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Abstract 
Geometallurgical modeling allows understanding and transferring the variability of 
input variables into the downstream processes. In this paper, we present the overview 
of the geometallurgical modeling framework, and show how models developed at 
different stages of the mining production cycle can be linked to transfer the uncertainty 
from one process to the next, from the exploration to the final product. The model then 
allows for feedback and optimization, to improve decision-making.  
 
We identify the main areas of research and show how different models are combined 
to build a model of the entire mining process.  

 

1. Introduction 
The mining industry is in need of transformation. The decline in grades, increased depth of deposits, 
challenging financial, environmental and social conditions require a revolution in the way mining projects 
are developed and operated. Two main issues faced by industry are the risks associated with investment 
decisions based on uncertain parameters and the use of energy and water to develop these projects.  

In this paper, we present the framework for the development of predictive modelling techniques using 
machine learning and deep learning, and their integration with geostatistics to build predictive workflows 
of geometallurgical performance to better understand and optimize the overall processes in a systemic 
manner. This requires the integration of expert knowledge from different areas (geology, mining, mineral 
processing, extractive metallurgy, mathematical modelling and computing) to improve the use of 
resources (ore, water, energy, equipment and labor), which will make mining a more sustainable industry. 
Furthermore, measurements collected over the different stages of the mining/mineral 
processing/extractive metallurgy processes can be fed back into these models to recalibrate and improve 
their predictive capability [Benndorf and Jansen, 2017; Lillicrap et al., 2014; Ortiz et al. 2015]. These 
workflows must integrate the uncertainties that affect performance and directly impact the finances of a 
mining project [Lopez et al., 2016]. The research is strategic in nature, since the sustainability of the mining 
industry is key to maintaining our current standards of living.  

Machine learning and deep learning are at the heart of the current revolution in artificial intelligence 
[Bengio, 2009; LeCun et al., 2015]. The newest methods related to deep networks show great success in 
predictive performance in complex contexts with both structured and unstructured data [Shen et al., 
2018]. Mining generates a wealth of heterogeneous data that is currently decentralized and not fully 
exploited to improve the capacity to predict the performance of processes [Lamghari, 2017]. We propose 
to research, adapt and develop methods to capture the knowledge of these diverse data sources exploring 

                                                           
1 Cite as: Ortiz JM (2019) Geometallurgical modeling framework, Predictive Geometallurgy and Geostatistics Lab, 
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deep architectures and focusing our efforts into specific stages of the mine life cycle to develop the 
building blocks of larger integrated workflows. 

This framework allows reducing the environmental impacts of mining and improving the efficiency of the 
mining extraction processes, as it incorporates the characterization of the ore and the processes when 
predicting and optimizing the mining cycle.  Improved predictive models allow optimizing extraction and 
management of the mineral resources available, optimizing water and energy consumption in the 
processing of the ore while considering renewable energy sources [Khatib et al., 2012; Maqsood et al., 
2003; More and Deo, 2003; Pamparana et al., 2019a; Pamparana et al., 2019b].  

2. Geometallurgy as a framework to optimize mining extraction 

2.1. What is geometallurgy? 
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 [Ortiz et al., 2015].  

It involves: 

1. materials characterization (ore and waste rocks), through testing or surveying for physical and 
chemical properties;  

2. the identification of proxy variables that will help modelling the response parameters to different 
mining and metallurgical processes;  

3. the construction of spatial predictive models to allow for planning of the extraction of ore;  
4. the procedures for modelling and controlling processes that occur downstream with the materials 

(e.g. fragmentation, materials handling, stockpiling, blending, processing), through sensors in the 
different stages; and  

5. the economic optimization of production, by means of learning approaches to allow decision-
making, account for safety, as well as environmental and strategic considerations [Lopez et al., 
2016].  

 

Geometallurgy is, by nature, an interdisciplinary research area; it has shown large economic impact in the 
mining sector and provides a platform for significant breakthroughs that the mining industry requires for 
sustainable development. Geometallurgy drives technological development and automation of processes 
and decisions. Researchers have attempted to understand the building blocks of the mining value chain 
and putting most of their effort towards optimizing each system independently. Attempts to integrate 
predictive models across the mining value chain exist. Noticeably, the concepts of Mine-to-Mill 
optimization and a few other efforts aimed at integrating geological knowledge into process performance 
predictions (rock texture as a predictor of comminution properties or clays in flotation) [Carmona and 
Ortiz, 2010; Deutsch, 2015; Deutsch et al., 2015] are evident. However, a systems modelling approach to 
the entire mining value chain is not available, as this requires having models for each stage of the mining 
process. 

