
 

Geometallurgy Conference 2023 
Hazendal Wine Estate, Stellenbosch, Western Cape, 4 – 7 September 2023 
The Southern African Institute of Mining and Metallurgy 

183 

Development of an implicit 3D geological modelling 
workflow as a basis for geometallurgical modelling: A case 

study of a pegmatite deposit 
 
 

I. Cupido1, M. Becker1, and G. Nwaila2 
 

1University of Cape Town, South Africa 
2University of the Witwatersrand, South Africa 

 
 

3D geological modelling is a crucial activity in the exploration and quantification of 
mineral resources as a reliable and effective means of portraying geological features. The 
generation of accurate grade and geological models is foundational to any given mining 
project since model interpretations influence many downstream mining decisions. The 
evolution of geological models and their implementation have been extensive over the 
last few decades. Proprietary software packages have created platforms which facilitate 
an interactive and user-friendly experience. Despite these benefits, access to these 
software packages is limited by their exorbitant cost. Geometallurgical models, which 
are more sophisticated in that they relay spatial relationships of predictive processing 
responses, are built on the framework of 3D geological models. This paper will address 
the development of a workflow for constructing a 3D geological and geometallurgical 
model using Python – a programming language implemented through libraries 
accessible through freely available software packages. Additionally, Python provides 
access to extensive and robust data analytical tools, ranging from basic statistical 
methods to predictive tools of machine learning. Access to a variety of analytical tools, 
in addition to modelling capabilities, renders Python compatible platforms powerful 
tools for performing extensive data analysis and modelling on a single platform. As a 
result, in addition to addressing 3D geological and geometallurgical modelling, the 
presented workflow covers exploratory data analysis of drill core data for a vein-type 
pegmatite deposit through statistical analysis and machine learning techniques. 

 
 

INTRODUCTION 
 
3D geological modelling is a crucial activity in the exploration and quantification of mineral resources 
(Mao et al., 2012) as a reliable and effective means of portraying geological structures (Baojun et al., 2009). 
A geological model is a representation of the orebody geometry as a function of the spatial variation of 
subsurface geological parameters such as structure, depositional characteristics and grade distribution 
(Turner, 2005; Chanderman et al., 2017). The subsurface data which informs the process of geological 
modelling is captured by drilling information (Turner, 2005; Chanderman et al., 2017). Geological 
models are used to constrain mineral resource estimation (MRE). A more realistic geological model (and 
conjunctly, a more realistic MRE) reduces associated geological risk (Chanderman et al., 2017). 
Therefore, the generation of accurate grade and geological models is crucial since model interpretations 
influence many downstream mining decisions (Cowan et al., 2003). 
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A geometallurgical model is built on the framework of a 3D geological model. It is a predictive tool 
which combines geological and metallurgical information in a spatial context with the aim to be used 
in production planning and management (Lamberg et al., 2013). The insertion of geometallurgical data 
into the framework of a 3D geological model results in a 3D geometallurgical model. In the same way 
that the rock type classification is interpolated within the block model to build a 3D geological model 
to illustrate the orebody geometry, selected geometallurgical data for purposes of modelling are 
interpolated when developing a 3D geometallurgical model.  

Data on the primary ore properties can serve as geometallurgical proxies once the correlation between 
primary ore properties and processing response(s) are established. For example, measured rock density 
is associated with comminution variability (Montoya et al., 2011), although its influence on predicting 
comminution behaviour is minor. Overall, geometallurgical models are similar to 3D geological models, 
but are more evolved in that these models illustrate the spatial distribution of processing characteristics 
such as recovery, comminution variability, flotation efficiency etc. The application of a geometallurgical 
programme through the utilisation of geometallurgical model(s) leads to decreased technical and 
operational risks associated with ore processing and increased project value. It builds project resilience 
(Dominy et al., 2018) through effective management of the orebody.  

Geological and geometallurgical models inform decisions regarding mine design as well as decisions 
regarding processing, which reduce the overall risk associated with mining operations. Therefore, 
geological models are foundational to the development of any mining project. However, one of the main 
challenges with creating 3D geological models is the lack of sufficient definitive data on which to base 
the development of these models and, furthermore, geometallurgical models. For example, boreholes 
are typically widely spaced, and therefore to build models from borehole data, values between available 
data need to be interpolated (Turner, 2005). Interpolation is widely used in geological applications 
(Vasiukhina, 2020) to populate the spatial extent of the study area for the parameters to be modelled.  
Over the last few decades, the evolution of geological models has been extensive through improvements 
in the software packages utilised to develop them. Software packages have become more user-friendly 
and allow for an interactive user experience. However, despite these benefits and improvements, access 
to these software packages is hindered by the limitation imposed by their cost. The objective of this 
paper is to describe the application of a workflow for implicit 3D geological- and geometallurgical 
modelling, using freely available, non-proprietary software with the case study of a vein hosted 
pegmatite deposit.  

