

 

Reserve Statement for the Estimated Block Model 

The measured and indicated blocks inside the UPL were labelled as proven and probable 

reserves, respectively. This is the simplified case of converting resources to reserves. In practice, 

however, all modifying factors including, but not limited to, mining, processing, metallurgical, 

infrastructure, economic, marketing, legal, environmental, social and governmental factors, 

which are set forth in the CIM Definition Standards for Mineral Resources & Mineral Reserves, 

should be taken into consideration. 
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The results are given in Table 5-16 for the case without a threshold and in Table 5-17 for the 

case where a threshold of Cu grade greater than and equal to 0.15% was applied. Figure 5-14 

shows the proven and probable blocks within the UPL and the rest of the visuals are given in 

Appendix D.4. 

Table 5-16 Mineral reserve statement for the estimated model (without a threshold) 

Domain 

PROVEN RESERVE PROBABLE RESERVE 
TOTAL PROVEN & 

PROBABLE 

# of 

Blocks 

Ore 

(kt) 

Mean 

Grade 

Cu % 

Metal 

Content 

(kt) 

# of 

Blocks 

Ore 

(kt) 

Mean 

Grade 

Cu % 

Metal 

Content 

(kt) 

# of 

Blocks 

Ore 

(kt) 

Mean 

Grade 

Cu % 

Metal 

Content 

(kt) 

520 172,347 465,337 0.488 2,270.84 32,645 88,142 0.514 453.05 204,992 553,478 0.492 2,723.89 

530 5,700 15,390 0.454 69.87 1,023 2,762 0.415 11.46 6,723 18,152 0.448 81.33 

532 1,918 5,179 0.759 39.31 1,901 5,133 0.709 36.39 3,819 10,311 0.734 75.70 

540 8,172 22,064 0.408 90.02 3,478 9,391 0.461 43.29 11,650 31,455 0.424 133.31 

560 728 1,966 0.648 12.74 561 1,515 0.647 9.80 1,289 3,480 0.648 22.54 

566 16,128 43,546 0.888 386.68 6,384 17,237 0.749 129.10 22,512 60,782 0.849 515.79 

577 1,315 3,551 0.318 11.29 28 76 0.317 0.24 1,343 3,626 0.318 11.53 

580 723 1,952 0.365 7.13 176 475 0.366 1.74 899 2,427 0.365 8.86 

599 4,614 12,458 0.345 42.98 93 251 0.307 0.77 4,707 12,709 0.344 43.75 

Total 211,645 571,442 0.513 2,930.86 46,289 124,980 0.549 685.85 257,934 696,422 0.519 3,616.71 

 

 

 

Table 5-17 Mineral reserve statement for the estimated model (threshold: Cu grade ≥ 0.15%) 

Domain 

PROVEN RESERVE PROBABLE RESERVE 
TOTAL PROVEN & 

PROBABLE 

# of 

Blocks 

Ore 

(kt) 

Mean 

Grade 

Cu % 

Metal 

Content 

(kt) 

# of 

Blocks 

Ore 

(kt) 

Mean 

Grade 

Cu % 

Metal 

Content 

(kt) 

# of 

Blocks 

Ore 

(kt) 

Mean 

Grade 

Cu % 

Metal 

Content 

(kt) 

520 170,785 461,120 0.491 2,264.10 32,492 87,728 0.516 452.68 203,277 548,848 0.495 2,716.78 

530 5,700 15,390 0.454 69.87 1,023 2,762 0.415 11.46 6,723 18,152 0.448 81.33 

532 1,918 5,179 0.759 39.31 1,899 5,127 0.710 36.40 3,817 10,306 0.735 75.71 

540 8,172 22,064 0.408 90.02 3,478 9,391 0.461 43.29 11,650 31,455 0.424 133.31 

560 728 1,966 0.648 12.74 561 1,515 0.647 9.80 1,289 3,480 0.648 22.54 

566 16,127 43,543 0.888 386.66 6,384 17,237 0.749 129.10 22,511 60,780 0.849 515.76 

577 1,315 3,551 0.318 11.29 28 76 0.317 0.24 1,343 3,626 0.318 11.53 

580 723 1,952 0.365 7.13 176 475 0.366 1.74 899 2,427 0.365 8.86 

599 4,613 12,455 0.345 42.97 93 251 0.307 0.77 4,706 12,706 0.344 43.74 

Total 210,081 567,219 0.516 2,924.08 46,134 124,562 0.550 685.49 256,215 691,781 0.522 3,609.57 
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Figure 5-14 Proven and probable blocks within the open pit (Cu grade ≥ 0.15%)  
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5.3.8 Mineral Reserve Statement and NPV Calculation for The Ground Truth 

The ground truth was also transferred to Whittle for pit optimization process. As in the case of 

the estimated model, it was first reblocked from 4 million to 500 thousand blocks and the pit 

shells were obtained by performing the pit optimization process for different revenue factors 

under the same assumptions shown in Table 5-12. 

Pit by pit analysis of the ground truth obtained from Whittle is shown in Table 5-18 and Figure 

5-15. 

Table 5-18 Pit by pit analysis of the ground truth 

Final 

pit 

Open pit 

cashflow 

best 

disc ($) 

Open pit 

cashflow 

specified 

disc ($) 

Open pit 

cashflow 

worst 

disc ($) 

Ore 

input 

best 

(tonne) 

Waste 

best  

(tonne) 

Mine 

life 

years 

best 

Mine 

life 

years 

specified 

Mine 

life 

years 

worst 

IRR 

best 

% 

IRR 

specified 

% 

IRR 

worst 

% 

1 -449,454,479 -449,454,479 -449,454,479 8,019 56,781 0.0 0.0 0.0 0.0 0.0 0.0 

2 3,938,180,084 3,938,055,390 3,938,055,390 652,591,563 971,085,837 15.8 15.8 15.8 26.3 26.3 26.3 

3 3,990,340,986 3,917,765,673 3,917,765,671 662,740,944 991,859,556 15.9 16.1 16.1 26.3 25.9 25.9 

4 4,105,937,006 3,900,704,704 3,900,704,704 686,830,020 1,025,855,580 16.3 16.6 16.6 26.5 25.2 25.2 

5 4,125,467,541 3,891,402,875 3,891,402,875 691,106,820 1,032,208,680 16.4 16.7 16.7 26.5 25.1 25.1 

