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Abstract

Key geometallurgical responses and proxy variables need to be incorporated into the
mineral resources and mining reserves estimation, to improve the performance of mining
projects. The Canadian Institute of Mining, Metallurgy and Petroleum (CIM) Defini-
tion Standards on mineral resources and reserves establishes guidance on the definitions
of mineral resources, mineral reserves, and mining project studies. In this research we
show a case study that incorporates a geometallurgical study in the mining project to
demonstrate the impact of accounting for these variables, and we suggest good practices
that could be added to the CIM Estimation of Mineral Resources and Mineral Reserves
document about geometallurgy. Key studies such as integrating the geometallurgical at-
tributes to sampling and modelling, the importance of mineralogical data interpretation,
definition of geometallurgical units and the identification of geochemical proxies in the
geometallurgical modelling are highlighted. Based on these results, we suggest critical el-
ements to estimate (based in geology characterization), use of non-linear or multivariate
estimation methods and the importance of relationship between geometallurgy and mine
planning must be incorporated in the mineral resources and mineral reserves assessment.

1. Introduction

Geometallurgy has become an important field in mining engineering because of its benefits on the ore
quality on mine planning, plant performance, lower costs, and product quality. To incorporate these benefits
into the mining value chain, key metallurgical responses and proxy variables need to be accounted for in
the block model, which is the main input to solve many optimization problems in mine planning (Ortiz
et al., 2015) (Dominy et al., 2018). Many mining companies have a superintendence of geometallurgy, aimed
at generating geometallurgical models to improve the mineral processing (guided with a sampling protocol,
validation of dataset, data management, geological interpretations, geostatistics modelling and mine planning
implementation). In this context, geometallurgy is considered an important task in the workflow of mineral
resources and mineral reserve assessment. An important example is Antucoya Copper Oxide Mine, Region
de Antofagasta, Chile (Avila et al., 2019) where geometallurgical studies showed that sulfate minerals with
a high content of szomolnokite (hydrated iron sulfate) formed a gel that cements during the humidification,
preventing irrigation and leaching of the heap. In this context, a blending program is implemented for
the grade of szomolnokite to be diluted, to avoid compacting the heap, improving the performance in the
leaching process. Geometallurgical practice improve the mineral processing performance, that can affect
the costs and increase the heterogeneity of the product. An example is Mina Salobo in Maraba, Brazil
(Sousa et al., 2019) that shows a high variability in metallurgical recovery of copper (average 82.47% +/-
14%). The application of a geometallurgy program, showed early results where the trend of metallurgical

1Cite as: Garrido, M., Townley B., Ortiz J., Castro, J. (2020) Integrating geometallurgical best practices in CIM definition
standards guidelines, Predictive Geometallurgy and Geostatistics Lab, Queen’s University, Annual Report 2020, paper 2020-15,
257-270.

© Predictive Geometallurgy and Geostatistics Lab, Queen’s University 257

mailto:20mgp@queensu.ca
mailto:btownley@ing.uchile.cl
mailto:julian.ortiz@queensu.ca
mailto:julio.castro@goldfields.com


recovery of copper changes significantly (average 86.76% +/- 4%). Geometallurgical studies integrating
data that is already available (e.g. textures, mineralogy, hardness, geophysics, geochemistry, among others)
can significantly improve the planning and reduce the variability in performance during operations. It is
therefore cheap (no additional cost) to account for information already available.

The Canadian Institute of Mining, Metallurgy and Petroleum (CIM) Definition Standards on mineral
resources and reserves establishes guidance on the definitions of mineral resources, mineral reserves, and
mining studies. The Mineral Resources, Mineral Reserve, and Mining study definitions are incorporated, by
reference, into National Instrument 43-101 – Standards of Disclosure for Mineral Projects (NI 43-101). This
document is intended as general guidance to assist professional geoscientists (or equivalent) and engineers
(or equivalent) in preparing high quality estimates of mineral resources and mining reserves that incorpo-
rate sound geoscientific, engineering, evaluation, and design practices. They are based on well-established
estimation and mine planning principles and are designed to provide general guidelines of best professional
practices employed in the preparation of mineral resources and mining reserves estimates. (CIM MRMR
BP 2019) The goal of this research is to improve best practices by identifying paragraphs in the “CIM
Estimation of Minerals Resources and Mineral Reserves Best Practice Guidelines” document (published in
mrmr.cim.org v2019) where geometallurgical best practices can complement the conventional definition of
mineral resources and mining reserves. The aim is to demonstrate the importance of geometallurgical in-
formation and models in the development of mining project, particularly for metals. This will be supported
through industry case studies already published in the literature.

