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Abstract 

The demands for more effective utilization of ore bodies and proper risk management in the mining 
industry have resulted in a new cross discipline called geometallurgy. Geometallurgy connects 
geological, mineral processing and subsequent downstream processing information together to 
provide a comprehensive model to be used in production planning and management. A 
geometallurgical program is an industrial application of geometallurgy. It provides a way to map the 
variation in the ore body, to handling the data and giving metallurgical forecast on spatial level. 

Three different approaches are used in geometallurgical programs. These include the traditional way, 
which uses chemical elements, the proxy method, which applies geometallurgical tests, and the 
mineralogical approach using mineralogy. The mineralogical approach provides the most 
comprehensive and versatile way to treat geometallurgical data. Therefore, it was selected as a basis 
for this study.  

For the mineralogical method, quantitative mineralogical information is needed both on deposit and 
for the process. The geological model must describe the minerals present, give their chemical 
composition, report their mass proportions (modal composition) in the ore body and describe the 
texture. The process model must be capable of using mineralogical information provided by the 
geological model to forecast the metallurgical performance of different geological volumes (samples, 
ore blocks, geometallurgical domains or blends prepared for the plant) and  periods (from minutes 
via hourly and daily scale to week, monthly and annual production). A literature survey showed that 
areas, where more development is needed for using the mineralogical approach, are: 1) quick and 
inexpensive techniques for reliable modal analysis of the ore samples; 2) textural classification of the 
ore capable to forecast the liberation distribution of the ore when crushed and ground; 3) unit 
operation models based on particle properties (at mineral liberation level) and 4) a system capable to 
handle all this information and transfer it to production model. This study focuses on solving the first 
and the third problem.  

A number of methods for obtaining mineral grades were evaluated with a focus on geometallurgical 
applicability, precision and trueness. The surveyed methods included scanning electron microscopy 
based automated mineralogy, quantitative X-ray powder diffraction with Rietveld refinement, and 
element-to-mineral conversion. A new technique called combined method uses both quantitative X-
ray powder diffraction with Rietveld refinement and the element-to-mineral conversion method. The 
method not only delivers the required turnover for geometallurgy, but also overcomes the 
shortcomings if X-ray powder diffraction or element-to-mineral conversion were used alone. 
Furthermore, the methods listed above were compared and a model for evaluating precision and 
closeness of them was developed. 

In geometallurgy, process models can be classified based on in which level the ore, i.e. the feed 
stream to the processing plant, is defined and what information subsequent streams carry. For 
mineral processing models, the following five levels can be distinguished: particle size only level, 
elemental level, element by particle size level, mineral level, mineral by particle size level and mineral 
liberation (particle) level. The most comprehensive level of mineral processing models is the particle-
based one, which includes all necessary information on streams for modeling unit operations.  
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Within this study, as the first step, a unit operation model was built on the particle level for wet low-
intensity magnetic separation. The experimental data was gathered through a survey of the KA3 iron 
ore concentrator plant of Luossavaara-Kiirunavaara AB (LKAB) in Kiruna. The first wet magnetic 
separator of the process was used as the basis for the model development since the degree of 
liberation is important at this stage. Corresponding feed, concentrate and tailings streams were mass 
balanced on a mineral by size and liberation level. The mass balanced data showed that the behavior 
of individual particles in the magnetic separation is depending on their size and composition. The 
model, which has a size dependent entrapment and separation parameters dependent of the 
magnetic volume of the particle, is capable of forecasting the behavior of particles in magnetic 
separation.  
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1 Introduction 

The demands for more effective utilization of ore bodies and proper risk management in the mining 
industry have emerged resulted in a new cross-discipline subject called geometallurgy. 
Geometallurgy connects geological, mineral processing and subsequent downstream processing 
information together to provide a comprehensive model to be used in production planning and 
management (Jackson et al. 2011; Dunham & Vann 2007; Dobby et al. 2004). Geometallurgical 
models bind together the whole chain of information. A critical issue is to establish interfaces in a 
way that data content and structures are similar so that ore characterization includes proper 
parameters, which can be transferred along the process chain. 

A geometallurgical program is the industrial application of geometallurgy. It provides a way to map 
the variation in the ore body, handling the data and giving forecast on metallurgical performance on 
spatial level. The program also comprises a process to handle complex geological information and 
transfer them to geometallurgical domains to be used in process improvement, production planning 
and business decision-making. The program is an instrument, which should evolve and change to 
ensure that geometallurgical domains address properly the metallurgical performance. 

Three different approaches to geometallurgical programs are known. These include the traditional 
way, which uses chemical elements, the proxy method, which applies geometallurgical testing, and 
the mineralogical approach using mineralogy. To connect the chain of information in a 
geometallurgical model, the mineralogy is often the best available option (e.g. Lamberg 2011; 
Bonnici et al. 2008). This is natural since minerals define the value of the deposit, the method of 
extraction, economic risk valuation, and the concentration method (Hoal et al. 2013). 

A mineralogy based geometallurgical modeling requires quantitative mineralogical information, both 
on the deposit and on the process. The geological model must describe the minerals present, give 
their chemical composition, report their mass proportions (modal composition) in the ore body and 
describe the texture. The process model must be capable of using mineralogical information 
provided by the geological model to forecast the metallurgical performance of different geological 
volumes, such as samples, ore blocks, geometallurgical domains or blends prepared for the plant 
feed for different periods from minute via hourly and daily scale to week, monthly and annual 
production.  

1.1 Geometallurgy of iron ores 

Iron ores beneficiation plants are high throughput operations, meaning that economy is often 
dictated by the capability of processing large production volumes at low costs per ton of final 
product. The quality of the product, the iron concentrate, varies widely from relatively low for direct 
shipping ores (55-69 wt.% Fe) to very high for operations producing pellets and other special 
products (65-70 wt.% Fe). Iron ore mines and their processing plants traditionally use chemical 
analysis in grade and product quality control. The definition of high grade or low grade blocks or 
domains is based on chemical analysis. 

Paine et al (2011) reported that X-ray powder diffraction analysis associated with cluster analysis 
offers additional criteria for block definition in iron ore mining. The additional information potentially 
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provides the opportunity to blend or isolate certain mineralogies throughout the defined blocks. 
Additionally, access to information on mineral grades and their distribution can help to reach a 
higher degree of beneficiation and operational efficiency. 