6 4,208,727,472 3,855,239,414 3,855,239,412 710,224,116 1,061,947,884 16.8 17.1 17.1 26.6 24.6 24.6 

7 4,208,982,557 3,855,434,205 3,855,434,203 710,309,652 1,061,948,748 16.8 17.1 17.1 26.6 24.6 24.6 

8 4,247,830,062 3,840,029,935 3,840,029,935 720,445,668 1,076,164,032 17.0 17.3 17.3 26.6 24.4 24.4 

9 4,277,777,872 3,821,703,596 3,821,703,596 727,550,501 1,087,427,299 17.2 17.5 17.5 26.7 24.2 24.2 

10 4,323,932,038 3,779,824,658 3,779,824,658 738,742,352 1,107,652,648 17.4 17.8 17.8 26.7 23.8 23.8 

11 4,366,802,755 3,737,856,613 3,737,856,613 749,287,337 1,130,379,763 17.7 18.1 18.1 26.7 23.5 23.5 

12 4,439,476,358 3,647,781,614 3,647,781,614 767,912,801 1,173,703,099 18.2 18.6 18.6 26.8 22.8 22.8 

13 4,443,755,935 3,643,551,112 3,643,551,112 769,137,035 1,175,956,465 18.2 18.6 18.6 26.8 22.7 22.7 

14 4,452,238,205 3,631,869,595 3,631,869,595 771,398,393 1,181,587,207 18.3 18.7 18.7 26.8 22.7 22.7 

15 4,459,161,823 3,621,001,378 3,621,001,378 773,285,531 1,186,279,969 18.4 18.7 18.7 26.8 22.6 22.6 

16 4,462,801,911 3,616,593,561 3,616,593,561 774,544,514 1,187,907,286 18.4 18.7 18.7 26.8 22.6 22.6 

17 4,478,531,254 3,587,967,060 3,587,967,060 778,896,158 1,200,859,942 18.5 18.9 18.9 26.8 22.4 22.4 

18 4,490,095,081 3,573,072,739 3,573,072,739 782,667,761 1,208,841,439 18.6 19.0 19.0 26.9 22.3 22.3 

19 4,501,550,405 3,551,753,315 3,551,753,315 785,974,262 1,219,596,538 18.7 19.1 19.1 26.9 22.2 22.2 

20 4,509,856,060 3,535,155,398 3,535,155,398 788,500,247 1,227,676,153 18.8 19.2 19.2 26.9 22.1 22.1 

21 4,518,790,921 3,518,389,862 3,518,389,863 791,584,889 1,235,918,011 18.9 19.2 19.2 26.9 21.9 21.9 

22 4,546,603,018 3,451,872,076 3,451,872,076 800,082,356 1,263,867,844 19.2 19.5 19.5 26.9 21.6 21.6 

23 4,547,821,403 3,448,611,798 3,448,611,798 800,432,519 1,265,207,881 19.2 19.5 19.5 26.9 21.5 21.5 

24 4,563,141,970 3,409,060,673 3,409,060,673 805,580,717 1,280,887,483 19.4 19.7 19.7 26.9 21.3 21.3 

25 4,567,694,908 3,395,946,212 3,395,946,212 807,074,924 1,286,067,676 19.5 19.8 19.8 26.9 21.3 21.3 

26 4,571,625,370 3,384,837,351 3,384,837,351 808,398,059 1,290,622,441 19.5 19.8 19.8 26.9 21.2 21.2 

27 4,575,755,607 3,370,774,969 3,370,774,969 809,627,639 1,296,742,261 19.6 19.9 19.9 26.9 21.2 21.2 
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Figure 5-15 Pit by pit graph of the ground truth 

 

As seen in Figure 5-15, there is a big jump in reserve at the second pit shell, which corresponds 

almost to the beginning of the operation, showing that a large amount of ore and waste is 

exposed and that the scheduling is not sensitive to the direction of mining. The 12th pit shell was 

chosen as the UPL because it would not be worth continuing the operation further when the 

increase in the NPV is compared against the increase in the material removal, thereby the risk of 

moving that material, as well as against the scale of the project. The life of mine was manually 

divided into periods as shown in Table 5-19. The corresponding scheduling graph and the 

progress of the open pit operation are shown in Figure 5-16 and Figure 5-17 (section view 

Northing 950m), respectively. 
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Table 5-19 Pushbacks – Ground Truth 

Pushback Period (Year) Pit Shell 

1 The first 6 years Pit 2 

2 The next 5 years Pit 2 

3 The next 5 years Until the end of Pit 2 

4 Until the end of LOM (19 years) Pit 12 (UPL) 

 

 

 

Figure 5-16 Scheduling graph of the ground truth 
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Figure 5-17 Progress of the open pit operation for the ground truth 
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Table 5-20 shows the scheduling outputs as well as the open pit cash flows (both undiscounted 

and discounted) and the discounted net present value of the project, which is US$ 4,905M. 

 

Table 5-20 Scheduling outputs of the ground truth 

Period 

(year)        

Tonne 

Input 

(kt) 

Waste 

Tonne 

(kt) 

Strip 

Ratio 

Grade 

Input  

Cu 

(%) 

Open Pit 

Cashflow 

(M$) 

Open Pit 

Cashflow 

Discounted 

(M$) 

Open Pit 

Cumulative 

Cashflow 

Discounted 

(M$) 

1 0 30,000 999.99 0.000 -83 -75 -75 

2 0 60,000 999.99 0.000 -165 -136 -211 

3 20 89,980 999.99 0.572 -247 -185 -397 

4 349 119,651 342.71 0.364 -322 -220 -617 

5 2,570 117,430 45.69 0.356 -276 -171 -788 

6 9,245 110,755 11.98 0.363 -129 -73 -861 

7 20,425 99,575 4.88 0.388 157 81 -780 

8 35,094 84,906 2.42 0.418 593 277 -503 

9 51,790 68,210 1.32 0.444 1,141 484 -20 

10 70,415 49,585 0.7 0.445 1,678 647 627 

11 77,511 42,489 0.55 0.449 1,905 668 1,295 

12 80,000 40,000 0.5 0.452 1,996 636 1,931 

13 80,000 40,000 0.5 0.454 2,008 582 2,513 

14 80,000 40,000 0.5 0.527 2,490 656 3,168 

15 79,649 40,351 0.51 0.512 2,378 569 3,738 

16 79,241 40,759 0.51 0.505 2,321 505 4,243 

17 50,655 69,345 1.37 0.632 1,891 374 4,617 

18 49,733 30,656 0.62 0.517 1,488 268 4,884 

19 1,214 12 0.01 0.756 112 20 4,905 
        

   Total 18,937 4,905 4,905 

 

 

Reserve Statement for the Ground Truth 

Since the grade values of all of the blocks in the ground truth are naturally known, all blocks 

from the mineralized domains within the UPL were treated as proven reserve. Two different 

cases were considered, where i) no threshold was imposed, and ii) a threshold value of 0.15% for 
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the Cu grade was imposed. Table 5-21 shows the proven reserve of the ground truth. Figure 5-18 

shows the proven and probable blocks within the UPL and the rest of the visuals are given in 

Appendix E. 