2. Geometallurgical variables and modelling

2.1. Attributes for sampling and modelling
In general, some common geometallurgical variables that require different definitions are:

• High Definition Mineralogy: in this approach, grade of minerals (ore and gangue) are more im-
portant than geological code (for example lithology, alteration, mineral zone, structural zone). Un-
derstanding key minerals and distributions can support the geometallurgical models. Assays such as
XRD or QEMScan are common in the mining industry, and combination of different techniques, e.g.
modal mineralogy using geochemistry samples (analytic methods ICP, XRF, ASS, among others) and
model calibrations using XRD or QEMScan data. In this context, grain size, degree of liberation and
associations of minerals may be included.

• Grindability: Bond Work Index for ball mill (BWi) test determines the hardness of the rock (it is a
proxy to estimate the throughput in mineral processing). The Work Index is used when determining
the size of the mill and grinding power required to produce the required ore throughput in a ball mill
(Bond, 1961). Simulations and modeling of this test show that factors as Particle Size, feed, % passing,
makeup water, etc. are operational factors difficult to standardized (Tavares and Kallemback, 2013),
and changes in these factors are critical in results. SAG Power Index (SPI) or Starkey Test for SAG
mill: provides the time (minutes) required to perform a specific milling work, from a feed size to an
output size. SAG Mill Comminution (SMC) is another test, grindability is a function of the specific
energy applied and the percentage of product generated in the impact fracture of a specific particle
size.

• Leaching test: aqua regia digestion or multi-acid (4-acid) digestions, are very effective dissolution
procedures for multi-element analysis at trace levels of detection. However, there can be a loss of
volatile elements (e.g. B, As, Pb, Ge, Sb) during these types of digestion and some refractory minerals
(especially oxide minerals) are only partially digested. Other attributes are important in this test, for
example soluble grade key elements, net acid consumption by tonnage processing and permeability.

• Kinetics of Rougher Flotation: maximum recovery with prolonged flotation time or ”infinity”,
mineral characterization, and geochemistry (feed or concentrate) in a flotation process, etc. (SGS,
2007)
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• Others: for example pollutant grades, rheological behavior, sedimentation, specific gravity, density,
etc.

In case of high definition mineralogy grade, this is the most important to understand the geometallurgical
behavior in mineral processing. Many case studies are known and published related with the mineral
characterization in the geometallurgical studies. A case study of a porphyry copper deposits in Peru, Cerro
Corona, in Cajamarca region is presented as an example a fully geometallurgical study.

2.2. Case study: mineralogical predictions
In the case study, we show an application of mineralogical information to define GMUs (Geo Metallurgical

Units). Cerro Corona is a mining operation that is located in Cajamarca, Peru (1), it is a Cu / Au
porphyry deposit hosted in diorite (14.4 to 13.35 million years) that intrudes the calcareous phase (yumahual-
cretaceous). It has been operated by Gold Fields Limited since 2004, it has mineral reserves of 767 Mlb
copper and 1.9 Moz gold.

Figure 1: Cerro Corona mine location.