Ramanaidou and Wells (2011) studied the utilization of hyperspectral imaging for characterizing iron 
ores. The method is proposed for grade control in in-situ mapping and scanning of drill chips. The 
advantages of the method are that measurements are quick and samples of different volume can be 
processed. On the other hand, the method requires dry conditions for the imaging target (wall, drill 
core samples), and it fails in identifying certain phases such as sulphide minerals and magnetite. 

Lund et al (2013) developed a preliminary geometallurgical model of LKAB’s Malmberget iron ore 
based on the mineralogical approach. In the preliminary geometallurgical model, each sample and 
block includes information on minerals present, their chemical composition, modal composition and 
textural type. Textural archetypes form a library of textural base types by the help of which it is 
possible to forecast what kind of particles are generated when block is comminuted. The geological 
model of Malmberget developed based on mineralogical approach was able to deliver quantitative 
information including liberation distribution to the next chain in geometallurgical program i.e. 
process.  

Niiranen and coworkers (Niiranen & Fredriksson 2012; Niiranen 2006; Niiranen & Böhm 2013; 
Niiranen & Böhm 2012) have developed an empirical method to predict the SiO2 grade in the 
concentrate from LKAB’s concentrator plants for the Kiruna deposit. The method requires lab scale 
comminution and Davis tube separation tests. Particle size distribution, energy consumption, 
chemical analysis of the samples tested are gathered in a database and used for determining 
correlations among desired parameters. The results are then used for predicting the silica content of 
the iron ore concentrates. 

1.2 Scope of the present work 

This work focuses on building and developing the mineralogical path to be used for geometallurgical 
modeling. The mineralogical approach provides the most comprehensive and versatile way to treat 
geometallurgical data (Hoal et al. 2013). Therefore, it was selected as a basis for this study.  

Lund (2013) studied the methods for mineralogical characterization of LKAB’s Malmberget iron ore to 
be used in geometallurgical modeling. According to her work, the areas where mineralogical 
approach needs further development are: 1) quick and inexpensive techniques for reliable modal 
analysis of the ore; 2) textural classification of the ore capable to forecast the liberation distribution 
of the ore when crushed and ground; 3) unit operation models based on particle properties (at 
mineral liberation level) and 4) a system capable to handle all this information and transfer it to 
production model (Figure 1). 

This study focuses on solving the first and the third problem. The objectives are: 

• To develop a reliable modal analysis method for geometallurgy of iron ores.  
o The method should be fast, inexpensive, based on available techniques and to be 

applicable in mines. 
o Develop a generic method to estimate the error in modal analysis 
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• To develop a particle property based model for magnetic separator 
o Method should be based on particle properties received in mineral liberation 

analysis 
o Model will be evaluated through simulation   

 

Figure 1. Schematic workflow for establishing a geometallurgical program 

As solving these two questions are quite separate problems they are described separately. Chapter 2 
will cover the work done to develop modal analysis technique, chapter 3 deals with unit operation 
models. Finally, chapter 4 will draw the results together and discuss their significance. Chapter 5 
concludes the outcomes and proposes how to go further. 

  

Geometallurgical program 

Ore 

1) Reliable 
modal analysis 

2) Textural 
quantification 

Process 

3) Particle based 
unit model 

Particle based 
process model 

Planning 

4)Transfer 
system 

Production 
model 



4 
 

  



5 
 

2 Development of a quick and inexpensive technique for reliable 
modal analysis of ore samples  

Reliable analysis of mineral grades is a crucial part of resource characterization, process mineralogy, 
and geometallurgy. It is a prerequisite for deportment analysis, mineralogical mass balancing and 
modeling and simulation of mineral processing circuits. Recently, automated mineralogy has become 
the major method for the analysis of mineral grades. In geometallurgy however, the method is far 
too expensive and time demanding. When there is a need for assaying mineral grades in thousands 
of ore samples and also sizing to narrow size fractions is needed, the total number of samples for the 
analysis becomes very big. Therefore, an alternative method is needed for better value. 

Mineralogical information in geological models is traditionally qualitative. As a requirement for 
geometallurgical modeling, this information needs to be in quantitative form. Methods of bulk 
mineralogy analysis were compared which included element-to-mineral conversion (EMC), 
quantitative X-ray powder diffraction by Rietveld analysis and SEM based automated mineralogy. An 
additional method called Combined EMC and XRD (or shorter: combined method) is developed in 
order to overcome some of the shortcomings of the element-to-mineral conversion and the 
quantitative XRD by Rietveld analysis. In order to describe precision and trueness in the analysis of 
mineral grades, an error model has been developed. The model covers the whole grade range (0-100 
wt.%), is informative and aims at being easy to use. The whole concept of this chapter is 
schematically illustrated in Figure 2. 

 

Figure 2. Schematic illustration of the followed approach for developing reliable modal analysis for geometallurgy 

2.1 Experimental 

2.1.1 Samples 
Northern Sweden is known as a significant mining district in Europe with diverse styles of 
mineralization, including Fe oxide, Cu±Au and Au ores. More than 40 different iron ore deposits have 
been identified in the area that vary with respect to ore type, main ore minerals and alteration 
features etc. (Bergman et al. 2001). The main iron-bearing minerals are magnetite and hematite and 
the gangue minerals are apatite, amphibole, feldspars, clinopyroxene and quartz. Garnet and calcite 
are present in some of the deposits (Lund 2013). 
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For this study a total of 20 ore and process samples from the different iron ore deposits in Northern 
Sweden were collected. The iron grade in the ore samples varied between 21.3 and 63.0%. The ore 
samples were classified as semi-massive hematite ore and massive magnetite ore (Niiranen, 2006). 

Sample preparation started with crushing and splitting of the samples. One subsample was taken for 
the preparation of resin mounts to be used for automated mineralogy. The remaining part was 
pulverized in a swing mill and again split into two. One subsample was used for X-ray fluorescence 
analysis, and the second was further ground with a swing mill to produce a very fine powder with a 
P80 of 20 micron for filling the back-loading holders with an opening diameter of 26 mm in X-ray 
powder diffraction. 