2.2. Integrating Machine Learning and Deep Learning 
The rapid development of artificial intelligence, associated machine learning and deep learning techniques 
presents an opportunity for the minerals industry. AI may significantly help improve the performance of 
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mining projects by reducing resources consumption (water, energy, equipment and labor) thereby 
improving mining sustainability. Machine learning is already incorporated into Earth Sciences problems 
[Deutsch et al., 2015], but is not fully integrated into the geometallurgical workflows that model and 
optimize the performance of physical and chemical processes involved in the extraction (mining) and 
recovery (mineral processing and metallurgy) of minerals and metals. Some applications can be found 
related to geological interpretation and classification [Berubeet al., 2018; Gulbrandsen et al., 2017; 
Horrocks et al., 2015], or building the resources model based on various inputs [Chatterjee et al., 2010], 
but the use of machine learning has not been systematically explored nor applied [Deutsch, 2015]. Deep 
learning is rapidly developing, but has not been fully explored in the mining field [Avalos and Ortiz, 2019; 
Avalos et al., 2019]. In times of increasing water and energy scarcity, this framework provides a unique 
and novel approach to significantly impact the decision-making processes in mining by offering systems 
workflows to predict and optimize the mining, mineral processing and metallurgical processes. 
Understanding the relationships between rock properties and these processes performances in an 
integrated system model will lead to increasing a project’s value and, at the same time, improving 
planning that will reduce the use of water and energy, and decrease a mine’s environmental footprint. 
Our learning techniques may shed some light on current scientific issues involving the integration of 
uncertainty and variability as well as better understanding what is involved in the mining and the recovery 
process.    

2.3. Research goals 
The short-term goal is to develop the building blocks of geometallurgical predictive modelling using the 
most advanced predictive techniques available in artificial intelligence. The research goal is to propose 
new tools amenable to mining problems and demonstrate their use through integrated case studies 
involving aspects from the geological characterization of the materials to the processing stage.  

The long-term goal is to provide entirely new modelling tools to the mining industry to be integrated into 
modelling workflows in order to: 

1. advance towards a system modelling approach of the mining value chain;  
2. optimize revenues integrating multiple processes or systems, and;  
3. ensure the appropriate utilization of resources.  

 

These models will manage the variability in resources, uncertainty associated with their prediction and 
the process performance to create scenarios that reflect true potential outcomes of different decisions, 
which can then be optimized in light of acknowledged constraints. 

2.4. Optimization of geometallurgical models 
The framework provides new approaches in building predictive models for different stages of the mining 
value chain, which will be integrated into full workflows to allow for decision-making considerations 
throughout the entire system. These new approaches will draw from the latest techniques in machine 
learning and deep learning to provide more accurate and precise predictions. The work goes beyond 
statistically-based models currently used in the mining industry, and adapts learning strategies to the 
specificities of mining operations, for instance, by inputting expert geological knowledge, reinforcing 
models with phenomenological knowledge, and supporting the learning processes with feedback 
information.  
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Process optimization efforts are common in mineral processing and metallurgy (through flowsheet 
construction and optimization). However, in mining little work has been done to integrate and jointly 
optimize these processes. Furthermore, handling the ore variability and how it translates into uncertainty 
and risk in the prediction at every stage is a challenge for mining engineers [Lamghari, 2017]. In this work, 
we propose developing the building blocks to model and later optimize the mining process when 
integrating new approaches with the latter stages of mineral processing and metallurgical recovery [Lopes 
et al., 2016; Ortiz et al., 2015]. Such a collection of building blocks allows modelling the whole process 
within a single framework (instead of using a collection of proprietary software, one for each unit 
operation in the process). This allows for the process to be viewed as a system where the impact of 
decisions made at any stage of the process can be easily assessed by looking at the overall performance 
of the system. The approach of proprietary models/software for each operation unit makes it difficult 
optimize the system. Instead, a collection of local optimums is usually found, which does not translate 
into a global optimum. Using the newest techniques in machine learning and deep learning opens 
possibilities that have not previously been explored in mining [Asa, 2011; Berube et al., 2018; Cracknell 
and reading, 2014]. These techniques can be used to guide interpretations, discover causal relationships, 
synthetize and classify, and model complex systems as a black box when a phenomenological approach is 
not possible, or as a grey-box, when some understanding of the process can be combined with a statistical 
predictive model. Integrating deep learning techniques into mining problems has the potential to lead to 
breakthrough advances for mining challenges that have been outside the reach of conceptual modelling 
approaches.  