A dataset of XRD (quantitative X ray diffraction ray X) and QEMScan (semi-quantitative evaluation of
materials by scanning electron microscopy) are available. Characteristics of these tests are expensive and
take time to obtain results. To implement geometallurgical models in short term mine planning, we use the
IR (infra-red wavelet measurement) to predict mineralogical grades, calibrating the model with XRD and
QEMScan values. Using Machine Learning algorithms (Random Forest regression) we identify the range of
the IR curve that may predict the grade of different minerals. Figure 2 shows the spectrum of one sample
(blue curve) and range of importance that is correlated with the KFeld grade estimation (gray curve).
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Figure 2: Standardized spectrum of one sample (blue curve) and range of importance that is correlated with the KFeld grade
estimation (lead curve), algorithm Random Forest Regression.

That model to predict KFeld was calibrated with QEMScan dataset, and used to predict the KFeld in
XRD dataset. Figure 3 shows the cross validation between KFeld predicted and KFeld measurement with
XRD.

Figure 3: Cross validation between KFeld predicted with IR curve and KFeld measurement with XRD.

This calibration is performed for all minerals that are identify as key variables to predict geometallurgical
attributes. The advantage of this methodology is the speed of measurement of KFeld grade, as it may take
only few minutes and portable IR measurement are available in the commercial market.
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2.3. Case study: definition GMUs
In this application, work index was modeled based on mineralogy to define GMUs and geochemistry as a

secondary variable for multivariate estimation. A study based on geological logging and behavior of mineral
processing, show that hydrothermal alteration is a good preliminary proxy to define GMUs. It is proposed
to define the hydrothermal alterations based on a corresponding nomenclature with the mineral associations
composition of major minerals for each type of alteration, common in porphyry copper deposits, from the
mineral characterization by predominant QEMScan mineralogy of each one. These are presented in their
probable paragenetic order, from earliest to latest.

• Potassium alteration – K: This corresponds to the earliest and highest temperature alteration, charac-
terized by the association feldspar-K, albite, biotite / muscovite (sericite / illite), quartz, with accessory
minerals pyrite, calcite, montmorillonite, magnetite, chlorite and chalcopyrite (Figure 4).

• Quartz-Sericite / Sericite-Chlorite alteration – QS: The quartz-sericite and / or sericite-chlorite al-
teration corresponds to a hydrolytic alteration superimposed with medium intensity on the earliest
potassium alteration. The mineral association is composed mainly of quartz, micas (sericite) and
feldspar-K, and accessories goethite-limonite, pyrite, albite, and montmorillonite.

• Quartz-sericite-clay alteration - QSCC: Alteration majority association of quartz, micas (sericite-illite),
microcrystalline pyrite, reflects a process of hydrolytic alteration of increasing intensity compared to
the QS alteration, alteration that overlaps and destroys previous K and QS alterations, as evidenced
by the occurrence of remaining K-feldspar.

• Advanced argillic alteration – AA: The advanced argillic alteration, characterized mainly by quartz,
reflects the state of greatest intensity of hydrolytic alterations, with pyrite mineralization, and mineral
residuals from pre-existing alterations, such as feldspar-K and micas, and a diversity of accessory
minerals.

Figure 4: Modal proportion of mineral associations for potassium alteration K.

The mineralogical information is important to define the GMUs based on geological variability and
trends. These GMUs can be modeled in space, generating solids with volume / tonnage that characterize
the geometallurgical attribute (Figure 5). This model was validated from a statistical, geological and spatial
standpoints.
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Figure 5: Modelling of geometallurgical units, plant view.

2.4. Case study: geochemical proxies
The available information must be formatted for processing by the different modeling methods. This

apparently trivial task may consume a significant amount of time, so it should not be minimized. The
main objective is to prepare the database for the application of conventional statistics / geostatistical tools.
This requires that every piece of information must be attached to spatial coordinates. This allows the
calculation of spatial correlations, and also the cross correlations between variables, which are necessary
for the application of estimation and simulation techniques (Isaaks and Srivastava, 1989) (Goovaerts, 1997)
(Deutsch and Journel, 1998). Figure 6 shows plots of variation of the concentrations of the elements Al,
Ca, K, Mg and Na as a function of Work Index, and discriminated according to the type of hydrothermal
alteration, based on their geochemical classification. Although there are overlaps between the variations
of Work Indexand concentrations of these major elements according to the lithofacies of hydrothermal
alteration, the trend of higher values of this parameter in potassium alteration, to lower values in advanced
argillic alteration is clear.
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Figure 6: Plots of variation of the concentrations of the elements Al, Ca, K, Mg and Na according to WORKINDEX,
determined according to the type of alteration based on geochemical classification. Legend: FRE = fresh rock; Alterations: K
= potassium; QS = quartz-sericite / sericite-chlorite; QSCC = quartz-sericite-clays; AA = advanced argillic.