2.1.2 Analytical methods 
Chemical analyses of the samples were done at the chemical laboratory of Luossavaara-Kiirunavaara 
AB (LKAB) using the company’s standardized methods. The first trials with X-ray powder diffraction 
were done at Luleå University of Technology using a PANalytical Empyrean X-ray diffractometer 
equipped with a copper tube, Pixel3D detector and a pyrolytic graphite monochromator. X-ray 
powder diffraction and Rietveld refinement with a copper tube and monochromator on the iron ore 
samples led to an underestimation of the iron mineral phases (Parian & Lamberg 2013). This was 
mainly due to micro-absorption (Pederson et al. 2004) and also fluorescence radiation of the iron ore 
samples by the copper tube. Therefore, the X-ray powder diffraction analyses were instead carried 
out with a PANalytical CubiX3 industrial XRD system equipped with a Cobalt tube and X’Celerator 
detector at the Geological Survey of Finland (GTK). The 2θ range was from 5 to 75° with a step size of 
0.02°. Time spent on each step was about 94 seconds. Mineral identification and Rietveld refinement 
were done by HighScore Plus Version 3 software using the Crystallography Open Database (COD). To 
estimate the error for X-ray powder diffraction and Rietveld refinement, two of the samples were 
measured several times at Helmholtz-Institute for Resource Technology in Freiberg. The Rietveld 
refinement on these data was done using the BGMN program (Bergmann et al. 1998). 

A Merlin SEM - Zeiss Gemini (FESEM) at Luleå University of Technology (equipped with Oxford 
Instrument EDS detector and IncaMineral software) was used for automated mineralogy analyses. 
The acceleration voltage of 20 kV, a filament current of 1.1 nA, and the working distance of 8.5 mm 
were the SEM operational conditions. The measurements were set to reach at least 10,000 particle 
counts in each sample.  Software developed (by author) at Luleå university of Technology was used 
for mineral identification as well as reporting mineral grades and chemical composition of each 
sample. Numerical calculation based on non-negative least squares and optimizing MATLAB functions 
were used for element-to-mineral conversion and advanced combination of XRD and XRF data for 
solving the mineral grades. The latter is referred to as the combined EMC-XRD method.  

2.2 From elemental grades to mineral grades 

The element-to-mineral conversion method is a traditional and simple way to estimate mineral 
grades by simultaneously solving a set of mass balance equations formulated between chemical 
elements and minerals (Whiten 2007). The method is restricted to relatively simple mineralogy 
where the number of minerals is not larger than the number of analyzed components and the 
chemical composition of the minerals (mineral matrix) is known. Mathematically this can be written 
in the following form:  
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where 𝐴 is the matrix of the chemical composition of minerals, 𝑥 is the vector including the unknown 
mass proportion of minerals (bulk mineralogy) in the sample and 𝑏 is the vector of analyzed chemical 
composition of the sample. The unknown 𝑥 can be then be determined e.g. using the nonnegative 
least squares method (Lawson & Hanson 1995). Additionally, several numerical methods exist for 
solving the system of equations with non-negativity constraints. These include the Barzilai-Borwein 
gradient projection algorithm, the interior point Newton algorithm, the projected gradient algorithm, 
and the sequential coordinate-wise algorithm (Cichocki et al. 2009). 

The element-to-mineral conversion can be improved by using additional mineral selective analysis 
methods such as bromine-methanol leaching for nickel ores (Penttinen et al. 1977), copper phase 
analysis for copper ores (Lamberg et al. 1997) and Satmagan analysis for iron ores (Stradling 1991).  

To have a better control on important elements and to reach a solution where the back-calculated 
chemical composition matches perfectly with assays for selected elements, the calculation of mineral 
grades with the element-to-mineral method can be done sequentially, i.e. system of equations can 
be divided into two or more set of equations, and each set forms a calculation round of its own. The 
rounds are solved sequentially and the residual chemical composition of the round are then used in 
the following round (Lund et al. 2013). 

2.3 Combining X-ray powder diffraction and element-to-mineral 
conversion 

The combined EMC-XRD method originated to overcome limitations of EMC and XRD. The basic idea 
is to take mineral grades as determined by the Rietveld analysis as an initial estimate for the 
element-to-mineral conversion and then change mineral grades to minimize the following function: 

 𝑓(𝑥) = |𝑏 − 𝐴 × 𝑥| (2) 

where 𝑏 is the vector of chemical composition of the sample, 𝐴 is the matrix of chemical composition 
of minerals, and 𝑥 is the vector of mineral grades, i.e. unknown to be solved. The absolute minimum 
of 𝑓(𝑥) would be the results of simple element-to-mineral conversion method by the methods 
described above (e.g. NNLS). However, finding a local minimum of 𝑓(𝑥) close to the original Rietveld 
values was found to be a better solution and therefore the Levenberg-Marquardt algorithm (Bates & 
Watts 1988) was used in the combined EMC-XRD method.  

2.4 Analysis of mineral grades in the samples  

From the geometallurgical point of view, magnetite, hematite and apatite are the most important 
minerals in these sample sets. Technically, magnetite and hematite need to be concentrated in two 
separate products and their ratio defines the process line (Alldén Öberg et al. 2008). On the other 
hand, there is a limitation of the phosphorous content in the product. In steel production process, 
even small amount of phosphorous can make the steel brittle. The smelting or fluxing processes 
cannot remove the phosphorous contamination and the best available known solution is to begin 
with very low phosphorous iron concentrate. For example in the Low Phosphorous Sinter Feed (MAF) 
product of LKAB, the maximum acceptable grade of phosphorous is 0.025%  (LKAB 2014). 
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The analysis results for these minerals by the different methods are compiled for selected samples in 
Table 1. It should be noted that in the calculation of the magnetite grade by EMC, Satmagan analysis 
was used while this was not the case for the combined method. Distinguishing magnetite and 
hematite in automated mineralogy is challenging and requires careful and precise settings (Figueroa 
et al. 2011). It is common that iron oxide is reported as a lump for both magnetite and hematite. The 
results of EMC and XRD differ significantly for number of samples for magnetite and hematite grades. 
The grade estimates by combined method lies between EMC and XRD. For apatite grades, all four 
methods give similar results. For low apatite grades, XRD fails to detect the mineral, due to the 
detection limit of about 1 wt.%, however combined method overcomes this limit by taking XRF 
analysis into account. 