 

WORKFLOW OUTLINE AND DESCRIPTION 

The workflow has been developed and implemented using Python, a programming language 
supported by non-proprietary, freely available software packages. In this study, Anaconda’s Jupyter 
Notebook was used. Jupyter Notebook is a web-based platform for writing and implementing over 40 
programming languages, including Python.  

Approach 
The developed workflow follows multiple integrated steps in its implementation (Figure 1): (1) 
Evaluation of the nature of the data, (2) Data pre-processing, (3) Data visualisation, (4) Feature 
Engineering, (5) Geological modelling and (6) Geometallurgical modelling. Each step of the workflow 
depends on the results obtained in the preceding step. In implementing the workflow, it is important to 
consider the goal of modelling. This would inform the focus of each step in applying the workflow to 
the available drill core dataset. 
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Figure 1. Overview of the steps of the workflow described in this paper. 
 
Step 1: Evaluation of the nature of the data 
When developing a 3D geological model, it is important to consider all available data sources. Some 
examples of data sources include traditional geological data (e.g., geological field mapping, drill core 
logging, cross sections, stratigraphy, and petrology), geophysical data (magnetics, gravity and seismics) 
and geochemical data. Drill core logging data is the main data source used for 3D geological modelling 
(Chanderman et al., 2017). Drill core data typically consists of multiple sources of data: the lithological 
logging-, assay-, survey- and collar dataset.  

The depth intervals for the lithological logging dataset are defined by the logging process as performed 
by the geologist. These intervals are then subdivided into regularly spaced, typically 1 m intervals, for 
assaying of major and minor elements or elements of interest for the associated mining project. The 
assay and lithological logging dataset may be considered as the most important data source since it 
provides the basis for creating models for MRE. Since lithological logging intervals guide assay 
intervals, each assay interval would have the lithological characterisation for each depth interval when 
sources of lithological logging and assay data are composited (as was the case for the data sourced in 
this study). Survey data provides information on the direction of the drillhole over pre-determined, 
consistent intervals. Collar data provides the geographical starting position of each drill core in terms 
of its X, Y and Z coordinates. As such, inconsistencies between the depth intervals of the various drill 
core data sources are inevitable due to the irregularly spaced nature of lithological logging data and 
potential depth inconsistencies between (typically) regularly spaced assay and regularly spaced survey 
data.  

Step 2: Data pre-processing 
3D geological modelling is an evaluation of the geostatistical relationships between the various datasets 
of drill core data. It illustrates the spatial relation of an orebody's lithological and/or chemical 
characteristics. For the evaluation of geostatistical relationships between drill core datasets, data sources 
need to be combined as a pre-processing step. Data collation and pre-processing form the basis of any 
analysis, modelling and estimation (Chanderman et al., 2017). In the data pre-processing stage, the 
quality of the data is also validated by various methods. Therefore, in addition to data collation, data 
pre-processing of drill core data may include tasks such as checking data labelling, outlier detection, 
addressing missing values and borehole desurveying.  

Borehole desurveying and compositing 
Borehole pre-processing can be particularly challenging due to depth interval inconsistencies for 
different data sources. Lithological logs are typically irregularly spaced (dependent on the logging 
intervals as decided upon by the geologist), while survey and assay data are typically regularly spaced. 
Therefore, interval inconsistencies exist between the various data sources of drill core data. To perform 
any geostatistical analysis of irregularly spaced lithological data and regularly spaced assay and/or 
survey data, for example, these data sources need to be composited. The composition of data sources 
requires that the intervals be standardised. Borehole desurveying and compositing are the means to do 
this. 

Borehole desurveying is not only a prerequisite for geological modelling, but also necessary for 
evaluating drilling performance. It is a crucial process prior to 3D geological modelling as a means to 
accurately determine the trajectory and shape of a drillhole. The collar and survey dataset are required 
to perform borehole desurveying. The intervals used for desurveying may be defined as a particular 
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value or governed by the existing interval of a particular data source e.g., assay data. It is more common 
to use the depth intervals of the assay data source (which has associated lithological data) since the 
geological resource models illustrate the information quantified within this data source. 

