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Abstract 
Decision making in the mining value chain is hindered by the variability of the rock 
properties and the uncertainty associated with their estimation in the blocks mined 
and processed. In addition to the grades of the elements and metals of interest, the 
presence of deleterious materials, and the geometallurgical properties of the rock have 
a significant impact on the economic performance of mining projects. Researchers are 
faced with the challenge that there are very limited opportunities for benchmarking 
methods, considering that this type of information is proprietary from mining 
companies and seldom shared for research purposes. 

In this study, we discuss the methodology to build a realistic block model, which 
contains grades as well as mineralogical and geometallurgical properties, for 
benchmarking purposes. This model is used to simulate mining decisions through the 
mine value chain. For this, a high-resolution model is created, and samples are 
extracted from this model to allow for comparison of estimation and planning decisions 
with the actual performance as the model provides access to the ground truth. This 
synthetic block model is built at a high resolution and blocks are then averaged to 
different supports to learn about the impact of selectivity and to assess dilution, grade 
control, mine planning, and processing strategies. This model also serves to 
demonstrate the use of advanced planning techniques and could also be used to test 
artificial intelligence tools in prediction, forecasting and decision making. 

 

1. Introduction 
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 last two stages, Development and 
Exploitation are 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 could extend from 5 to 10 years. This period of time 
can be considered as a long-term for an investment, whose payback is controlled by many 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 

                                                           
1 Cite as: Altinpinar M, Sari YA, Ortiz JM (2020) Synthetic High-Resolution Ore Deposit Model and Mine Plan, 
Predictive Geometallurgy and Geostatistics Lab, Queen’s University, Annual Report 2020, paper 2020-09, 147-169. 
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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. 

In this study, we propose and build a high-resolution benchmark ore deposit model of a porphyry copper 
deposit. The model includes grades, where Cu is the main value driver, along with a suite of geochemical 
concentrations, geological properties, such as lithological units, alteration and mineralization types as well 
as copper bearing mineral proportions, major minerals and clays, and also geometallurgical properties. 
These geometallurgical properties consider ore hardness, i.e. Bond Work Index (BWI) and SPI (SAG Power 
Index, where SAG stands for Semi-Autogenous Grinding) and flotation recovery. This high-resolution (HR) 
model, which can be used to simulate the mining decisions throughout the value chain, is 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, and thus it contains 128 million points in total. It is 
also reblocked to represent a block model with 4 million blocks with dimensions of 10 m x 10 m x 10 m. 
From this HR model, samples are extracted to mimic an advanced exploration drilling campaign and 
estimation and planning decisions can be made and then compared with the actual performance, since 
the model provides access to the ground truth. In other words, we already know the geochemical, 
geological and geometallurgical parameters at any specific location in the model within the limits of the 
specified resolution. 

The model 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.  

Based on the drilling campaign, a resource model, pit design and sequence were constructed, which 
indicates that, for the economic parameters used, the project has a life of mine (LOM) of over 15 years 
and with the ore production rate of 110 ktpd. 

 

Abbreviations  

Abbreviations and acronyms used in this paper are provided below. 

Abbreviation / Acronym Description 
BM Block Model 
HR High-Resolution 
SPI SAG Power Index 
SAG Semi-Autogenous Grinding 
BWI Bond Work Index 
M Million 
k Kilo 
X Easting Direction 
Y Northing Direction 
Z Elevation 
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2. Methodology 
The methods used to create the high resolution synthetic block model as well as the resource estimation 
and mine planning processes performed on the HR model via a drillhole campaign are discussed in detail 
in this section. 

Many different real porphyry copper deposits were explored to define the mineral proportions in each 
domain and to develop the dataset. 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.  

The steps of the methodology are as follows:  

1. Development of High Resolution Model 
 Building a blank block model. 
 Assigning geological characteristics to the block model. 
 Defining geological domains. 
 Assigning mineral proportions to the block model. 
 Calculating element concentrations in the block model. 
 Assigning geometallurgical variables to the block model. 
 Cutting the block model by topography. 

 
2. Exploration Studies 

 Extraction of drillhole campaign sample data. 
 Construction of interpreted geological model. 
 Resource estimation of copper grades. 