Table 1. Analysis of mineral grades for the most important minerals: magnetite, hematite and apatite 

 Magnetite (wt.%) Hematite (wt.%) Apatite (wt.%) 

Sample EMC XRD CMB EMC XRD CMB EMC XRD CMB AM 

1 88.57 89.6 88.27 0.00 0.0 0.05 1.24 0.0 1.25 1.1 
2 60.12 74.6 72.43 35.30 24.6 22.50 0.43 0.0 0.41 0.34 
5 71.31 79.9 79.38 27.97 20.1 19.60 0.19 0.0 0.08 0.01 
7 1.25 0.0 1.06 78.88 74.4 75.22 4.49 4.5 4.48 2.39 
9 2.91 0.0 0.90 62.92 60.3 60.88 10.22 11.7 10.21 10.46 

10 2.08 0.0 2.70 79.94 72.3 74.60 2.84 2.8 2.44 3.17 
18 75.04 78.0 76.36 0.12 0.0 0.02 3.89 3.5 3.88 2.97 
19 96.87 98.3 96.39 0.00 0.0 0.02 0.35 0.0 0.35 0.14 

EMC: Element-to-mineral conversion, XRD: Quantitative XRD by Rietveld analysis, CMB: Combined EMC-XRD, AM: SEM 
based automated mineralogy 

Having a good estimate of the gangue silicate minerals in the ore is crucial considering that low silica 
is one of the quality requirements for an iron concentrate. The main silicate minerals in the samples 
were albite, actinolite and biotite. iron-bearing garnet i.e. andradite was found with calcite in some 
samples (Frietsch 1980). Minor silicates included scapolite, diopside, orthoclase and quartz. The 
silicate minerals are not generally considered when classifying the ores of LKAB (Niiranen & Böhm 
2012). However, the silica content of the final product must be below certain values, e.g. for Low 
Phosphorous Sinter Feed (MAF) product of LKAB the limit is 0.80% SiO2 (LKAB 2014). Adolfsson and 
Fredriksson (2011) observed that silica content in the concentrate does not directly correlate with 
the silica grade in the ore. This refers to that the silicate minerals do not all behave in the same way 
in iron ore processing. For example biotite tends to be enriched in fine particle sizes (Westerstrand 
2013) where the separation efficiency during concentration is poor. Andradite has been observed in 
the concentrate when conditions in magnetic separation have not been optimal. 

Considering iron ore processing, biotite, andradite and silicate minerals can have significant impact 
on quality of the product. As described above, if the number of reliable assays is less than number of 
unknown minerals, the EMC methods fails in calculating the mineral grades which is the case for 
andradite grades as andradite shows faulty zero grades in several samples with the element-to-
mineral conversion method (Table 2). XRD fails to detect low grades. The combined method and 
automated mineralogy report quite similar grades. 
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Table 2. Analysis of mineral grades for biotite, andradite and other silicates including scapolite, diopside, orthoclase, and 
quartz 

 Biotite (wt.%) Andradite (wt.%) Other silicates (wt.%) 

Sample EMC XRD CMB AM EMC XRD CMB AM EMC XRD CMB AM 

1 4.32 1.4 4.75 1.63 0.00 0.0 0.18 0.08 5.27 9.0 5.08 7.04 

2 1.14 0.8 1.72 0.16 0.00 0.0 0.08 0.04 3.49 0.0 2.75 0.19 

5 0.86 0.0 0.29 0.09 0.00 0.0 0.04 0.02 0.00 0.0 0.46 0.02 

7 0.00 0.0 0.00 0.72 0.00 12.1 11.58 17.08 11.81 8.0 8.89 10.49 

9 0.00 0.0 0.92 0.92 0.00 13.3 12.31 15.04 17.34 13.2 13.58 12.98 

10 0.00 0.6 0.00 0.36 0.00 16.2 14.19 15.05 10.92 8.1 7.25 6.88 

18 7.95 4.9 8.33 3.73 3.83 0.0 0.00 0.38 10.27 10.8 10.48 8.21 

19 0.00 0.0 1.14 0.34 0.00 0.0 0.05 0.12 0.93 0.0 0.78 0.42 
EMC: Element-to-mineral conversion, XRD: Quantitative XRD by Rietveld, CMB: Combined EMC-XRD, AM: SEM based 
automated mineralogy 

2.5 Development of grade-based error model 

Standard deviation is commonly used for evaluating precision. The estimation of the standard 
deviation is done here by replicate samples and replicate analyses. Repeating only the measurement 
gives the repeatability and repeating the sample preparation and measurement gives the 
reproducibility.  

Based on boot strapping technique Evans and Napier-Munn (2013) suggested that the standard 
deviation in an analysis of mineral grades is proportional to the square root of the total area of 
particles measured. Moreover, they conclude that the model reflects the relationship between 
standard deviation and number of particles measured. Similarly, the standard deviation of an 
estimated mineral grade can be calculated with the formula: 

 
𝜎 = �

𝑝𝑞
𝑁

 
(3) 

where 𝜎 is the standard deviation , 𝑝 is the measured mineral grade, 𝑞 is the value of (1 − 𝑝) and N 
is the number of particles measured (Mann 2010; Evans & Napier-Munn 2013).  

Comparatively, the relationship between relative standard deviation and average mineral grade can 
be modeled as: 

 𝑅𝑆𝐷 = 𝑎𝑥−0.5 (4) 

where 𝑥 is the grade of mineral of interest, RSD is the relative standard deviation, and 𝑎 is a 
coefficient. The formula suggests that the relative standard deviation is proportional to the square 
root of the grade. This model was used to estimate the (relative) standard deviation of the 
measurements for any mineral grade.  

The measurement of trueness is much more challenging. The paired t-test is often used for 
comparing two methods (e.g. Benvie et al. 2013). However, the t-test can be used to compare 
whether two methods give the same average value but it does not provide an easy way for 
estimating the magnitude of the differences with respect to a reference method. Two ways of 
comparison were followed for assessing the results: (i) simply comparing mineral grades and (ii) 
comparing back-calculated elemental grades against the ones obtained by chemical analyses. 
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Automated mineralogy and XRF analysis results were used as the references for the minerals and the 
chemical composition of samples, respectively. Given that these references are used for the 
estimation of the trueness (which is unknown), the term closeness was selected to show how close 
the results are in comparison to the references. 