Table 5-21 Mineral reserve statement for the ground truth 

Domain 

WITHOUT THRESHOLD WITH THRESHOLD (0.15%) 

# of 

blocks 

Tonnes 

(kt) 

Mean 

Grade 

Cu % 

Metal 

Content 

(kt) 

# of 

blocks 

Tonnes 

(kt) 

Mean 

Grade 

Cu % 

Metal 

Content 

(kt) 

520 207,679 560,733 0.487 2,730.77 204,895 553,217 0.492 2,721.83 

530 6,941 18,741 0.460 86.21 6,941 18,741 0.463 86.77 

532 3,331 8,994 0.657 59.09 3,172 8,564 0.684 58.58 

540 22,271 60,132 0.465 279.61 22,235 60,035 0.465 279.16 

560 4,326 11,680 0.536 62.61 4,321 11,667 0.537 62.65 

566 34,377 92,818 0.819 760.18 34,308 92,632 0.820 759.58 

577 612 1,652 0.282 4.66 583 1,574 0.290 4.56 

580 1,336 3,607 0.536 19.33 1,334 3,602 0.537 19.34 

599 7,413 20,015 0.445 89.07 7,282 19,661 0.451 88.67 

Total 288,286 778,372 0.526 4,091.53 285,071 769,692 0.530 4,081.14 
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Figure 5-18 Reserve blocks of the ground truth within the open pit (Cu grade ≥ 0.15%)  
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5.4 Comparison Between The Estimated Model and The Ground Truth 

The estimated model was visually and mathematically compared with the ground truth by using 

the ultimate pit limits of the estimated model and the ground truth. The visual comparison was 

done via section and plan views and the mathematical comparison was made in terms of several 

parameters including net present value, overall stripping ratio, amount of ore and waste materials 

in the open pits, life of mine etc. 

5.4.1 Visual Comparison 

The blocks with Cu grades greater than 0.15% were visualized both for the ground truth and the 

estimated model. The compared sections are given in Figure 5-19, Figure 5-20, Figure 5-21 and 

Figure 5-22 for plan, easting, northing and ultimate pit limits, respectively. 

It is concluded from these figures that although there are some minor differences between the 

two models as in the case of the easting 800 section, where some overestimated blocks exist in 

the middle part, and Northing 800, where some underestimated blocks exist in the lower-left and 

middle-right parts, in general, the trends in the ground truth were captured in the estimated 

model indicating that the estimation process was successful overall. 

It is also observed that the ultimate pit limit of the estimated block model covers a slightly wider 

area, whereas that of the ground truth reaches a deeper level and that the ground truth block 

model has a natural appearance, whereas the estimated model has artificial effects. 
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GROUND TRUTH ESTIMATED MODEL 

 
 

 

 

PLAN 400 

 
 

 
 

PLAN 500 

 
 

 
 

PLAN 600 

 
 

 
 

Figure 5-19 Estimated BM vs. Ground Truth – Plan View 
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GROUND TRUTH ESTIMATED MODEL 

 
 

 

 

EASTING 800 

 
 

 

 

 
 

 

 

EASTING 1000 

 

 

 

 

 

 
Figure 5-20 Estimated BM vs. Ground Truth – Easting Direction 
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GROUND TRUTH ESTIMATED MODEL 
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NORTHING 800 

 

 

 

 

 

 

 

 
Figure 5-21 Estimated BM vs. Ground Truth – Northing Direction 
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PLAN 800 

 

 

 
 

 

EASTING 1030 

 

 

NORTHING 1000 

 

 

Figure 5-22 UPL Estimated vs. UPL Ground Truth 
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5.4.2 Mathematical Comparison 

The ground truth and the estimated block model were mathematically compared in terms of the 

parameters shown in Table 5-22, which also includes the remarks and discussions regarding the 

differences between the models. The comparison results show that the estimated model is close 

to the ground truth in many ways, yet there are some differences which can be considered 

important in terms of the financial and environmental footprint of the project. 

Another comparison was made between the reserve estimate categories of the estimated model 

and the ground truth as shown in Table 5-23. The total metal content included in the sum of the 

proven and probable reserves of the estimated model is found to be 11.7% less than the metal 

content included in the ground truth case. In addition, both the total amount of the run-of-mine 

ore material and the average Cu grade of the estimated BM case were underestimated as 

compared to the ground truth. Also, when the inferred blocks are added to the sum of the proven 

and probable reserves, the amount of the ore material increases, but the average Cu grade 

decreases and the metal content remains almost the same as in the case of “proven + probable 

reserve”. Also, the uncertainty is increased when the inferred resource blocks are added to the 

proven and probable reserves. 

Grade vs. Tonnage Curves 

As the final step of the comparison, two grade-tonnage curve graphs were constructed for the 

models based on the in-pit blocks. Figure 5-23 shows the overlapped grade-tonnage curves of the 

ground truth versus the proven and probable reserves of the estimated block model and Figure 

5-24 shows the overlapped grade-tonnage curves of the ground truth versus the proven and 

probable reserves plus the inferred resource blocks inside the ultimate pit limit of the estimated 

model. Numerical values for the cut-off grades of 0, 0.2, 0.4 and 1.0% are shown in Table 5-24.
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Table 5-22 Mathematical comparison of two models 

No Parameter 
Ground 

Truth 

Estimated 

BM 
Remarks 

1 Minimum Bench 4 7 The open pit of the ground truth goes down to a deeper level. 

2 Maximum Bench 49 49 Both of the pits reach the 49th bench 

3 Life of Mine (years) 19 18 Ground truth will operate 1 more year. 

4 Total Ore (Mt) 767 694 73 Mt more ore will be fed to the processing plant in the case of the ground truth. 

5 Total Waste (Mt) 1,173 1,237 

64 Mt more waste material will be removed in the case of the estimated model and this means that 

more financial resources will be used and more environmental impacts will be caused due to the 

larger pit. 