 
3. Mining Studies 

 Pit design optimization 
 Mine Planning 

 

2.1. Development of High Resolution Model 
2.1.1 Building a Blank Block Model 

A blank block model representing the extent of the domain where the ore deposit is modeled was created 
with the parameters shown in Table 1. The block model comprised of 128 million nodes is exported to a 
.csv file, which has 128M rows and 3 columns and where the columns represent the Easting (X), Northing 
(Y) and Elevation (Z) directions, respectively. This blank block model is then filled with the geological 
characteristics, mineralogical and geochemical properties and geometallurgical variables, as discussed in 
the following subsections, in order to build the ore deposit to be used during the next stages of the project. 

 

2.1.2 Assigning Geological Characteristics to the BM 

Geological characteristics, i.e. lithological units and alteration and mineralization types were assigned to 
the BM via the Nearest Neighborhood method by using some geology samples obtained from a real 
porphyry copper deposit. The geometry of the ore deposit was slightly modified. Table 2 indicates the 
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alteration types, lithological units and mineralization types together with their codes and Figure 1 shows 
these geological characteristics at the elevation levels of 100 m and 140 m of the block model. 

 

Table 1 - Parameters of the High Resolution Block Model 

No Parameter HR Model 
1 Block size in X direction (m) 2.5 
2 Block size in Y direction (m) 2.5 
3 Block size in Z direction (m) 5.0 
4 Extension in X direction (m) 2,000 
5 Extension in Y direction (m) 2,000 
6 Extension in Z direction (m) 1,000 
7 Number of nodes in X direction 800 
8 Number of nodes in Y direction 800 
9 Number of nodes in Z direction 200 

10 Total number of nodes 128,000,000 
 

Table 2 – Geological characteristics assigned to BM and their codes 
 

No Lithology Code 
1 Gravel 10 
2 Sediments 20 
3 Main Porphyry 31 
4 Low Grade Porphyry 32 
5 Late Porphyry 33 
6 Secondary Porphyry 34 
7 Dacites 40 
8 Andesites 50 
9 Hornfels 60 

10 Skarn 70 
11 Breccias 80 
12 Anhydrite 90 

 

 

No Alteration Code 
1 Potassic 100 
2 Quartz Sericitic 200 
3 Sericite Chlorite 300 
4 Argillic 400 
5 Propylitic 500 
6 Hornfels 600 
7 Skarn 700 
8 Not Altered Sulfides 800 
9 Anhydrite 900 

 

 

No Mineralization Code 
1 Leached 1 
2 Partial Leached 2 
3 Oxides 3 
4 Mixed 4 
5 Primary Sulfides 5 
6 Not Mineralized 8 

 

 

 



 
© Predictive Geometallurgy and Geostatistics Lab, Queen’s University 151 

 

Figure 1 - Lithological Units and Alteration and Mineralization Types assigned to the BM 

After assigning the geological characteristics, the HR BM now has 3 more columns representing the 
lithological units, alteration types and mineralization types, respectively. 
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2.1.3 Defining Geological Domains 

Lithological units and alteration and mineralization types were used to define the geological domains 
relevant for resource estimation. 3D views of the alteration types, lithological units and mineralization 
types are shown in Figure 2. 

 
Figure 2 - 3D views of the alteration types, lithological units and mineralization types 

Geological domains relevant to the resources estimation studies were defined based on these three 
geological characteristics. Error! Reference source not found.Table 3 below shows the definition of 
geological domains. 

 

2.1.4 Assigning Mineral Proportions to the BM 

Mineral proportions are the base for the simulation of the elements on the HR BM. Mineral proportions 
are compositional variables, which are constrained by their sum. In order to handle this constraint when 
building a model and ensure that the relationships between the variables are preserved and the sum of 
the components is kept, compositional data analysis is used. A collection of real databases of mineral 
proportions in different domains is obtained from different porphyry copper deposits. 
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Table 3 – Geological domains 

No Code Lithology Alteration Mineralization Description 
1 111 ALL ALL 1 Leached 
2 222 ALL ALL 2 Partially Leached 
3 333 ALL ALL 3 Oxides 
4 444 20 300, 200 4 Mixed in Sediments 
5 499 Not 20 Not 300, 200 4 Mixed other  
6 501 Not simulated 5 Other Sulfides 
7 530 31, 33, 34 ALL 5 Porphyry sulfides 
8 540 40, 50 ALL 5 Sulfides in Dacites and Andesites 
9 560 60, 70, 90 ALL 5 Sulfides in Skarn, Hornfels and Anhydrite Lithologies 