For the evaluation of closeness, a Root-Mean-Square-Deviation (RMSD) was used besides the t-test 
(Hyndman & Koehler 2006). Principally, RMSD aggregates the magnitude of deviations from the 
reference value into a single value. Mathematically, it is a concept similar to the standard deviation, 
but the term is used to describe an average deviation from the reference. This is used for defining 
the degree of closeness and is expressed as follows: 

 
𝑅𝑀𝑆𝐷 =  �

∑ (𝜇 − 𝑥𝑖)2𝑛
𝑖=1

𝑛
 

(5) 

 𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑅𝑀𝑆𝐷 = 100 ×
𝑅𝑀𝑆𝐷
�̅�

 (6) 

where n is the number of measurements, 𝜇 is the reference value, 𝑥𝑖 is the measured value and �̅� is 
average of the reference values. The Relative RMSD can be calculated for each mineral and element 
with different methods. The method showing smallest variation around the reference value (i.e. a 
lower RMSD) is regarded as the one closest to the truth.  

For establishing the error model for precision, the relative standard deviation against mineral grade 
was fitted with equation (3). In principle, the error model gives the coefficient of variation (i.e. 
relative standard deviation) for the mineral grade of interest (Figure 3). Comparatively, the precision 
of the methods from the best to the worst are: 1) automated mineralogy (AM), 2) element-to-
mineral conversion (EMC), 3) quantitative XRD with Rietveld for simple mineralogy, 4) combined 
EMC-XRD, and 5) quantitative XRD with Rietveld for complex mineralogy. This means, for example, 
for an average ore sample with 70% magnetite (or hematite) the precision of the methods (i.e. 
uncertainty in 95% confidence level) vary from ±0.57 to ±3.68 wt.%. This can be regarded as 
acceptable in geometallurgy. However, for apatite and silicate minerals the error is larger. For 
example for 1% mineral grade, the coefficient of variation is between 4 and 22% (standard deviation 
0.04-0.22 wt.%). This error is too high for technical work like resource estimation or process 
mineralogy (Pitard 1993) but the analysis quality is still good enough for geometallurgical purposes 
like domaining.  

Relative RMSD instead shows that the difference between the automated mineralogy and EMC is 
relatively higher than that of the other methods (Figure 4). Relative RMSD reveals that XRD results 
for iron oxide (high grades) is closest to automated mineralogy. 

The alternative way of evaluating closeness was by regarding XRF analysis as the reference value and 
comparing back-calculated chemical compositions of the samples against it. Relative RMSD indicates 
that all the methods are in the same range in terms of deviations from XRF assays (Figure 5). In other 
words, the deviation from the true (i.e. reference) value in all the methods is about equal. However, 
as expected, EMC and the combined EMC-XRD method are the ones with closest results to the 
chemical composition by XRF assays. 
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Figure 3. Relative standard deviation against mineral grades (CMB, AM, XRD). Curves for different methods derived from 

replicates and repeats. For Element-to-mineral conversion (EMC) and combined method (CMB) curves are generated using 
Monte Carlo simulation. For calculating relative standard deviation of combined method, relative standard deviation of XRD 

with complex mineralogy is used. The dashed vertical line at 1% mineral grade shows the detection limit of XRD 

 
Figure 4. Relative RMSD against mineral grades (EMC, XRD, CMB). Curves for different methods derived from fitting 
calculated RMSD for experimental data with equation 3. Relative RMSD values are calculated by equations 4 and 5 

It is relatively rare to find error estimation for the analyses of mineral grades published in the 
literature and research reports. For quality control, back-calculated chemical composition is often 
plotted against the analyzed ones (Berry et al. 2011; Hestnes & Sørensen 2012).  As these 
illustrations visualize the quality, they do not quantify how big the difference really is. Paired t-test is 
used but it fails in measuring how close the results are. In addition, it requires that standard 
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deviations are equal and not dependent on the grade, which is unrealistic assumption. Relative 
RMSD is an informative and effective way of measuring the closeness. The calculation is similar to the 
standard deviation, which makes it straightforward and portable for several purposes like mass 
balancing and modeling.  

 
Figure 5. Relative RMSD against elemental grades (AM, EMC, CMB, XRD). Curves for different methods derived from fitting 

calculated RMSD for experimental data with equation 3. Relative RMSD values are calculated by equations 4 and 5 
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3 Developing a particle-based process model for unit operations of 
mineral processing – magnetic separator 

In modeling of mineral processing unit operations, different levels can be used for the stream 
description as listed in Table 3. Each level has certain assumptions (Table 3) which restricts the 
usability of the. For example, in the “no composition sized level” the assumption is that all particles 
of given size regardless of their composition will behave similarly. Alternatively, in the “element 
level”, the assumption is that element, e.g. copper, will behave (distribute) in the process in a similar 
manner. This is valid only if mineralogy, particle size distribution and mineral liberation distribution 
of the feed remain unchanged. At “particle level”, the assumption is that similar particles (in terms of 
composition, size and shape) behave similarly regardless of in which part of the ore they are coming. 
When developing a model, the level must be selected based on the purpose of the model. Thereafter 
the experimental work must be conducted on that level; this includes also mass balancing. 

Magnetic separators used in the industry treat either dry material or slurries. Based on the intensity 
of the magnetic field used, the separators are classified into low- and high-intensity magnetic 
separators. High-intensity magnetic separators are mostly wet units and are used for materials 
having lower susceptibility than magnetite i.e. paramagnetic particles. Low-intensity magnetic 
separators are used for ferromagnetic particles, with dry ones for coarse particle sizes (in the so-
called cobbing process) and wet ones for finer particle sizes (20 µm-6 mm) (Svoboda 2004).  

In wet low-intensity magnetic separators, the rotating drum is partially submerged in a slurry tank 
and based on the tank design and feed slurry flow three types are identified: 1) Concurrent, 2) 
Counter-current, and 3) Counter-rotation. Selection of the type of magnetic separator for treating an 
ore is governed by feed particle size, throughput, and requirements of concentrate grade and 
corresponding performance for recovery (Stener 2014).  