Compositing of drill core data sources may be performed for two main reasons: economic or geological. 
Within the developed workflow, borehole desurveying and compositing were performed 
simultaneously, but may be performed as separate tasks. In this study, the reason for compositing of 
data sources is classified as geological since the main reason was to ensure interval consistencies 
between the data sources and not necessarily compositing for optimisation of grade, density or any 
other primary ore property.  

Compositing allows for collation of available data sources into a single, coherent geological database 
for ease of data analysis and query. It also eases the working process since data sourcing, querying and 
analysis can occur from a single repository. This simplifies the exploratory data analysis process and 
improves the speed and efficiency of implementing the workflow. The workflow is designed to 
streamline the working process and to make it as efficient and seamless as possible. Geological attributes 
(represented by columns within the merged database) deemed insignificant for the modelling purpose 
can be removed for simplification of the database during the collation of data sources (e.g., the drilling 
method used; date of drilling and company contracted for drilling) to further improve the efficiency of 
modelling by easing the process of coding and computation. 

Imputation for dealing with missing values 
It is common to encounter instances where specific geological attributes or observations have missing 
values due to: measurement errors; the inability to obtain a measurement due to instrument detection 
limit; data entry issues, or incomplete data collection. These missing values can pose challenges and 
hinder the accurate analysis and modelling of the dataset. Within the Python environment, missing 
values are reported as “not a number” (“nan”) entries. For geochemical assay data (which was imputed 
in this study for purposes of 3D geological modelling), missing values occur when the measured 
concentration is lower than the instrument's detection limit or where there are inconsistencies in the 
elements analysed for different rounds of analysis, i.e., analyses by different laboratories. To deal with 
missing values, imputation is employed. Imputation addresses missing values by estimating their value 
based on known values. Imputation is similar to interpolation in that values are estimated based on 
known values. However, it differs from interpolation in that it deals with missing values of an already 
sampled location (Robinson and Hamann, 2018).  

Imputation by k-nearest neighbour (k-NN) is a widely used technique in the discipline of data analysis 
and machine learning to address the issue of missing data. This method requires the specification of the 
number of neighbours or known data points to include when estimating the missing value. This 
technique assumes that similar data points tend to have similar values for the attribute of interest. 
Hence, the k-NN algorithm identifies the k-nearest neighbours to each missing data point based on 
some distance metric, such as Euclidean distance or Manhattan distance. Once the nearest neighbours 
are identified, the algorithm uses their known values for the attribute of interest to impute the values 
for the corresponding missing data points. The imputation is typically done by taking an average or 
weighted average of the values from the k-nearest neighbours. By incorporating information from 
similar data points, the k-NN imputation helps to create a complete dataset, where the missing values 
are replaced with plausible estimates. The imputed dataset can then be used for further analysis and 
modelling, such as statistical analyses and predictive modelling. The type of imputation method 
depends on the consideration and composition of the data. 

Step 3: Data visualisation 
The goals of the modelling project determine which plots will be of value for the purposes of exploratory 
data analysis. Data visualisation allows for a graphical overview of any patterns (both spatial and non-
spatial) within the drill core dataset and allow for correlations to be inferred from the data. 

The libraries primarily used for data visualisation within the Python environment are Matplotlib, Plotly 
and Seaborn. Using these packages, various plots can be generated. These include 2D and 3D plots of 
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the drill cores to show their spatial relationships, elemental distribution plots, elemental heatmaps to 
demonstrate correlations between elements, and bar plots to show the percentage of any measured 
parameter of interest. 

Step 4: Feature engineering 
A feature is defined as any value that can be directly selected or computed from the input data for the 
purposes of modelling (Duboue, 2020). In the process of feature engineering, the raw input data is 
transformed into or directly selected as features. Selected features are governed by the purpose of 
modelling, guided by domain knowledge. The following questions may assist in the feature engineering 
process: (i) Considering the purpose of the 3D geological and/or geometallurgical model, which input 
parameters are relevant to the development of the model? (ii) Is it more appropriate to select input data 
directly or would a computation of input data into features be more applicable for the modelling 
purpose? 