2.5. Research framework 
The goal of geometallurgical predictive modelling is to understand and optimize the effect of the rock 
characteristics and variability over the processes in the mining value chain. For example, this includes 
understanding how the rock mineralogy may affect the water recovery in tailings, or how the rock 
hardness may change the requirements of energy in the mill. One of the ways to make mining more 
sustainable is to measure and predict the performance of different processes throughout the life cycle of 
a mine. Today, several processes are reasonably understood and models exist for many of them. However, 
we cannot understand the consequences of a decision if these models are not interconnected into a 
workflow, where sensitivity analysis can be done, the effect of the variability can be understood, and a 
joint constrained optimization can be performed. Minimizing water and energy consumption, equipment 
misuse, exposure to risks, environmental footprints are all related to modelling the entire process, thus 
understanding the effects of every decision requires an integrated workflow.  

The framework provides the necessary adaptations of machine learning and deep learning techniques, 
and their integration with geostatistics, to account for the spatial context of the data and their geological 
nature for the construction of predictive models to estimate and forecast the performance of different 
processes along the mining value chain. The key aspect in this process is to be able to integrate expert 
knowledge from the geosciences into these statistical models. Machine learning and deep learning can 
help with some critical issues, such as knowledge discovery from the vast amounts of information often 
available in mining projects (during exploration to production and operation), prediction of blended 
material behavior, mixture of material of uncertain origin in the mine (phase production mixed with 
stockpiles and or re-handled materials), complex mineral processing and metallurgical processes, and 
feedback using operational data. Incorporating variability, and therefore understanding the uncertainty 
in predicted values, is key to managing risk. A general schematic of the process, and how the proposed 
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research topics address the modelling issues, is depicted in Figure 1. Specific materials characteristics can 
be sampled at some locations (X,Y,Z) providing true attribute values (if sampling errors are neglected). 
Expert knowledge is then combined with these different assays to characterize the materials, which are 
then used to build the in situ model (geological model, geometallurgical domains, and resources block 
model). This in situ model provides an approximation of the true values of the attributes, usually over a 
lattice of blocks (each with coordinates Xb,Yb,Zb). At these blocks attributes are estimates, and 
uncertainty around these estimates can be assessed. This feeds the mine planning process, where 
optimization is performed to determine the time (tb) each block is mined, and later extracted and sent to 
different streams (waste, stockpiles, processing plants). The different responses (stability of the waste 
from an acid drainage perspective, recovery of valuables, energy and water consumption during 
processing, characteristics of tailings, etc.), depend on the input and processes involved. Finally, the 
predicted (PredResp(tb)*) and actual performance (ActualResp(tb)*) can be compared and feedback 
provided to update the models.   

 

Figure 1: The geometallurgical framework. 

We focus on the development of workflows in order to define the steps necessary to ensure proper 
controls are defined in the construction of the models, considering the geological information (surface 
mappings, logged samples), and the consideration of feedback to improve the predictive performance in 
forecasting. The research is focused on the following building blocks: 

[P1] Knowledge discovery: geological information may be abundant and hard to interpret. For example, 
geochemical data may provide the concentration of tens of major and minor elements for thousands of 
samples in a deposit. Mineralogical proportions and textures can be analyzed by advanced quantitative 
microscopy in a limited number of samples. Many other geological attributes are logged from the samples, 
including alteration types, mineralogical zones, lithologies, geotechnical parameters, petrophysical data, 
texture, and hyperspectral information. Extracting information from these disparate sources can be done 
through embedding data into a lower dimensional space using linear tools such as PCA or non-linear 
embedding using manifold learning (Linear Local Embedding, Local Tangent Space Alignment, Isometric 
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Mapping, Laplacian Eigenmap, etc.) and then measuring similarity to identify distinct features [Deutsch, 
2015]. Manifold learning methods are non-linear transformation methods that also allow compression. 
These methods work to identify neighboring points in multidimensional space through some measure of 
local distance, and then perform an eigen decomposition to embed the points in a lower dimensional 
space that approximates the relative distances; conventional statistical methods are more amenable in 
this lower dimensional space. Alternatively, Stacked Denoising Autoencoders [Vincent et al., 2010] will be 
explored to synthetize the data, removing the variability and capturing the feature vectors that can be 
used for geological/geochemical interpretation [Deutsch et al., 2016], classification, spatial clustering, etc. 
Stacked Denoising Autoencoders are deep networks that stack layers to denoise corrupted versions of the 
input, hence capturing the long-range features (either in an image or in a multidimensional space). 
Applications will aim at utilizing large datasets from geochemical exploration and geological logging 
samples collected at the exploration stage and devising strategies to link them to geological knowledge 
[Guo et al., 2016; Shen et al., 2018] and applications to ore processing. The models can learn from few 
samples or interpreted cross sections of the deposit where a detailed geological interpretation has taken 
place. This knowledge can be used as training to later generalize results from the methods mentioned 
above.  