Table 3. Levels of geometallurgical modeling and their limitations. Each level of model is valid as long as feed stream 
assumptions are met 

Level (of model or mass balancing) Feed stream assumptions 
No composition by size Each particle of given size will behave identically 
Grindability type by size Each particle type of given size will behave identically 
Element Mineralogy, particle size distribution and liberation 

distribution are unchanged 
Element by size Mineralogy and liberation distribution are unchanged 
Mineral Particle size distribution and liberation distribution are 

unchanged 
Mineral by size Liberation distribution is unchanged 
Minerals by behavioral type Particle size distribution is unchanged. Similar behavioral 

types will behave identically 
Minerals by behavioral type by size Similar behavioral types will behave identically 
Particle Similar behavior of particles of same composition size and 

shape 
 

Based on the type of the magnetic separator, slurry tank and magnetic arc, several different zones 
are defined. For example, a counter-current magnetic separator can be divided into three zones. The 
pick-up zone is where the fresh slurry feed encounters the drum. The scavenger zone is a shallow 
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zone close to the tailings outlet where the drum’s rotation is opposite to the slurry flow. The 
dewatering zone or cleaning zone is where drum pushes concentrate up to discharge and 
concentrate water flow back to the tank (Figure 6). 

 

 
Figure 6. Schematic view of counter-current low-intensity magnetic separator (modified after Stener, 2014) 

 

The models to be used in flowsheet simulation available for magnetic separation are relatively simple 
(Table 4). In geometallurgy, it is common to use Davis tube testing as a proxy for forecasting 
especially the quality of the magnetic concentrate but also expected iron recovery (Schulz 1963; 
Niiranen & Böhm 2012). This type of model operates on the elemental level.  

 

Table 4. Magnetic separator models including model level and considered operational parameters 

Model Level Operational 
parameters 

Reference 

Davis tubes recovery 
functions 

Elemental None (Schulz 1963) 

Dobby and Finch Mineral behavior type 
by size 

None (King 2012) 

Davis and Lyman Mineral behavior type 
by size 

Drum speed (Davis & Lyman 1983) 

USIM PAC Mineral by size None (Söderman et al. 1996) 
Schneider Particle None (Schneider & King) 
Rayner and Napier-
Munn 

Mineral behavior type Drum speed, drum 
diameter, & pickup gap 

(Rayner & Napier-
Munn 2003) 

pseudo-liberation Mineral behavior type 
by size 

None (Ersayin 2004) 

Metso   Particle Not specified (Murariu 2013) 
 

Dobby and Finch (King 2012), Davis and Lyman (1983), Rayner and Napier-Munn (2003) and USIM 
PAC (Söderman et al. 1996) have developed models for wet magnetic separation where the mineral 
behavior is either defined by size or unsized (see Table 4). This requires experimental work. The 
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model holds for different materials only if the liberation distribution by size does not change. The 
development of a particle level model for magnetic separators has been hindered due to lack of 
liberation information (Table 3). Ersayin (2014) proposed a model, which operates on a pseudo-
liberation level. Only the models of Schneider and Metso (Murariu 2013) treat individual particles in 
the simulation. The latter is not suitable for flowsheet simulation as has been developed for unit 
designing purposes. 

As the magnetic separators function is to separate magnetic and non-magnetic material, the no-
compositional level (compare model levels defined in chapter 3) is only relevant if material flows are 
needed, for example for equipment sizing in basic engineering stage of a feasibility study. The 
element and element-by size levels are used but as magnetic phenomena take place for phases and 
particles but not elements, it is  more common to operate on mineral, mineral by size, mineral by 
behavioral type (by size) or the particle (i.e. mineral liberation) level. In this study, a particle-level 
model was selected since it matches with the geometallurgical approach used.  

3.1 Experimental 

3.1.1 Iron ore processing plant survey 
Sampling for the plant survey was done at KA3, one of LKAB’s iron processing plants (Figure 7) in 
Kiruna, Northern Sweden during December 2014. When the plant was in the steady state, selected 
streams were sampled during a two hours period. Additionally, all the available information from the 
process control system recorded during the sampling period was collected. For two of the streams, 
sampling was repeated to find the standard deviation and ensure the quality of the sampling. 

 

 
Figure 7. Wet LIMS unit and process circuit in survey campaign 

 

3.1.2 Sample preparation 
The survey samples were prepared according to procedure shown in Figure 8 . The sample 
preparation started with weighing the samples in wet and dry state (2-4), followed by splitting them 
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in three parts (5). The first subsample was stored for later usage (8), second used for bulk XRF 
analysis (6) and third for sieving (7). Each particle size fraction from sieving (9) was split into two 
parts, one for a XRF analysis (11) and the other one for preparing resin mounts for optical and 
scanning electron microscopy studies. 

 (4) Sample dry 
weight

(1) Sampling (2) Sample weight

(3) Drying sample

 (5) Split

 (6) Bulk XRF  (7) Sieving  (8) Store

(9) Size fractions

 (10) Split

 (11) XRF for size 
fractions

 (12) Resin mounts 
for size fractions  

Figure 8. Schematic procedure of preparing survey samples for analysis 

 

3.1.3 Methods 
X-ray fluorescence analyses of the samples were done at chemical laboratory of Luossavaara-
Kiirunavaara AB (LKAB) using the company’s standardized methods. Epoxy samples on size fractions 
were prepared in Kemi University of applied science. SEM automated mineralogy analysis on epoxy 
samples were done by Merlin SEM and IncaMineral systems as described earlier (Analytical methods 
2.1.2). Post processing the data for identifying minerals, reporting mineral grades and back-
calculated chemical assays were done with GrainClassifier 1.9. Mineral list in Table 5 was used as the 
reference for the program. The composition of minerals was determined by EDS analysis and 
reconciled with previous study by Lund (2013). Results from back calculated chemical composition 
were compared with chemical assays and showed good correlation (Figure 9). Low grade elements 
such as manganese (Mn) and potassium (K) are slightly drifted away from parity line. This could be 
due to either higher error in XRF analysis in low concentration or inaccurate chemical composition of 
minerals. Mass balancing, data reconciliation, particle tracking, and LIMS modeling were done using 
the modeling and simulation software HSC Chemistry 7 and 8 by Outotec.   
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Table 5. Chemical composition of minerals (“the mineral matrix”) as wt.%. 