10 566 ALL 600 5 Sulfides in Hornfels Alteration 
11 577 ALL 700 5 Sulfides in Skarn Alteration 
12 580 80 ALL 5 Sulfides in Breccias 
13 588 ALL 800 5 Not Altered sulfides 
14 599 ALL 900 5 Sulfides in Anhydrite Alteration 

 

Multivariate geostatistical simulation using Principal Component Analysis was utilized to reproduce the 
statistical relationships between the mineral proportions in our synthetic ore deposit model. According to 
the methodology proposed by Bolgkoranou and Ortiz (2019), grades and a filler variable, which is the 
residual in our case, are transformed to log-ratios to impose the sum to 100%. Then, these log-ratios are 
linearly transformed to Principal Components (PCs). Afterwards, Sequential Gaussian Simulation is 
performed and the simulated factors are then back-transformed to simulated log-ratios, and these 
simulated log-ratios are back-transformed to grades. Figure 3 shows the methodology flow chart for the 
multivariate geostatistical simulation. 

 

Figure 3 - Methodology flow chart for the multivariate geostatistical simulation 
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Mineralogy data was based on three different datasets obtained as a result of clay, flotation and 
mineralogy analyses. For the purpose of this paper, the data obtained from the mineralogy analysis was 
used. 

According to the outcomes of the Exploratory Data Analysis and based on the results of assay analysis 
performed on the porphyry copper deposit to which the real data belongs, out of 39 minerals, 19 were 
found to be significant and the rest of the minerals was grouped as ‘Residual’ to ensure that the total mass 
analysed is preserved. Table 4 shows the list of these 19 minerals (variables) on which the simulation 
methodology shown in Figure 3 was implemented. 

Table 4 – Minerals assigned to the BM 

No Mineral Abbreviation  No Mineral Abbreviation 
1 Albite Alb  11 Ilmenite Ilm 
2 Anhydrite Anh  12 Potassium feldspar K-feld 
3 Apatite Ap  13 Molybdenum Mo 
4 Biotite Bt  14 Plagioclase Plg 
5 Bornite Bn  15 Pyrite Py 
6 Calcite Calc  16 Quartz Qz 
7 Chalcocite_covellite Cc_cv  17 Rutile Rt 
8 Chlorite Chl  18 Sericite Serc 
9 Chalcopyrite Cpy  19 Tourmaline Tur 

10 Epidote Ep     
 

A validation process was carried out in order to ensure that the simulated mineral proportions are 
consistent with the reference data. The following results were obtained within the scope of the validation 
process (the results shown below are for the first 100k lines of the BM and they belong to a single domain, 
in this case, Domain 540): 

1. Basic statistics:  Mean and variance of the reference data and those of the simulated minerals 
were compared. The results are summarized in Table 5 below.  

Table 5 - Mean and variance of reference data and simulation outputs 
  Cpy Cc_cv Bn Py Mo Qz Plg 

mean - Reference 0.010054 0.000311 0.001801 0.010548 0.000312 0.201264 0.100890 

mean - Simulated 0.009304 0.000587 0.007431 0.009558 0.000177 0.190955 0.124913 
        

var - Reference 0.000029 0.000000 0.000005 0.000247 0.000001 0.006000 0.009638 

var - Simulated 0.000032 0.000003 0.001003 0.000258 0.000001 0.008541 0.021662 

        

  K-feld Bt Tur Serc Chl Alb Ep 

mean - Reference 0.115831 0.119401 0.002226 0.106213 0.029922 0.144844 0.001783 

mean - Simulated 0.105124 0.118605 0.008613 0.094438 0.029598 0.137946 0.003774 
        

var - Reference 0.007132 0.003104 0.000018 0.004998 0.000297 0.003407 0.000018 

var - Simulated 0.006966 0.004272 0.001491 0.004787 0.000285 0.003303 0.000151 
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Table 5 - Mean and variance of reference data and simulation outputs (continued) 

  Calc Anh Ap Rt Ilm Sum Res 

mean - Reference 0.002328 0.046671 0.004975 0.007020 0.002463 0.908855 0.091145 

mean - Simulated 0.001966 0.050970 0.004703 0.006180 0.007724 0.912566 0.087434 
        

var - Reference 0.000012 0.001321 0.000005 0.000019 0.000016 0.002612 0.002612 

var - Simulated 0.000012 0.002787 0.000006 0.000019 0.001408 0.004270 0.004270 
 

2. Univariate relationships: Quantile-Quantile (Q-Q) plot of each variable was generated to compare 
the reference data and simulated mineral proportions. Figure 4 shows the Q-Q plots of the 
variables for the reference and simulated data. Deviations observed in some of the variables are 
due to the very low grade values, which are very sensitive and thus can show fluctuations between 
the reference and simulated datasets. Despite these deviations, Q-Q plots generally show that the 
univariate relationships were honored. 
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Figure 4 - Q-Q plots of the variables for the reference and simulated data 