[P2] Data imputation: most multivariate modelling methods rely on the availability of a full dataset, 
without missing data. In most practical cases, not all variables are available in all samples. Devising 
approaches to complete an incomplete multivariate database becomes an important requirement to 
apply subsequent modelling techniques [Afifi and Elashoff, 1966]. Therefore, the goal is to impute values 
to fill the data table while respecting statistical and spatial correlation between variables. For this, we 
propose the use of artificial neural networks (multi-layer perceptron), and deep networks (convolutional 
or recurrent neural networks [Guresen et al., 2011; Hinton et al., 2006]). Deep neural networks are 
characterized by having several hidden layers, where parameters are passed from one layer to the next, 
which improves the predictive performance. The approach will be based on learning from the complete 
subset of the database to understand the relationships (or from a training set from a similar geological 
setting, if a fully informed subset is unavailable), and generalizing to the incomplete subset. This can be 
achieved by training with a portion of the fully informed subset, and validating with the remaining data of 
that subset [Duan et al., 2016]. An appropriate metric needs to be defined in such a way that it accounts 
for the reproduction of the statistical distribution [Jerez et al., 2010], the correlation between variables, 
and the spatial continuity. This can be extended to reproduce multivariate pattern statistics [Perez et al., 
2015]. 

[P3] Domaining: the first step in building any model based on spatially distributed geological data is to 
define the spatial domains. These domains are volumes with homogeneous properties (from a modelling 
perspective). To define these volumes, the available scattered sample data is subject to a type of 
clustering process, where similar data (from a statistical, geological and spatial point of view) are clustered 
into the same group. Then, a deterministic interpretation or a stochastic method is used to define the 
extent of the volume that encompasses data belonging to each group. Incorporating multiple attributes 
into the clustering process and definition of domains, and accounting for data imprecision, can be done 
with machine learning classification techniques (kNN, Naïve Bayes, decision trees, rules, random forest) 
and membership techniques (fuzzy regression) [Asa, 2011; Berube et al., 2018; Samui and Sitharam, 2010]. 
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[P4] Uncertainty quantification and propagation without resorting to stochastic simulation: one of the 
key limitations in uncertainty quantification is that multiple spatial models must be processed to 
understand the effect of variability in the response variable [Laloy et al., 2018; Ortiz et al., 2015; Perez et 
al., 2015]. In most practical applications, this is perceived as a significant burden, and processing each 
realization requires automating the process, which may not be possible (for example, in short term 
planning and grade control) and takes significant time. This research starts by accessing the conditional 
distribution of arbitrary volumes sent to the process [Riquelme and Ortiz, 2019]. Then the goal is to 
determine the parameters of the response uncertainty distribution based on the input uncertainty 
without going through processing multiple stochastic models. To achieve this goal, we will model the 
distribution parameters from the input and their relationship with the distribution parameters of the 
process output  using deep neural networks, as those explained in P2 [Gal, 2017].  Assigning probability 
distribution functions to the weights in these networks allows quantification of uncertainty. This brings 
many inference challenges [Gal, 2017]. This approach would allow modelling the confidence in the 
response variable as well as the response itself. It should be noted that gathering reliable production data 
is not always easy, and the prediction may need to rely on averages over relatively long time periods (e.g. 
weeks, months). Notwithstanding this drawback, experience has shown that it is possible to predict and 
update these predictions by feeding back the production data into the model (see [P6] below) [Benndorf 
and Hansen, 2017]. Furthermore, the complexities of averaging over a specific time period and the 
difficulty of tracking materials are exactly the kind of problems where deep learning works. It works this 
by capturing different levels of abstraction in the model (through different hidden layers) [Bengio, 2009].  