2.5. Case study: geometallurgical modelling
In the case study, the traditional kriging approach does not have goods performance, because the density

of information for Work Index was not enough to create a robust block model prediction. Figure 7 summarizes
the methodology of cross validation to select the best estimation tool to populate the block model.
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Figure 7: Cross validation methodology must be clear and reproducible to choose best estimator.

The cross validation was performed to select the best estimator in the case study based on linear corre-
lation between true / estimated value, using Ordinary Kriging (ρ=0.36), Cokriging (ρ=0.41), Multivariate
linear regression (ρ=0.79) and regression Random Forest (ρ=0.81). Figure 8 presents a workflow diagram
showing the recommended methodology for estimating the geometallurgical block model. To estimate the
comminution geometallurgical parameter, it is necessary to first estimate the total rock geochemistry in
space. This estimation can be made; (1) considering a single domain (without separating estimation units,
not recommended) thus generating soft limits, (2) considering different domains (GMUs) generating hard
limits or, (3) by means of indicator kriging by domains to generate probabilistic limits. In this case, the geo-
statistical estimation of geochemistry was performed by domains using ordinary kriging. Once the geochem-
istry has been estimated, the geometallurgical variable Work Index is calculated using linear multivariate
regression based only on geochemistry data.
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Figure 8: Recommended methodology for estimating the geometallurgical block model.

Ordinary kriging estimation was used to populate the geochemical attributes for all blocks. For each
block, the linear equations were applied to calculate Work Index. Figure 9 shows a cross-sectional view (left)
and a plan view (right) at elevation 3805 m.

Figure 9: Estimated block model for the Work Index variable. View in cross section (left) and in plan (right). The highest
values are in red and the lowest in blue.

3. Geometallurgy on CIM Estimation of Mineral Resources and Mineral Reserves

This section enumerates some paragraphs to propose good practices in the CIM Estimation of Mineral
Resources and Mineral Reserves document about geometallurgy.

3.1. Suggestion 1: Critical elements to estimate (based in geological characterization)
Page 16 (line 17), section Mineral Resource Estimation, Introduction:
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In this section, the document specifies ‘critical elements to a Mineral Resource estimate are assumed min-
eral processing method and recoveries’ but it is not clear which geometallurgical attributes, methodologies
and the sources of information. We recommend using multivariate geostatistics, using geological information
as input to model (e.g. logging, mineralogical, geochemical, geophysics, among others). For example in the
case study shown in the previous section, the use of geochemical variables supports the estimation of Work
Index. The mineralogical data was used to validate the definition of GMUs based on geological logging
and geochemical grades, and the block model estimation was performed with multivariate linear regression.
Figure 10 shows the cross validation and equation to calculate Work Index.

Figure 10: Cross validation in estimation of WORKINDX using geochemistry variables.