 
3. Bivariate relationships: In order to see the bivariate relationships, scatter plots were generated 

between some of the mineral pairs for both reference and simulated datasets. Based on the 
scatter plots shown in Figure 5, bivariate relationships were also reproduced by the methodology. 
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Figure 5 – Scatter Plots of some mineral pairs in the deposit based on reference data vs. simulated data 

 

After assigning the mineral proportions, the HR BM now has 19 more columns each of which represents 
the minerals listed in Table 4 and 2 more columns for the sum of the mineral proportions and the residual 
(filler variable). 
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2.1.5 Calculating Element Concentrations in the BM 

Having mineral proportions assigned to the BM, the amounts 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 6. The conversions from mineral proportions to chemical 
elements are based on the matrix shown in Table 7.  

After assigning the chemical elements, HR BM now has 18 more columns each of which represents the 
elements listed in Table 7. 

Table 6 – Mineral compositions assigned to the BM 

No Abbreviation Mineral Molecular Formula 
Molar 
Mass 

1 Cpy Chalcopyrite CuFeS2 183.53 

2 Cc_cv Chalcocite 
Covellite 

Chalcocite: Cu2S 
Covellite: CuS 

127.385 

3 Bn Bornite Cu5FeS4 501.84 

4 Py Pyrite FeS2 119.98 

5 Mo Molybdenum Mo 95.95 

6 Qz Quartz SiO2 60.08 

7 Plg Plagioclase Na0.5Ca0.5Si3AlO8 270.77 

8 K-feld K-feld KAlSi3O8 278.33 

9 Bt Biotite KMg2.5Fe2+0.5AlSi3O10(OH)1.75F0.25 433.53 

10 Tur Tourmaline Al6B3Fe3H10NaO31Si6 1059.4 

11 Serc Sericite KAl2(AlSi3O10)(OH)2 398 

12 Chl Chlorite ClO-2 67.45 

13 Alb Albite NaAlSi3O8 263.02 

14 Ep Epidote Ca2Fe3+2.25Al0.75(SiO4)3(OH) 519.3 

15 Calc Calcite CaCO3 100.9 

16 Anh Anhydrite CaSO4 136.14 

17 Ap Apatite Ca5(PO4)3(OH)0.33F0.33Cl0.33 509.12 

18 Rt Rutile TiO2 79.88 

19 Ilm Ilmenite FeTiO3 151.73 

 

2.1.6 Assigning Geometallurgical Variables to the BM 

Hardness variables measure the energy required for fragmentation (blasting and comminution). They are 
usually dependent on geological attributes. In this model, the Bond Work Index (BWI) and SAG Power 
Index (SPI) were modeled according to lithology and alteration units. These two attributes show some 
correlation. 

The distribution of values is similar to those of real operations where extensive testing has been done. 
These distributions provide reference statistics to simulate the spatial distribution of the hardness 
variables conditioned by the spatial distribution of the geological domains (Altinpinar et al., 2020). 

After assigning the geometallurgical variables, HR BM now has 2 more columns for BWI and SPI and 
flotation recovery will also be assigned to the model within the scope of the future works. 
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Table 7 – Chemical Elements making up the minerals 
No Mineral Al B C Ca Cl Cu F Fe H K Mg Mo Na O P S Si Ti Sum 

1 Cpy 0 0 0 0 0 34.63 0 30.43 0 0 0 0 0 0 0 34.94 0 0 100 

2 Cc_cv 0 0 0 0 0 74.83 0 0 0 0 0 0 0 0 0 25.17 0 0 100 

3 Bn 0 0 0 0 0 63.31 0 11.13 0 0 0 0 0 0 0 25.56 0 0 100 

4 Py 0 0 0 0 0 0 0 46.55 0 0 0 0 0 0 0 53.45 0 0 100 

5 Mo 0 0 0 0 0 0 0 0 0 0 0 100.00 0 0 0 0 0 0 100 

6 Qz 0 0 0 0 0 0 0 0 0 0 0 0 0 53.26 0 46.74 0 0 100 

7 Plg 9.96 0 0 7.40 0 0 0 0 0 0 0 0 4.25 47.27 0 0 31.12 0 100 

8 K-feld 9.69 0 0 0 0 0 0 0 0 14.05 0 0 0 45.99 0 0 30.27 0 100 

9 Bt 6.22 0 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 Tur 15.28 3.06 0 0 0 0 0 15.81 0.95 0 0 0 2.17 46.82 0 0 15.91 0 100 