[P5] Time series forecasting: in the mining value chain, spatial models are turned into time series, through 
the mine schedule. Specific blocks located in the ore deposit are assigned to a given process at a particular 
point in time. This is determined after optimizing the mine plan, accounting for the precedence in the 
block’s extraction, the mine and processing capacities, and maximizing an economic objective function. 
The feed to the different processes and to the waste dump may originate from different zones in the mine, 
and may also be mixed with re-handled material that was lying in a stockpile. Tracking the in situ origin of 
materials is not always straightforward, which adds uncertainty to the feed properties of the streams of 
material that comes out of the mine. Forecasting the materials properties can be done with Elman and 
Jordan networks, which are well suited for time series data [Langkvist et al., 2014; Wang et al., 2015; Wang 
and Gao, 2010]. These networks are similar to the multi-layer perceptron, with an added context layer 
that helps remembering the previous state, which is combined with the current state to perform the 
forecast. This context layer can also be fed from the output layer, which provides a memory of sorts to 
the network to improve the forecasts. These type of time series forecasts apply in many instances in a 
geometallurgical model, for example, when a production time series enters processes like crushing and 
grinding. 

[P6] Feedback to improve models: uncertainty in the response variable, for example, the flotation 
recovery, can be used to improve the models upstream. This has been achieved using an Ensemble Kalman 
Filter [Benndorf and Hansen, 2017], although the model requires processing multiple realizations and 
covariances drift away from the true value as forecasting progresses. In this research, we propose 
inputting production data correlated to input vectors into the predictive models (Deep Neural Networks), 
and studying the modification of training weights or directly through reinforced learning [Lillicrap et al., 
2014]. In reinforced learning a feedback loop is incorporated to input the experience resulting from the 
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prediction. The method thus learns from a utility function that rewards or penalize the result. The 
experience can be delayed in time, which generates better learning capabilities.   

[P7] Integration: applied case studies are necessary to demonstrate the integration of all or some of the 
tools developed (and others already available) and show the added value of the methodologies developed 
and the use of workflows for optimization and risk management [Lopez et al., 2016; Ortiz et al., 2015]. 
The main goal is to work with real data from mining projects and integrate the workflow from the 
geological characterization, knowledge discovery, database pre-processing (imputation, outliers 
treatment), classification, domaining, resource modelling, scheduling, and processing. The case studies 
will evaluate the performance of each component separately, by comparing results with production data 
(blast hole characterization) which are dense enough to provide a good approximation of the in situ 
ground truth. Then, the schedule will be applied to predict the process performance, which can be 
compared with historic production data over shifts of days or weeks. Further to this, simulated case 
studies can be developed to provide a ground truth for the processing response and validate the resulting 
predictions with the proposed tools. 

3. Conclusions 
Today, decision-making in mining is driven mainly by production targets constrained by external factors 
such as water availability, energy prices, and environmental regulations. This is seldom a smart approach 
to mining. Indeed, higher revenues can be achieved by integrating the modelling of the entire system to 
predict the outcomes and optimize the entire process. Geometallurgy is an integrated approach that 
facilitates the use of natural resources in the most sustainable way possible. By improving the models of 
different processes in the mining value chain and understanding the effect of decisions over the entire 
system, better decisions can be made to ensure reduced use of resources such as water and energy. This 
translates to a balance between higher recoveries of the elements of interest while at the same time 
minimizing possible waste generation and controlling impact. It is estimated that over two million tons of 
waste per day are generated by the mining industry, thus any reduction in waste generation will 
significantly improve this situation. Potentially, this approach may have a huge impact in problems such 
as the tailings of Canadian oil sands, where the fine tailings management is a major environmental liability 
extending to more than 77 square kilometers in Alberta. Reclamation of this surface could be achieved if 
the tailings can be properly treated. The establishment of geometallurgical workflows to predict the 
tailings behavior could shift this negative outcome towards a more environmentally friendly one, leading 
to a more responsible mining industry that takes action to improve the sustainability of its business, while 
minimizing environmental impacts. Similar problems are identified for other commodities in relation to 
water and energy use and to the waste footprint.  
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