 Magnetite Quartz Apatite Biotite Albite Actinolite Calcite Titanite Titano-magnetite Anhydrite 

 Mgt Qtz Ap Bt Ab Act Cal Ttn Ttn-Mgt Anh 

F % 0.00 0.00 3.72 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

S % 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 23.55 

Na % 0.00 0.00 0.00 0.02 5.11 0.02 0.00 0.00 0.00 0.00 

Mg % 0.01 0.00 0.07 10.26 0.00 10.09 0.00 0.00 1.94 0.00 

Al % 0.05 0.00 0.00 6.91 10.78 0.99 0.00 0.00 2.60 0.00 

Si % 0.00 46.72 0.00 19.60 33.98 25.30 0.00 14.32 0.02 0.00 

P % 0.00 0.00 16.06 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

K % 0.00 0.01 0.00 6.55 0.00 0.11 0.00 0.00 0.00 0.00 

Ca % 0.00 0.01 40.39 0.00 0.04 7.55 37.17 20.44 0.00 29.43 

Ti % 0.05 0.00 0.00 2.24 0.01 0.01 0.00 24.41 12.95 0.00 

V % 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Mn % 0.00 0.00 0.00 0.04 0.01 0.04 0.00 0.00 0.71 0.00 

Fe % 72.43 0.02 0.16 10.77 0.01 8.00 0.00 0.00 49.44 0.00 

 

 
Figure 9. Comparison of chemical composition between XRF assays against back-calculated from IncaMineral modal 

measurements 

3.2 Mass balancing 

Mass balancing and data reconciliation improve the reliability of measurements and even in certain 
conditions enable the estimation of unmeasured streams and variables. It is a requirement to 
estimate the metallurgical performance of the circuit, to diagnose process bottlenecks, and to model 
the process. Well established methods exist for mass balancing and data reconciliation of mineral 
processing data and there are several software packages available for performing these tasks, such as 
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SolidSim (AspenTech, 2012), BILMAT (Algosys, 2004), BILCO (BRGM, 1987), JKBal (JKTech, 1988) and 
HSC Chemistry (Lamberg & Tommiska 2009). 

Particle mass balancing is the state-of-the-art technique  developed by Lamberg and Vianna (2007) 
for mineralogical mass balancing. It transfers the mass balancing concepts of common chemical 
assays to the mineral and finally to the mineral liberation level. The method requires delicate 
considerations to provide consistent results with chemical assays and to overcome missing liberation 
data. The following steps need to be included in extending the mass balancing to the particle level: 

1) Unsized mass balance by minerals 
2) Sized mass balance by minerals 
3) Liberation mass balance (mass balance by particle types) 

Measured mineral grades and solids flowrates for the feed and the products of the magnetic 
separator, as received from the sampling campaign, are given in Table 6. As a first step, bulk data was 
used for minerals by unsized mass balance (Table 7). 

Table 6. Measured mineral grades (IncaMineral) and solids flowrates in bulk sample and size fractions for wet LIMS, mineral 
abbreviations as in Table 3 

Streams Fraction 
µm 

Solids 
t/h 

Mgt 
% 

Qtz 
% 

Ap 
% 

Bt 
% 

Ab 
% 

Act. 
% 

Cal 
% 

Ttn 
% 

Ttn-Mgt 
% 

Anh 
% 

Mass 
% 

Feed 

Bulk 488 89.74 0.88 2.30 1.48 1.69 1.95 0.91 0.35 0.57 0.13  
180-250  91.28 0.86 1.25 0.79 2.79 1.78 0.68 0.31 0.12 0.13 7.98 

125-180  92.81 0.87 1.55 0.72 1.40 1.62 0.59 0.24 0.18 0.02 14.04 

90-125  93.19 0.62 1.64 0.67 1.16 1.14 0.47 0.31 0.75 0.04 12.39 

63-90  91.50 0.84 2.71 0.98 1.26 1.31 0.63 0.31 0.44 0.04 14.03 

45-63  90.98 0.83 2.96 1.07 1.33 1.34 0.65 0.27 0.55 0.03 12.24 

38-45  91.26 0.98 2.97 1.02 1.21 1.27 0.68 0.36 0.22 0.03 5.88 

20-38  89.51 0.97 2.85 1.70 1.34 1.67 0.99 0.37 0.55 0.05 11.93 

0-20  83.06 1.01 2.45 3.26 2.59 3.78 1.80 0.52 1.08 0.45 21.52 

Conc. 

Bulk 415.40 97.64 0.12 0.44 0.36 0.10 0.39 0.40 0.17 0.38 0.01  
180-250  96.75 0.22 0.60 0.60 0.30 0.69 0.18 0.28 0.36 0.01 8.38 

125-180  97.24 0.18 0.59 0.55 0.16 0.63 0.17 0.19 0.28 0.01 14.86 

90-125  97.60 0.14 0.54 0.40 0.10 0.43 0.14 0.20 0.46 0.00 13.02 

63-90  97.77 0.11 0.61 0.33 0.11 0.31 0.12 0.20 0.44 0.00 14.63 

45-63  98.35 0.08 0.43 0.25 0.05 0.28 0.08 0.13 0.32 0.01 12.64 

38-45  98.37 0.10 0.39 0.25 0.10 0.26 0.09 0.12 0.31 0.00 6.01 

20-38  98.74 0.09 0.33 0.19 0.04 0.19 0.07 0.13 0.22 0.00 11.96 

0-20  96.83 0.10 0.14 0.30 0.04 0.32 1.64 0.11 0.51 0.00 18.48 

Tail. 

Bulk 72.60 5.34 7.82 21.09 14.77 16.90 20.44 7.71 2.24 0.35 3.35  
180-250  4.89 6.75 5.32 10.86 27.25 22.96 7.41 0.88 0.37 13.30 5.69 

125-180  5.19 6.76 10.46 12.04 23.25 24.54 10.92 1.14 0.29 5.41 9.32 

90-125  7.18 9.31 19.72 11.27 20.43 19.44 8.14 1.52 0.09 2.89 8.78 

63-90  6.26 9.01 31.66 11.44 15.79 14.98 6.46 1.85 0.47 2.08 10.56 

45-63  5.01 9.46 32.58 13.98 14.35 14.82 6.69 1.77 0.10 1.26 9.92 

38-45  4.65 9.54 26.31 15.20 12.99 19.94 8.95 1.65 0.18 0.59 5.09 

20-38  4.35 9.38 22.99 16.73 13.83 21.92 8.03 2.13 0.09 0.54 11.75 

0-20  5.26 6.45 19.19 17.24 15.46 21.84 7.24 3.19 0.56 3.58 38.89 
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The result of the bulk mass balance was then used as a constraint when mass balancing the minerals 
by size fractions (Table 8). This stepwise procedure minimizes the error propagation and ensures that 
unsized and sized mass balances are consistent. The adjustments to mineral grades for mass 
balancing in most minerals were minor (Figure 10). The parity line (y=x) shows where the mineral 
grades would be situated if there was no adjustment. The adjustments were small except for 
anhydrate and titano-magnetite.  