3.2. Suggestion 2: Use of non-linear estimation methods or multivariate
Page 21 (line 22) section Mineral Resource Estimation, Mineral Resource Block model:
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In this section, the document specifies ‘The Practitioners must select appropriate estimation method(s)
or techniques for the resource model’. In the geometallurgical block model estimation, it is important to
highlight the multivariate tools, for example the multiple linear regression. To support geometallurgical
modelling, multivariate geostatistical techniques are recommended (Wackernagel, 2003). Geometallurgical
samples are usually scarce and expensive, then the support of secondary variables or proxies (geochemistry as
ICP, geophysical as Natural Gamma, structural information as UCS, etc.) are recommended to obtain more
robust models (Garrido et al., 2020). Multi-element geochemistry can provide bulk mineral characterization
of hydrothermal alteration associations to support predictive geometallurgical modeling in Porphyry copper
deposits (Townley et al., 2018). The use of synthetic variables (mathematical combination of secondary
variables that have good correlation with primary variable) are highly recommended to obtain robust models
with acceptable time and effort of users (Baeza et al., 2018). One critical aspect of predicting response
geometallurgical variables is that they are usually nonadditive (the response of block is not necessarily the
average of the response of the discretization of the block), and traditional linear methods, such as Kriging,
will not work well on such non-linearities. The use of non-linear regression models may alleviate this where
additive proxies are used to predict non-additive responses (Sepulveda et al., 2017). Using geostatistical
simulations, if they exhibit spatial correlation, is also a valid approach. In this stage, geometallurgical
variables are estimated in space (Bilal, 2017), (Deutsch et al., 2015) (Deutsch, 2016) (Boisvert et al., 2013)
(Coward and Dowd, 2015) but the mining scheduling and mineral processing values depend on the time (costs
by tonnage processed, efficiency, recovery, tonnage per day, etc.) For example, to estimate geometallurgical
variables in a block model (Deutsch et al., 2015) usually the geostatistician or orebody modeler estimates
the georeferenced variables in space (corregionalized variable).

3.3. Suggestion 3: Relationship of geometallurgy and mine planning
Page 45 (line 46) section Mineral Processing, Development Stage Properties:

In this context, the nature of the variability within the deposit conditions the geometallurgical factors
to determine the optimal processing selection. The metallurgical performance may change with the mixing
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of material, then mine planning should be considered in this paragraph. In short term mine planning, the
correct incorporation of geometallurgical factors can decrease operational cost (real time capacity response,
mineral characterization, correlations, mixing blending, among others), in long term mine planning account-
ing for geometallurgical constraints can improve the NPV avoiding bias and decreasing uncertainty. In
this context, the Table below shows many consequences of considering geometallurgical models in mining
planning.

The Table shows how geometallurgical models may affect the NPVand mineral resources assessment. In
this context, geological knowledge can be included in the estimation of metallurgical attributes. If estimation
of geometallurgical attributes is not of good quality, mine plans will have high uncertainty (maybe bias) and
the scheduling in long term will define the NPV, affect the value of the project.

In Cerro Corona case study, the long-term geometallurgical model is based on modified equations and
has been used for long-term planning. High quality proxy variables were used to estimate geometallurgical
attributes in long term. For example, semi-quantitative analysis may have less precision than quantitative
analysis (perhaps suitable for short-term planning models). In the long-term case, geological proxies were
geochemical attributes, because these samples are validated through a good sampling protocol and have
reasonable quality accuracy and quality control. The models were reconciled between short / long term
with good results. The conciliation is similar to mineral resources, measurements of long / short term are
compared in a reasonable time frame.

4. Conclusions

The aim of the paper is to show good practices in the estimation of geometallurgical attributes considering
CIM standards, for which the key points were highlighted. The importance of including geology in estimating
geometallurgical attributes was discussed: estimation of these attributes requires secondary information due
to the small dataset size for of information for these tests, which requires the use of secondary information
with high sampling density (logging, geochemistry, model mineralogy, geophysics, etc.) The use of geological
data can help from an interpretative point of view (to generate GMUs for example) or quantitatively (support
of secondary variables for the co-estimation of geometallurgical attributes). In the eventual case of use as a
secondary variable, the accuracy of the geological data and its representativeness in terms of QAQC sampling
protocols must ensure an estimation error that is within the temporal scope of mine planning.

Mine planning is known to define NPV and long-term scheduling. Geometallurgical models affect the
NPV and the evaluation of mineral resources and mining reserves: if the geometallurgical models are not
considered in the planning of the mine, the real economic benefit decreases, which can generate a bias in
the estimation of the value of the project (plus additional uncertainty). The best practice according to CIM
must consider geometallurgical variables in the estimation of mineral resources and mining reserves, which
have been described in this article.
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