Step 5: Geological modelling 
3D implicit geological modelling can be performed on scattered drill core data of any density (Cowan 
et al., 2003). The goal of the modelling process informs the feature engineering process. Features are 
what we use to train models and to build models. 3D geological models are constructed from the 
assembly of volumes, which are constructed from surfaces and polylines. To create this succession of 
geometries, there needs to be sufficient data points for the selected feature to be modelled. The 
generation of sufficient data points for modelling is generated by interpolation. Interpolation is a way 
of predicting values at unsampled locations based on the known values at sampled locations (Robinson 
and Hamann, 2018). There are various methods of interpolation available in the Python environment 
such as splines, radial basis functions (RBFs) and inverse distance weighting (IDW). Once the feature of 
interest has been interpolated, bins or classes must be created to classify the interpolated values into 
categories, which in turn allows for ease of interpretation of the developed model. For example, in order 
to delineate the orebody geometry, the rock type classification scheme with associated interpolated 
values is used to define distinct classes. 

Step 6: Geometallurgical modelling 
A 3D geological model is the foundation of a 3D geometallurgical model. Processing information can 
be mapped onto a geological model to illustrate predictive processing behaviour within a spatial 
context. When correlations between ore properties and processing responses are established, mapping 
selected ore properties onto the 3D geological model forms a geometallurgical model. The example used 
in this paper is the primary ore property: rock density. This primary ore property can be measured for 
the deposit over mapped sampling intervals as determined by the lithological logs. Rock density, 
amongst other parameters such as hardness and bulk mineralogy, is indicative of deposit comminution 
variability (Montoya et al., 2011). The development of a geometallurgical model using a known and 
quantified geometallurgical proxy can be used to guide decision-making regarding mine and 
processing planning, since the physical properties of the ore sent to the processing plant and its 
associated processing response can be better predicted. 
 
 
RESULTS AND DISCUSSION: WORKFLOW APPLICATION 

Case study: Vein-type deposit 
For this study, a pegmatite deposit was used to illustrate the applicability of the developed workflow. 
Pegmatites are intrusive igneous rocks with the greatest range in grain size compared with any other 
rock type, ranging from sub-millimetre to several metres. However, coarse-to-gigantic sized cm-scale 
grains are more typical (Simmons and Webber, 2008). As a vein-type deposit, pegmatites typically have 
an irregular orebody geometry as mostly lenticular bodies, but may also occur as sigmoids, pods and 
veins. Pegmatites are typically hosted by granites or metasediments such as schists (Figure 2). As vein-
type deposits, pegmatites are typically more complex in geometry. Therefore, successful application of 
the workflow to such a deposit implies that the workflow would be successfully applied to a more 
regularly shaped, tabular orebody where modelled features will be spatially more regular and 
predictable. 
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Figure 2. Illustration of a representative pegmatite and its relationship to the host rock schist.  
 

Step 1: Evaluation of nature of data 
GeoPandas and Pandas were used for database management and query. The raw dataset consisted of 
drill core logging data for 19 drill cores comprising collar, survey and assay data. For this study, the 
assay dataset was a composite of lithological data with associated sampling intervals having measured 
assays. Furthermore, the lithological dataset consisted of a rock type classification for each logged 
interval: pegmatite or schist. By the legacy database provided, only one borehole was logged to have a 
contact between the two lithologies. For measured assays, the dataset provided the concentrations of 11 
major elements (in wt. %) analysed with inductively coupled plasma optical emission spectrometry 
(ICP-OES) and 39 trace elements (in ppm) analysed by inductively coupled plasma mass spectrometry 
(ICP-MS). Additionally, rock density and loss on ignition were measured for each depth interval. All 
available data sources were merged into a single geological database in the data pre-processing stage.  

Step 2: Data pre-processing 
Borehole desurveying and compositing 
Using NumPy, the minimum curvature method was employed in the process of desurveying drillholes. 
In this study, borehole desurveying and compositing were performed simultaneously. Compositing 
ensures that the gathered information is appropriately integrated and facilitates the identification of 
trends and anomalies between various geological attributes within the subsurface. This enables 
geostatistical analysis of different attributes within the available geological data through ensuring depth 
coherence between different geological data sources. When compositing data sources, the depth 
intervals used were defined by the depth intervals of the assay. In this study, the length of each 
composite interval was defined as 1 m. Since compositing was performed generically and for geological 
reasons, the number of intervals for each borehole depended on the length of each borehole. This 
approach resulted in 1305 composite intervals.  