6 Overall Stripping Ratio 1.53 1.78 Almost 15% difference in terms of the overall stripping ratios in favor of the ground truth. 

7 Money Value (M$) 18,937 16,081 The project with the ground truth is worth almost US$ 3 billion more than the estimated model.  

8 NPV (M$) 4,905 5,648 

Although the project with the ground truth has a higher money value as pointed above, based on 

the discounted cash flows, it seems that the project with the estimated model brings US$ 

743,000,000 (14%) more in terms of net present value. The reason for this is that the ground truth 

pit reaches the ore in the 4th year but in the estimated model case, a substantial amount of ore is 

being processed even in the beginning of the operation. In other words, the NPV of the projects are 

highly dependent on discount rate, which has a great influence on both the profit and loss, and the 

estimated model case uses the advantage of reaching the ore, thereby making profit in the 

beginning of the operation. Consequently, given the ground truth case, the result obtained for the 

estimated model can be misleading when taking an investment decision for such a project. 
 

Table 5-23 Comparison b/w mineral reserve categories of estimated model & ground truth 

Category 
# of  

Blocks 

Ore 

(kt) 

Average 

Cu Grade 

(%) 

Metal 

Content 

(kt) 

Remarks 

Estimated BM: Proven + Probable 257,934 696,422 0.519 3,614.43 
Less ore with a lower average Cu grade (underestimation) as 

compared to the ground truth. 

Estimated BM: Proven + Probable + Inferred 271,074 731,900 0.494 3,615.59 
Still less ore with a lower average Cu grade (underestimation) as 

compared to the ground truth. 

Ground Truth 288,286 778,372 0.526 4,091.53 - 
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Results show that the estimated block model cases are almost the same except the zero cut-off 

grade. On the other hand, the ground truth case differs from these two cases and both the tonnage 

and average Cu grade of the ground truth are generally higher than those of the estimated model. 

Although the average Cu grade of the estimated model is higher than that of the ground truth for 

the high cut-off grade case of 1.0%, the metal content of the ground truth is still more than that 

of the estimated model. 

 

Figure 5-23 Grade-Tonnage - Ground Truth vs Estimated BM (proven + probable)  



120  

 

Figure 5-24 Grade-Tonnage - Ground Truth vs Estimated BM (proven + probable + inferred) 

Table 5-24 Grade vs. Tonnage Results for the ground truth and estimated model 

Cut-

off 

(%) 

GROUND TRUTH 
ESTIMATED  

PROVEN + PROBABLE 

ESTIMATED  

PROVEN + PROBABLE + INFERRED 

Average 

Cu (%) 
Tonnes 

Average 

Cu (%) 
Tonnes 

Average 

Cu (%) 
Tonnes 

0.00 0.53 778,372,200 0.52 696,421,800 0.49 731,899,800 

0.20 0.54 753,572,700 0.53 682,749,000 0.53 682,749,000 

0.40 0.63 526,859,100 0.59 505,170,000 0.59 505,170,000 

1.00 2.00 20,995,200 2.46 12,452,400 2.46 12,452,400 
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6 Chapter 6 Conclusion and Future Work 

Over the past few decades, there have been many improvements and advancements in the mining 

industry thanks to the developing technology. Also, the integration of computer sciences and 

machine learning methods has made a great contribution to mining such that even a simple task 

that could be completed in several weeks in the past can now be finished in a matter of hours 

with the help of advanced software developed for the industry. Moreover, the research and 

development interest in the mining industry has considerably increased both amongst the 

industry professionals and at the academic level. Governments also give support and invest a lot 

in their research institutes regarding the research and development studies for the mining 

industry. 

Each year, hundreds of papers are being published by researchers, a great deal of which propose 

breakthrough approaches in order to explore more feasible and productive as well as 

environmentally friendly ways to extract and process natural resources. Whenever possible, 

researchers carry out their studies through case studies by using real data obtained from real 

projects if data owners are willing to share their data. But most of the time, finding a dataset to 

work on is not so easy as the mining companies seldom share their data for research purposes. In 

the case where it is not possible to find data, researchers develop their own synthetic datasets to 

test the approaches they propose within the scope of their particular studies. Though, these 

datasets are goal-oriented and customized to the specific studies that are being performed by 

researchers, hence they lack the features that should be included in a realistic exhaustive dataset. 
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6.1 Contribution of This Thesis 

This synthetic high resolution block model was developed with a motivation of contributing to 

the mining industry with a realistic exhaustive dataset, which represents and mimics a copper 

porphyry mineral deposit, to be used as a benchmarking tool for the methods and technologies 

used in and developed for the mining industry. 

The model will allow researchers to mimic exploration, estimation, planning and extraction 

phases in the mining value chain and to test and benchmark their proposed approaches by using a 

synthetic dataset without having to search for data from mining companies. The model’s block-

averaged version will be able to be used for a variety of purposes as it provides an access to the 

ground truth. 

This is the first version of the model in that the geological features and geochemical data were 

assigned to each node in the model. The model has 128 million nodes with a spacing of 2.5m x 

2.5m x 5m in the easting, northing and elevation directions, respectively. Each node has 

geological information, namely lithology, alteration and mineralization and belongs to a 

geological domain and also has geochemical data, i.e. mineral and element concentrations. The 

block model was cut by a smooth topography to obtain a realistic terrain on its surface. 

Eventually, the model is ready to be used to test approaches and compare performances against 

the ground truth.  

6.2 Limitations of The Model 

Being the first version, the model has some limitations in terms of validation and assignment of 

some essential variables, such as geometallurgical properties. 
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Validation 

As discussed in Section 4.2, the HRBM was subject to a comprehensive validation process and it 

was concluded based on the results of each implemented validation step that the model is 

successful in representing a porphyry copper deposit. However, the model still requires further 

validation in terms of geology in order to figure out if the distributions of minerals are proper for 

such a deposit and also if the model perfectly captured the relationships amongst all of the 

minerals and elements. This additional validation process should include generating ternary 

plots, alteration box plots, molar ratio diagrams, atomic weight ratio diagrams, etc. The soft and 

hard boundary conditions when transitioning from one geological domain to another should also 

be analysed further. By all means, the reference dataset should be taken into account when 

performing these additional validation steps. 