11 Serc 20.32 0 0 0 0 0 0 0 0.51 9.82 0 0 0 48.20 0 0 21.15 0 100 

12 Chl 0 0 0 0 52.56 0 0 0 0 0 0 0 0 47.44 0 0 0 0 100 

13 Alb 10.29 0 0 0 0 0 0 0 0 0 0 0 8.77 48.81 0 0 32.13 0 100 

14 Ep 3.90 0 0 15.44 0 0 0 24.20 0.19 0 0 0 0 40.05 0 0 16.22 0 100 

15 Calc 0 0 12.00 40.04 0 0 0 0 0 0 0 0 0 47.96 0 0 0 0 100 

16 Anh 0 0 0 29.44 0 0 0 0 0 0 0 0 0 47.01 0 23.55 0 0 100 

17 Ap 0 0 0 39.38 2.30 0 1.23 0 0.07 0 0 0 0 38.77 18.26 0 0 0 100 

18 Rt 0 0 0 0 0 0 0 0 0 0 0 0 0 40.07 0 0 59.93 0 100 

19 Ilm 0 0 0 0 0 0 0 36.81 0 0 0 0 0 31.64 0 0 0 31.55 100 
 

 

2.1.7 Cutting the BM by Topography 

A relatively smooth topography was used to cut the HR BM so that all nodes and blocks above this 
topographic surface are considered as “air” for the purpose of exploration and mine planning studies. 
Figure 6 shows the topography used to intersect the BM. 

 
Figure 6 – Topography used to cut the HR BM 
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2.2. Exploration Studies 
2.2.1 Extraction of drillhole campaign sample data 

An advanced exploration campaign is simulated by taking samples from the deposit with the aim of 
characterizing the ore body. A total of 295 drillholes were drilled and 30,803 samples were taken from 
these drillholes. The characteristics assigned to the HR BM as discussed in the preceding sections are 
recovered at each sample location in order to represent a sample value (without sampling error). Plan and 
3D views of the drilling campaign are presented in Figure 7. 

 
Figure 7 – Plan and 3D views of the drilling campaign 

2.2.2 Construction of interpreted geological model 

Drillhole samples were logged for geological attributes. Based on the defined domains, a geological model 
was built to be used for resource estimation studies. Plan and 3D views of the geological information of 
the drillhole database are presented in Figure 8. One should notice that, not all the domains in the HR BM 
were intersected by the drillholes and also, there is an assumption of perfect logging, when assigning the 
geological properties to the samples. 

 
Figure 8 - Plan and 3D views of the geological information of the drillhole database 
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Indicator variograms of different domains were calculated based on the drillhole data. These are displayed 
in Figure 9, where it is clear that the number of samples intersecting some units is insufficient, generating 
very noisy experimental variograms. 

 

Figure 9 - Indicator variograms of different domains 

The general disposition of the domains is N15E and mostly vertical. Continuity of the domains ranges from 
under 100m for small, discontinuous units, to 400-600m in the case of larger domains. The background 
host rock (domain 501) was modelled with a very long range of over 3200m in the strike, 500m 
perpendicular to strike and 2300m vertical. 

Sequential indicator simulation was used to create one rendering of the domain distribution, consistent 
with the drillhole data and consistent with the general trends presented in the indicator variograms. To 
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make the result similar to an actual geological model, the result was heavily smoothed to represent the 
smooth contacts that usually come out of interpreted models. The resulting model is presented in Figure 
10 in plan views and sections (Altinpinar et al., 2020). 