Imputation for dealing with missing values 
Imputation of missing geochemical assay data was performed for elements having ≤ 20% of their data 
missing (Figure 3) using k-NN with a specification of four neighbours. To implement the k-NN 
technique in the Python environment, the k-NN imputer class from the Scikit- learn package was used. 
It is important to note that the success of k-NN imputation depends on the underlying assumptions 
about the similarity of data points and the choice of the appropriate value for k (which is deposit specific 
and dependent on the available geological data). These considerations are essential in ensuring the 
validity of the imputed values. 
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Figure 3. Database quality assurance and quality control showing the proportion of elements that are 
missing data points, segmented based on a 10 % and 20 % threshold. Elements with ≥ 20 % missing 

data points were not imputed. 
  

 
Figure 4. Imputation using the k-NN algorithm showing actual vs imputed values of aggregated 

(mean) elements. The ideal line (indicated by a dotted line) represents y=x. The imputed elements are 
those indicated in green in Figure 3. 

 
The validity of the imputation was assessed by comparing the mean and standard deviation of actual 
and imputed geochemical assay values (Figure 4). This assessment confirmed the validity of the 
imputation and showed a good correlation between the actual and imputed values.  

Step 3: Data visualisation 
For data visualisation, NumPy, Matplotlib and Plotly were used. A 2D plot of borehole localities provides 
an indication of the spatial relationships between sampled localities (Figure 5a). A 3D view of boreholes 
with rock type specifications for each borehole (Figure 5b) can be generated to provide a preliminary 
indication of the orebody intersections to aid further geological modelling. 
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Figure 6 illustrates the spatial distribution of SiO2 concentration in two dimensions. Although only the 
plot for SiO2 is shown in this paper, this type of plot can be generated for all assays to provide an 
indication of the spatial distribution of elements of interest.  

       

Figure 5. (a) Plan view showing the distribution of borehole sample localities (b) 3D view showing the 
distribution of drillhole data localities and lithology. By the legacy database provided, only one borehole was 

recorded as having a contact between the schist host rock and pegmatite orebody (Schist/pegmatite by legend). 
Boreholes are numbered 0-18, and coordinate values have been transposed to arbitrary values.  

 

 
 

Figure 6. 2D spatial distribution of SiO2 for sampled drillholes. 

 
Step 4: Feature Engineering 
GeoPandas combined with conditional statements were used in the feature engineering process. In this 
study, two models were developed: a 3D geological model of the orebody geometry (by spatially 
illustrating rock type variability), and a 3D geometallurgical model of the rock density (by spatially 
illustrating measured rock density variability). For the first 3D model, the rock type classification was 
selected as the feature for modelling. For the second 3D model, rock density was selected as the feature 
for modelling. Selected features were then interpolated in the modelling stage. 

 

 

 

(b) (a) 
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Step 5: Geological modelling 
In implementing modelling and interpolation, the following Python libraries were used: NumPy, Pandas, 
GeoPandas, Scipy interpolator, Plotly, and Matplotlib. To create implicit geological models in Python, a 
combination of the mesh grid generation, RBF and IDW interpolation with the cubic spline surface 
method were employed in this study. This approach allows for the representation of complex geological 
structures in a continuous and implicit manner (Figure 7).  

Figure 7. Mesh grid with interpolated rock type values. The legend represents indicator classes of rock types with 
bin interval (0.03 – 0.63] for pegmatite and bin interval (0.63 to 1.91] for schist. Coordinate values have been 

transposed to arbitrary values. 

The first step in the process involves generating a mesh grid, which forms a discretised representation 
of the geological domain of interest. The mesh grid divides the domain into a grid of cells, each a specific 
type of RBF interpolation. In representing a small volume or voxel, these cells serve as the basis for 
constructing the implicit model. RBF interpolation is often chosen for its ability to capture complex 
geological features. In this study, a combination of thin plate spline and multi-quadratic RBFs were 
used.  

RBF interpolation uses a set of scattered data points, typically derived from geological measurements 
or observations, and constructs a continuous surface that smoothly interpolates between data points. 
During post-model creation, the categorical litho-types are binned or grouped together based on their 
similarities or geological characteristics, as demonstrated by their interpolated values. This binning 
process involves clustering similar litho-types and assigning them to representative categories or 
classes. The aim is to create a more generalised and representative model that better captures the 
dominant lithological variation within the geological domain.  