Assigning Geometallurgical Properties 

As emphasized in the preceding chapters of this thesis, it is crucial to approach a mining project 

from a geometallurgical point of view since the geometallurgical properties, such as Bond Work 

Index, SAG Mill Power Index, flotation recovery etc. have a great influence on the downstream 

processes. These are the parameters to be assigned to the HRBM in the next generations. 

Density 

Density is also an important parameter both for the upstream and downstream processes. In this 

first version, the density variable was set to a fixed value of 2.7 t/m3. Though, it can be 

interpolated or simulated over the entire deposit by borrowing a suitable dataset of density 

measurements from a similar deposit in order to obtain a more realistic synthetic mineral deposit. 
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Borrowing Principal Components from Similar Domains 

As detailed in Section 3.5, mineral proportions were assigned to the HRBM by following two 

different methodologies based on the availability of data points (e.g. number of samples) when 

performing PCA. For the domains, where the data points are not enough to duly perform PCA, 

simulations were carried out by borrowing principal components from the similar and adjacent 

domains and the resultant mineral proportions were scaled up or down in consultation with 

experienced geologists to attain realistic distributions within these domains. Although the results 

are satisfactory, this process can be performed by using a larger dataset such that all or at least 

most of the domains can be simulated by using its own data points. 

6.3 Future Work and Potential Uses of The Model 

The model developed within the framework of this thesis can be used as a benchmarking tool 

including, but not limited to: 

➢ Sampling Strategies: Sampling strategies to be implemented during exploration 

programs can be evaluated and compared with each other by creating different 

scenarios for the number, depth, angle and pattern of the drillholes to be extracted from 

the ground truth. 

➢ Mine Planning Decisions: Different scenarios for mine planning can be created and 

compared with each other. 

➢ Pit Optimization: Performances of Lerch and Grossman, pseudo-flow and push relabel 

pit optimization methods can be compared with each other. 
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➢ Implicit Modeling: Performance of different implicit modeling approaches can be 

tested by using the drillholes extracted from the ground truth as we did in Chapter 5 for 

the purpose of testing the estimation process. 

➢ Explicit Modeling: Similar to the implicit modeling testing, performance of traditional 

digitization of geological domains through wireframing can be compared with the 

ground truth by using the drillholes to be extracted from the high resolution model. 

➢ Underground Mining: In this study, the HRBM was used for the purpose of open pit 

mining methods. It is also possible to use this model as an underground mine by 

placing it a few hundred meters below the topography.  

The methodology set forth in this thesis can be used to develop different kinds of models for the 

mining and even for other industries, such as oil and gas. Following are some examples of 

potential areas for which customized models can be developed. Also, if such models are 

developed by using reference data belonging to a porphyry copper mine, they can be used in 

conjunction with the current HRBM in order to obtain a full model for a porphyry copper 

mineral deposit. 

➢ Different Commodities: Different versions of this synthetic high resolution model can 

be developed for other types of commodities such as gold, silver, nickel and even for 

oil sands by following the provided methodology using reference data of the 

corresponding commodity. 

➢ Texture Analysis: Texture analysis at meso-scale can be performed by adding the rock  
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texture variable to the model and by pushing the resolution of the model to a finer level. 

➢ Structural Geology and Geotechnical Analysis: Structural features of rocks such as 

faults, folds, foliation, joints etc. can be added to the model and also a geotechnical 

model can be developed by adding variables such as Rock Mass Rating (RMR), 

Geological Strength Index (GSI), Uniaxial Compressive Strength (UCS), Point Load 

(PL) Index etc. to test the performance of geotechnical analyses. 

➢ Preconcentration: Preconcentration opportunities can be evaluated between the mine 

block size and the mill. 

➢ Rock Fragmentation: Effect of rock fragmentation on the downstream processes can 

be analysed by adding the relevant variables for a fragmentation model. 

➢ Blast Movement: A model can be developed to understand three-dimensional blast 

movement dynamics in order to reduce ore losses caused by blast-induced movement of 

ore bodies, whose locations are defined as a result of rigorous exploration studies. 

➢ Geochemistry of Mineral Deposits: A model for geochemistry analyses can be 

developed by simulating Acid Rock Drainage (ARD) and Metal Leaching (ML) 

variables. 

➢ Sensor Technologies: The model can also be improved to be used in collaborative 

projects for research and development of sensors for the mining industry, for example, 

for the purpose of bulk ore sorting. 
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Appendix A: Cross-frequency Tables for the Geological Features and Domains 

In this appendix, the cross-frequency tables for the lithological units, alteration and mineralization types as well as the domains of the 

synthetic HRBM (ground truth) are given.  

Table A-1 Cross frequencies of geological features based on number of reference samples 

        alte 

lith 
100 200 300 400 500 600 700 800 900 

 

       mine 

lith 
11 13 14 17 18 19 

 

       mine 

 alte 
11 13 14 17 18 19 

10 0 0 0 0 0 0 0 1405 0  10 1 0 0 0 0 1404  100 2 0 2 0 212 0 

20 115 303 346 19 189 0 0 3513 0  20 279 98 12 10 826 3260  200 97 31 6 11 236 0 

40 3 56 44 0 11 0 0 0 0  40 18 14 1 7 74 0  300 15 23 6 3 448 0 

49 20 0 87 0 128 0 0 2378 0  49 28 30 0 0 1033 1522  400 12 7 0 0 0 0 

55 36 6 6 0 0 0 0 12 0  55 2 0 1 0 57 0  500 73 19 0 3 233 0 

56 0 0 0 0 0 0 0 583 0  56 13 27 1 0 328 214  600 0 0 0 0 228 0 

57 2 0 3 0 0 0 0 0 0  57 0 0 0 0 5 0  700 0 0 0 0 8 0 

58 8 4 5 0 0 0 0 0 0  58 1 0 0 0 16 0  800 168 112 6 1 1338 6487 

60 19 0 0 0 0 228 0 81 0  60 8 13 4 1 273 29  900 0 0 0 0 50 0 

70 5 0 0 0 0 0 8 19 0  70 3 1 1 0 27 0         
80 3 12 4 0 0 0 0 0 0  80 2 1 0 0 16 0         
90 5 0 0 0 0 0 0 121 50  90 12 8 0 0 98 58         
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Table A-2 Cross-frequencies: Lithology vs. Alteration 