 

 

Figure 10 – Simulated domains 

 

2.2.3 Resource estimation of copper grades 

The copper grade is estimated as the sole economic relevant variable for resource estimation purposes, 
using an ordinary kriging approach with hard boundaries between the interpreted domains. The 
histograms of copper grades (in %) for each domain are presented in Figure 11.  
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Figure 11 – Histograms of copper grades (in %) for each domain 

Directional variograms were calculated to explore the anisotropy in the copper grade. The main 
anisotropy directions were determined to be N45E/0 N135E/0 and vertical. Variogram models are then 
fitted to the grade variograms for the domains with enough information and used to estimate in similar 
domains. For example, the variogram in domain 111 was used to estimate copper grade in domains 111, 
222, 333, and 444. The variogram inferred for domain 501, was used to estimate in the remaining domains 
(501, 530, 540, 560, 580, and 588). Figure 12 shows the directional variograms. 
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Figure 12 - Directional variograms 

Ordinary kriging was then run for each domain independently. In all cases, a minimum of 3 samples and 
maximum of 24 were used and a search of 200m horizontally and 120m vertically. The corresponding data 
within the domain and variogram model were used. The model was combined using the inferred domains. 

The model was cleaned by considering only blocks that can be estimated with a minimum of 6 samples 
within a search ellipsoid with radius 120m horizontally and 80m vertically. All blocks outside this outline 
are downgraded to inferred and replaced by -999.0 (unestimated) to reflect the fact that they should not 
be used in design. Plan views and sections of the final model are presented Figure 13. 
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Figure 13 - Plan views and sections of the final model 

2.3. Mining Studies: Pit Design Optimization and Mine Planning 
The copper grade of the resultant block model was completed to a rectangular prism of 4 million blocks 
with model dimensions of 200 x 200 x 100 blocks by assigning a zero grade to non-mineralized zones. 
Then, the topology was fit on the model to define the air blocks. Air blocks are placeholder blocks that do 
not correspond to the orebody. The block model was reblocked in a 2 x 2 x 2 blocks fashion to decrease 
the block model size to 100 x 100 x 50 blocks of size 20m x 20m x 20m for pit optimization purposes. The 
resultant block model of 500,000 blocks is visualized in 3D in Figure 14. 
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Figure 14 – Synthetic high-resolution porphyry copper deposit 

A pit optimization and mine sequence was developed over these data to determine the mining reserves 
of the project. The parameters that were used for the mine scheduling program are given in Table 8. 

Table 8 – Parameters for the mine scheduling 

Parameter Value 
Number of ore destinations 1 
Number of waste destinations 1 
Number of periods (years) 15 
Mining cost ($/tonne) 3 
Mineral processing cost ($/tonne) 10 
Sales cost ($/tonne) 3 
Specific gravity tonne/m3 2.7 
Mining capacity (blocks/year) 15,000 
Processing capacity (blocks/year) 10,000 
Ore price ($/kg) 5.53 
Recovery (%) 85 
Discount rate (%) 10 
Mining cost adjustment factor 0.2 

 
A mine schedule was created using a simulated annealing approach. A net present value of $ 100,021,835 
was yielded (Altinpinar et al., 2020). 
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3. Conclusions 
Within the scope of this project, the synthetic high-resolution model of a porphyry copper deposit was 
developed for benchmarking purposes by assigning geological characteristics, geochemical 
concentrations as well as geometallurgical properties to the model. The file structure of the resultant 
block model representing the porphyry copper deposit is shown in Figure 15. The data on which the model 
is based was obtained from real porphyry copper deposits and used to condition the statistics of a spatially 
unconditioned simulation of each mineral in the deposit. An approach was used to impose cross-
correlation between variables and, at the same time, respect the compositional constraint where 
mineralogical proportions and grades must sum to the whole of the rock.  

 

Figure 15 - File structure of the resultant block model 

Additional variables could be added to the model, and evaluations of different transfer functions, such as 
mine design, planning and sequencing could be performed on this synthetic high-resolution model. The 
synthetic block model can also be built at a high resolution and block averaged to different supports to 
learn about the impact of selectivity, assess dilution, grade control, processing strategies, among other 
things. This model can also serve to demonstrate the use of artificial intelligence tools in prediction, 
forecasting and decision making. The approach could later be expanded to other deposit types to create 
a variety of possible geological and mining environments. 

Building a model of this magnitude brings several challenges. The size of the high resolution model, with 
128 million nodes simulated for over 40 variables makes computations, visualization and 
validation/checking very complex and slow. The results presented in this paper are preliminary and 
currently, the model is being thoroughly checked to ensure that all intermediate steps provide the 
expected outcomes. Several improvements will be provided in a subsequent delivery of the model, where 
consistency of the elemental and mineral concentrations with the geology of porphyry copper deposits 
will be the goal. The development of the current model allowed preparing the methodology and scripts, 
as well as overcoming the challenges associated to the large size of the model. 
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