When defining bins for interpolated values, the number of bin labels should be one less than the defined 
number of bin values. In the case of the 3D geological model, there were two main labels for the rock 
type classification: ‘schist’ and ‘pegmatite’. Thus, three bin interval values were defined to ensure the 
following bin intervals:  the lower limit defined as the minimum interpolated value; the upper limit 
defined as the maximum interpolated value and the intermediary bin value defined by increasing the 
lower limit by a defined constant. For categorical data such as rock type classification for the 3D 
geological model, the constant is determined by finding the range of the interpolated rock type values 
and then dividing this by the number of unique categories/labels.  

The post-modelling step of binning the categorical litho-types helps simplify the model representation 
by reducing the complexity associated with numerous individual litho-types. It also aids in generating 
a more interpretable and user-friendly model that aligns with geological knowledge and understanding 
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(Figure 8). The resulting binned model can be used for various applications, such as geological mapping, 
resource estimation, or hydrological modelling, where a simplified yet representative model is desired.  

 

 
Figure 8. Resultant 3D model following application of rock type bins/classes illustrating orebody (pegmatite) 

geometry. Transparency of interpolated and binned values increased to allow for validation of interpolated 
values with true values from boreholes. Coordinate values have been transposed to arbitrary values. 

Step 6: Geometallurgical modelling 
Implicit geological modelling forms part of a framework for constructing a 3D multi-variable predictive 
geometallurgical model. A comprehensive geometallurgical database is integrated into the framework 
to enhance the model’s predictive capabilities. The integrated database is commonly known as a 
geometallurgical database. It is used to create implicit 3D predictive geometallurgical models to capture 
the spatial distribution and variation of mineral and metal grades and physical properties such as 
density, hardness, or grain size.  

The same modelling approach (as described in Step 5) was applied when developing the 3D 
geometallurgical model of rock density. Thus, a similar plot to that of Figure 7 (refer to Step 5) of 
interpolated rock density values was produced and for that reason, is not illustrated here. However, 
there are two main differences: the selected feature for this model was the rock density measurements 
which was interpolated in addition to the rock type values (since the geological model was used to 
constrain the density model), and the constant used for incrementally increasing bin interval values was 
defined as 0.1 in developing the final 3D geometallurgical model (Figure 9). It is important to note that 
the constant selected for incrementally increasing bin interval values would depend on the 
geometallurgical proxy being modelled and the requirements of the mining project.  
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Figure 9. Resultant 3D geometallurgical model following application of rock density bins illustrating the spatial 
variability of rock density. Coordinate values have been transposed to arbitrary values. 

In the case of this study, the availability of data was limited to rock density and multi-variate 
geochemistry data. Thus, rock density was applied as a geometallurgical proxy dataset in the absence 
of other available data that could be used as better quantified geometallurgical proxy. Rock density has 
a minor influence on predicting comminution behaviour. Both and Dimitrakopoulus (2023) 
demonstrated that it had less influence on ball mill throughput than rock hardness.  

In this study, it has been demonstrated that a geometallurgical proxy can be modelled by building it 
upon and constraining it by a geological model within the Python environment. The focus of this study 
was the demonstration of applying the developed workflow in developing a geometallurgical 
framework. A follow-up to this paper would incorporate more direct geometallurgical data, such as 
rock quality designation (RQD) data from geotechnical logs and furthermore, metallurgical data. 

 

CONCLUSIONS 

This study illustrated the application of an implicit 3D geological modelling workflow as a basis for 
geometallurgical modelling. The developed workflow follows multiple integrated steps in its 
implementation: evaluation of the nature of the data, data pre-processing, data visualisation, feature 
engineering, geological modelling and geometallurgical modelling. The results of the workflow include 
methods of exploratory data analysis through data visualisation and statistical validation of the 
available data, a 3D geological model and a 3D geometallurgical model. In this study, the workflow was 
successfully applied to an irregularly shaped vein type deposit and, by implication, can be applied to 
other deposits showing similar and/or simpler geometry, e.g., tabular ore bodies. The results of the 
workflow offer insights into the spatial relationships of ore body geometry, geochemical attributes of 
the ore body and the spatial variability of a selected geometallurgical proxy. Quantification of 
geometallurgical proxies and their effect on ore processing form the basis of the expansion of this work: 
definition of geometallurgical domains. 
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