            alte   

 lith 

100 200 300 400 500 600 700 800 900 

10 0 0 0 0 0 0 0 18,752,895 0 

20 1,613,838 4,496,860 4,621,876 214,798 2,976,443 0 0 44,931,690 0 

40 36,008 819,911 572,892 0 193,204 0 0 0 0 

49 276,612 0 1,235,271 0 1,713,754 0 0 31,297,597 0 

55 486,633 64,887 112,380 0 0 0 0 143,486 0 

56 0 0 0 0 0 0 0 6,010,021 0 

57 53,071 0 30,051 0 0 0 0 0 0 

58 72,092 39,206 47,845 0 0 0 0 0 0 

60 290,749 0 0 0 0 3,248,328 0 1,042,296 0 

70 79,727 0 0 0 0 0 112,405 198,052 0 

80 38,924 119,001 35,351 0 0 0 0 0 0 

90 45,363 0 0 0 0 0 0 1,325,287 651,196 

 

Table A-3 Cross-frequencies: Lithology vs. Mineralization 

          mine 

 lith 

11 13 14 17 18 19 

10 7,293 0 0 0 0 18,745,602 

20 3,567,600 1,425,493 167,870 196,368 11,558,279 41,939,895 

40 273,374 198,581 14,835 96,448 1,038,777 0 

49 486,678 478,460 0 0 14,782,187 18,775,909 

55 29,114 0 13,490 0 764,782 0 

56 147,023 289,928 7,433 0 3,254,818 2,310,819 

57 0 0 0 0 83,122 0 

58 16,771 0 0 0 142,372 0 

60 53,869 142,942 22,735 7,707 3,813,751 540,369 

70 23,185 10,280 10,020 0 346,699 0 

80 13,890 5,786 0 0 173,600 0 

90 196,847 119,794 0 0 1,112,100 593,105 
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Table A-4 Cross-frequencies: Alteration vs. Mineralization 

         mine 

 alte 

11 13 14 17 18 19 

100 14,582 0 10,631 0 2,967,804 0 

200 1,348,678 423,014 108,649 161,042 3,498,482 0 

300 207,396 352,587 76,915 53,089 5,965,679 0 

400 130,233 84,565 0 0 0 0 

500 977,775 323,298 0 78,685 3,503,643 0 

600 0 0 0 0 3,248,328 0 

700 0 0 0 0 112,405 0 

800 2,136,980 1,487,800 40,188 7,707 17,122,950 82,905,699 

900 0 0 0 0 651,196 0 

 

Table A-5 Cross-frequencies: Lithology vs. Domain 

    dom  

 

    lith 

111 222 333 444 499 520 530 532 540 560 566 577 580 588 599 888 

10 7,293 0 0 0 0 0 0 0 0 0 0 0 0 0 0 18,745,602 

20 3,567,600 1,425,493 167,870 117,683 78,685 10,219,707 0 0 0 0 0 0 0 1,338,572 0 41,939,895 

40 273,374 198,581 14,835 0 96,448 0 0 0 1,038,777 0 0 0 0 0 0 0 

49 486,678 478,460 0 0 0 0 0 0 3,225,637 0 0 0 0 11,556,550 0 18,775,909 

55 29,114 0 13,490 0 0 0 636,554 0 0 0 0 0 0 128,228 0 0 

56 147,023 289,928 7,433 0 0 0 0 3,254,818 0 0 0 0 0 0 0 2,310,819 

57 0 0 0 0 0 0 83,122 0 0 0 0 0 0 0 0 0 

58 16,771 0 0 0 0 0 142,372 0 0 0 0 0 0 0 0 0 

60 53,869 142,942 22,735 0 7,707 0 0 0 0 290,749 3,248,328 0 0 274,674 0 540,369 

70 23,185 10,280 10,020 0 0 0 0 0 0 79,727 0 112,405 0 154,567 0 0 

80 13,890 5,786 0 0 0 0 0 0 0 0 0 0 173,600 0 0 0 

90 196,847 119,794 0 0 0 0 0 0 0 45,363 0 0 0 415,541 651,196 593,105 
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Table A-6 Cross-frequencies: Alteration vs. Domain 

  dom  

 

alte 

111 222 333 444 499 520 530 532 540 560 566 577 580 588 599 888 

100 14,582 0 10,631 0 0 1,588,625 611,796 0 312,620 415,839 0 0 38,924 0 0 0 

200 1,348,678 423,014 108,649 64,594 96,448 3,002,362 73,466 0 323,329 0 0 0 99,325 0 0 0 

300 207,396 352,587 76,915 53,089 0 3,995,494 176,786 0 1,758,048 0 0 0 35,351 0 0 0 

400 130,233 84,565 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

500 977,775 323,298 0 0 78,685 1,633,226 0 0 1,870,417 0 0 0 0 0 0 0 

600 0 0 0 0 0 0 0 0 0 0 3,248,328 0 0 0 0 0 

700 0 0 0 0 0 0 0 0 0 0 0 112,405 0 0 0 0 

800 2,136,980 1,487,800 40,188 0 7,707 0 0 3,254,818 0 0 0 0 0 13,868,132 0 82,905,699 

900 0 0 0 0 0 0 0 0 0 0 0 0 0 0 651,196 0 

 

Table A-7 Cross-frequencies: Mineralization vs. Domain 

      dom 

 

  mine 

111 222 333 444 499 520 530 532 540 560 566 577 580 588 599 888 

11 4,815,644 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

13 0 2,671,264 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

14 0 0 236,383 0 0 0 0 0 0 0 0 0 0 0 0 0 

17 0 0 0 117,683 182,840 0 0 0 0 0 0 0 0 0 0 0 

18 0 0 0 0 0 10,219,707 862,048 3,254,818 4,264,414 415,839 3,248,328 112,405 173,600 13,868,132 651,196 0 

19 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 82,905,699 
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Appendix B: Visuals for the Geological Features, Domains and Copper Grade 

In this appendix, the visuals showing the easting, northing, plan and 3D views of the lithological 

units, alteration and mineralization types as well as the domains of the synthetic HRBM (ground 

truth) are included.  
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Appendix B.1: Lithological Units 
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Appendix B.2: Alteration Types 
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Appendix B.4: Domains 
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Appendix C: Validation Results for Simulation of Mineral Proportions 

In this appendix, the results of the validation process that was performed to ensure that the 

methodology for simulation of the mineral proportions was successful. The detailed tables for 

comparison of global statistics of the reference and the simulated data, Q-Q plots to verify 

univariate relationships as well as the scatter plots and correlation matrices to verify bivariate 

relationships are all included in this appendix. 
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Appendix C.1 Global Statistics 

 

Comparison between the reference mineral proportions and simulated mineral proportions for Domain 520 

 

Reference Mineral Proportions 

Parameter cpy cc_cv bn py mo qz plg kfeld biot turmal serc clor alb epid calc anh apatit rutile ilme sumMP residual 

count 274 274 274 274 274 274 274 274 274 274 274 274 274 274 274 274 274 274 274 274 274 

mean 0.01097 0.000376 0.001116 0.01656 0.000604 0.268222 0.026801 0.087044 0.083663 0.002965 0.152507 0.041895 0.140982 0.000691 0.001876 0.03466 0.005001 0.010223 0.003478 0.889633 0.110367 

std 0.005675 0.000552 0.001619 0.016895 0.001403 0.074482 0.036018 0.082089 0.051591 0.003932 0.075909 0.026251 0.063357 0.001931 0.002431 0.034578 0.002997 0.005076 0.00438 0.042286 0.042286 

min 0.000001 0.000001 0.000001 0.000001 0.000001 0.1029 0.0001 0.0052 0.0038 0.000001 0.0266 0.0036 0.0088 0.000001 0.000001 0.000001 0.000001 0.0016 0.000001 0.7526 0.015699 

max 0.0361 0.004 0.0088 0.105 0.0088 0.5557 0.1988 0.3318 0.2898 0.0255 0.3331 0.1303 0.3252 0.0215 0.0194 0.1415 0.0145 0.026 0.0235 0.984301 0.2474 

                                            

Simulated Mineral Proportions 

Parameter sim_cpy sim_cc_cv sim_bn sim_py sim_mo sim_qz sim_plg sim_kfeld sim_biot sim_turmal sim_serc sim_clor sim_alb sim_epid sim_calc sim_anh sim_apatit sim_rutile sim_ilme sim_sumMP sim_residual 

count 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 10219707 

mean 0.01097 0.000404 0.00112 0.016578 0.00098 0.268207 0.02685 0.087092 0.083678 0.002973 0.152501 0.041899 0.140976 0.001801 0.001892 0.034673 0.005 0.010223 0.003483 0.8913 0.1087 

std 0.005666 0.000552 0.001613 0.016852 0.001397 0.074348 0.035925 0.081883 0.051485 0.00392 0.075726 0.026186 0.06323 0.001926 0.002419 0.034489 0.002992 0.005066 0.004369 0.053109 0.053109 

min 0 0 0 0 0 0.100471 0.000098 0.005048 0.003728 0 0.026321 0.00353 0.0088 0 0 0 0 0.001596 0 0.491738 0.015699 

max 0.0361 0.004 0.0088 0.105 0.0088 0.5557 0.1988 0.3318 0.2898 0.0255 0.3331 0.1303 0.3252 0.0215 0.0194 0.1415 0.0145 0.026 0.0235 0.984301 0.508262 

                                            

Percent Comparison (±10% is highlighted in yellow) 

Parameter cpy cc_cv bn py mo qz plg kfeld biot turmal serc clor alb epid calc anh apatit rutile ilme sumMP residual 

count ratio 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 37298.2 

mean 100 107.4 100.42 100.11 162.37 99.99 100.18 100.05 100.02 100.25 100 100.01 100 260.63 100.81 100.04 99.99 100 100.15 100.19 98.49 

std 99.84 99.99 99.61 99.74 99.55 99.82 99.74 99.75 99.8 99.69 99.76 99.75 99.8 99.71 99.5 99.74 99.83 99.81 99.75 125.6 125.6 

min 0 0 0 0 0 97.64 98.31 97.07 98.1 0 98.95 98.06 100 0 0 0 0 99.75 0 65.34 100 

max 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 205.44 
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Comparison between the reference mineral proportions and simulated mineral proportions for Domain 530 

  

Reference Mineral Proportions 

Parameter cpy cc_cv bn py mo qz plg kfeld biot turmal serc clor alb epid calc anh apatit rutile ilme sumMP residual 

count 184 184 184 184 184 184 184 184 184 184 184 184 184 184 184 184 184 184 184 184 184 

mean 0.012489 0.000363 0.001338 0.013928 0.000278 0.288059 0.062979 0.116513 0.070982 0.002288 0.109916 0.027835 0.159985 0.000824 0.003682 0.030281 0.00371 0.00509 0.001862 0.912401 0.087599 

std 0.007499 0.00046 0.001481 0.019004 0.0011 0.087651 0.05325 0.068769 0.048205 0.004066 0.063527 0.014408 0.047144 0.001877 0.004086 0.039813 0.002029 0.002387 0.003106 0.045776 0.045776 

min 0.0029 0.000001 0.000001 0.0001 0.000001 0.1197 0.0001 0.0054 0.0018 0.000001 0.018 0.0073 0.0194 0.000001 0.000001 0.0011 0.0005 0.0009 0.000001 0.752403 0.009099 

max 0.0428 0.0037 0.0076 0.0891 0.0108 0.5979 0.2217 0.3092 0.2116 0.0255 0.3167 0.0919 0.2964 0.0135 0.019 0.4326 0.012 0.0121 0.0216 0.990901 0.247597 

                                            

Simulated Mineral Proportions 

Parameter sim_cpy sim_cc_cv sim_bn sim_py sim_mo sim_qz sim_plg sim_kfeld sim_biot sim_turmal sim_serc sim_clor sim_alb sim_epid sim_calc sim_anh sim_apatit sim_rutile sim_ilme sim_sumMP sim_residual 

count 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 862048 

mean 0.012474 0.000363 0.001341 0.013949 0.000937 0.287729 0.062945 0.116402 0.070901 0.002826 0.109831 0.027805 0.159813 0.00138 0.003685 0.037329 0.003707 0.005084 0.002246 0.920747 0.079253 

std 0.007467 0.000459 0.001475 0.018936 0.001098 0.087201 0.053076 0.068533 0.04798 0.004049 0.063343 0.014338 0.046995 0.001872 0.004067 0.038436 0.002023 0.00238 0.003092 0.057157 0.057157 

min 0.002585 0 0 0.000087 0 0.107267 0.000093 0.004966 0.00174 0 0.016096 0.006524 0.018342 0 0 0.001075 0.000438 0.0008 0 0.506742 0.009099 

max 0.0428 0.0037 0.0076 0.0891 0.0108 0.5979 0.2217 0.3092 0.2116 0.0255 0.3167 0.0919 0.2964 0.0135 0.019 0.4326 0.012 0.0121 0.0216 0.990901 0.493258 

                                            

Percent Comparison (±10% is highlighted in yellow) 

Parameter cpy cc_cv bn py mo qz plg kfeld biot turmal serc clor alb epid calc anh apatit rutile ilme sumMP residual 

count ratio 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 4685.04 

mean 99.88 100.24 100.2 100.15 337.22 99.89 99.95 99.9 99.89 123.53 99.92 99.89 99.89 167.58 100.07 123.27 99.9 99.89 120.63 100.91 90.47 

std 99.57 99.67 99.54 99.65 99.81 99.49 99.67 99.66 99.53 99.58 99.71 99.51 99.68 99.73 99.54 96.54 99.72 99.69 99.55 124.86 124.86 

min 89.14 0 0 87.5 0 89.61 92.7 91.96 96.69 0 89.42 89.37 94.54 0 0 97.71 87.52 88.87 0 67.35 100 

max 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 199.22 
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Comparison between the reference mineral proportions and simulated mineral proportions for Domain 540 

  

Reference Mineral Proportions 

Parameter cpy cc_cv bn py mo qz plg kfeld biot turmal serc clor alb epid calc anh apatit rutile ilme sumMP residual 

count 787 787 787 787 787 787 787 787 787 787 787 787 787 787 787 787 787 787 787 787 787 

mean 0.010071 0.000359 0.001625 0.015278 0.000321 0.225736 0.071442 0.100331 0.109918 0.00305 0.126174 0.038303 0.141208 0.00141 0.002754 0.045216 0.005443 0.007868 0.003805 0.910312 0.089688 

std 0.004892 0.000441 0.002071 0.02284 0.000767 0.081551 0.081791 0.078104 0.059599 0.005242 0.078238 0.02332 0.059001 0.003879 0.003746 0.032989 0.002742 0.004166 0.005767 0.04654 0.04654 

min 0.0008 0.000001 0.000001 0.0001 0.000001 0.0728 0.000001 0.0046 0.0003 0.000001 0.0084 0.0017 0.0031 0.000001 0.000001 0.001 0.0007 0.0011 0.000001 0.709802 0.007398 

max 0.0428 0.0055 0.0166 0.147 0.0108 0.5979 0.4927 0.4335 0.324 0.0597 0.3322 0.1641 0.3473 0.0397 0.0322 0.1881 0.0169 0.0244 0.0384 0.992602 0.290198 

                                            

Simulated Mineral Proportions 

Parameter sim_cpy sim_cc_cv sim_bn sim_py sim_mo sim_qz sim_plg sim_kfeld sim_biot sim_turmal sim_serc sim_clor sim_alb sim_epid sim_calc sim_anh sim_apatit sim_rutile sim_ilme sim_sumMP sim_residual 

count 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 4264414 

mean 0.010069 0.000451 0.001626 0.016219 0.000849 0.225628 0.071544 0.100352 0.109899 0.004947 0.12616 0.038301 0.141164 0.003408 0.002997 0.045218 0.005443 0.007865 0.004134 0.916276 0.083724 

std 0.004891 0.000439 0.002068 0.022801 0.000768 0.081239 0.081659 0.078011 0.059555 0.005231 0.07816 0.0233 0.058962 0.003868 0.003737 0.032954 0.002739 0.004163 0.005755 0.056563 0.056563 

min 0.000777 0 0 0.000096 0 0.071519 0 0.00442 0.000298 0 0.008315 0.001683 0.003074 0 0 0.001 0.000659 0.001073 0 0.452199 0.007398 

max 0.0428 0.0055 0.0166 0.147 0.0108 0.5979 0.4927 0.4335 0.324 0.0597 0.3322 0.1641 0.3473 0.0397 0.0322 0.1881 0.0169 0.0244 0.0384 0.992602 0.547801 

                                            

Percent Comparison (±10% is highlighted in yellow) 

Parameter cpy cc_cv bn py mo qz plg kfeld biot turmal serc clor alb epid calc anh apatit rutile ilme sumMP residual 

count ratio 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 5418.57 

mean 99.98 125.56 100.05 106.16 264.38 99.95 100.14 100.02 99.98 162.21 99.99 100 99.97 241.78 108.83 100 100 99.97 108.66 100.66 93.35 

std 99.98 99.55 99.85 99.83 100.21 99.62 99.84 99.88 99.93 99.8 99.9 99.92 99.93 99.73 99.78 99.89 99.91 99.93 99.78 121.54 121.54 

min 97.17 0 0 95.66 0 98.24 0 96.09 99.18 0 98.99 99.02 99.18 0 0 100 94.17 97.53 0 63.71 100 

max 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 188.77 
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Appendix C.2 Quantile-Quantile Plots 

Domain 520 
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Appendix C.3.1 Scatter Plots for Domain 520 
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Appendix C.3.2 Scatter Plots for Domain 530 
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Appendix C.3.3 Scatter Plots for Domain 540 
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Appendix C.4.1 Correlation Matrices for Domain 520 
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Appendix C.4.2 Correlation Matrices for Domain 540 
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Appendix D: Visuals for Grade Interpolation Process 

In this appendix, the visuals regarding the grade interpolation process, including the visuals for 

inspection for validation purposes, swath plots, estimation passes as well as the blocks of the 

estimated model in the open pit are given.  
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Appendix D.1: Visuals for Validation of the Interpolated Block Model 

  

  

 

  



342  

 

  

  

 

  



343  

 

 

  

 

  



344  

Appendix D.2: Swath Plots for the Domains Interpolated with IDW 
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Appendix D.3: Visuals for Number of Estimation Passes 
 

  

  

 

  



348  

 

  

  

 

  



349  

 

  

  

 

  



350  

Appendix D.4: Visuals for the In-Pit Blocks with Cu Grades – Estimated BM 
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Appendix E: Visuals for the In-Pit Blocks with Cu Grades – Ground Truth 

This appendix includes the visuals of the in-pit ground truth blocks with Cu grades. 
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