Table 7. Unsized balanced values for wet LIMS, for mineral abbreviations see Table 3 

Streams Solids 
Bal t/h 

Mgt 
Bal % 

Qtz 
Bal % 

Ap 
Bal % 

Bt 
Bal % 

Ab 
Bal % 

Act. 
Bal % 

Cal 
Bal % 

Ttn 
Bal % 

Ttn-Mgt 
Bal % 

Anh 
Bal % 

Feed 487.80 84.27 1.19 3.94 2.32 2.67 3.30 1.29 0.43 0.42 0.16 

Conc. 415.21 97.81 0.12 0.39 0.32 0.10 0.34 0.34 0.15 0.43 0.01 

Tail. 72.59 6.86 7.33 24.22 13.79 17.39 20.23 6.75 2.01 0.37 1.07 

 

Table 8. Balanced mineral by size fractions 

Streams Fraction 
µm 

Solids 
Bal t/h 

Mgt 
Bal % 

Qtz 
Bal % 

Ap 
Bal % 

Bt 
Bal % 

Ab 
Bal % 

Act. 
Bal % 

Cal 
Bal % 

Ttn 
Bal % 

Ttn-Mgt 
Bal % 

Anh 
Bal % 

Feed 

180-250 38.89 87.67 1.01 1.23 1.19 4.44 2.94 0.89 0.33 0.15 0.14 

125-180 68.39 89.05 0.99 1.95 1.15 2.48 2.98 0.88 0.26 0.23 0.02 

90-125 60.28 88.57 0.98 3.32 1.12 2.18 2.16 0.72 0.35 0.56 0.04 

63-90 68.43 87.79 1.08 4.63 1.33 1.72 1.79 0.77 0.36 0.49 0.05 

45-63 59.61 87.31 1.09 5.03 1.48 1.74 1.83 0.80 0.31 0.38 0.04 

38-45 28.64 86.62 1.34 5.18 1.55 1.73 2.01 0.94 0.34 0.26 0.04 

20-38 58.10 85.13 1.33 4.67 2.46 1.88 2.56 1.24 0.42 0.25 0.06 

0-20 105.47 72.35 1.52 4.76 5.43 4.28 6.86 2.78 0.76 0.69 0.57 

Conc. 

180-250 34.81 97.29 0.21 0.61 0.46 0.29 0.58 0.17 0.26 0.13 0.01 

125-180 61.92 97.66 0.17 0.54 0.42 0.15 0.51 0.15 0.17 0.22 0.01 

90-125 53.82 97.86 0.12 0.38 0.30 0.09 0.32 0.12 0.18 0.61 0.00 

63-90 60.83 97.86 0.10 0.53 0.33 0.11 0.30 0.11 0.17 0.49 0.00 

45-63 52.52 98.33 0.07 0.39 0.25 0.05 0.27 0.08 0.12 0.42 0.01 

38-45 24.98 98.50 0.10 0.36 0.23 0.10 0.24 0.09 0.12 0.27 0.00 

20-38 49.68 98.71 0.08 0.31 0.19 0.04 0.18 0.07 0.12 0.28 0.00 

0-20 76.66 96.92 0.10 0.14 0.33 0.04 0.32 1.33 0.10 0.73 0.00 

Tail. 

180-250 4.09 5.80 7.81 6.58 7.41 39.79 23.05 7.05 0.91 0.35 1.26 

125-180 6.47 6.60 8.86 15.46 8.13 24.70 26.71 7.92 1.19 0.28 0.14 

90-125 6.47 11.23 8.14 27.81 7.92 19.57 17.48 5.68 1.69 0.09 0.40 

63-90 7.60 7.24 8.88 37.52 9.36 14.57 13.71 6.01 1.84 0.47 0.41 

45-63 7.08 5.65 8.61 39.42 10.63 14.25 13.32 6.08 1.72 0.10 0.23 

38-45 3.66 5.60 9.79 38.08 10.52 12.86 14.05 6.77 1.86 0.18 0.30 

20-38 8.42 5.01 8.70 30.37 15.85 12.69 16.60 8.11 2.20 0.09 0.39 

0-20 28.81 6.98 5.30 17.08 19.03 15.56 24.25 6.64 2.51 0.59 2.07 
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Figure 10. Comparison of mineral grades between measured and balanced data 

Recoveries of each mineral and solids in size fractions and bulk are given in Table 9. Magnetite shows 
very high recoveries, between 97.3 and 99.2%. For the gangue minerals, the recoveries increase 
towards the coarser size fractions that could be due to liberation: i.e. in coarse size fractions, the 
degree of liberation is poorer; therefore, more gangue minerals end up into the concentrate due to 
locking with magnetite. Titano-magnetite shows recoveries close to that of magnetite. Titanite shows 
higher recoveries than other gangue minerals which can be due to locking or that its magnetic 
properties are intermediate between magnetite and silicates. Anhydrite shows highly variable 
recoveries, which is most probably due to very low grades, i.e. high relative standard deviation in the 
analyses. 

Liberation mass balances aim at adjusting liberation data to match with bulk and size fraction mass 
balances. Here, this is done by the particle tracking technique (Lamberg & Vianna 2007). The particle 
tracking is a stepwise procedure. The first stage adjusts the mass proportion of the particles to match 
modal composition received from bulk and size fraction mass balancing. The second step, the basic 
binning, involves the classification of particles by size and composition to narrow classes, which are 
called bins. Some bins may have no or very few particles making the mass balanced result unreliable. 
In the following advanced binning stage, the bins with low numbers of particles are globally 
combined (i.e. in all the streams in a similar way) to reach a sound number of particles in each bin. In 
this work, the advanced binning was first done for the feed stream and the minimum number of 
particles in each bin was set to 25. This equals to the maximum of 25% relative standard deviation for 
the mass proportion of the bin in question. In the final stage, the mass proportion of each bin is 
adjusted to reach the mass balance in the whole circuit by keeping the total solids flowrates as 
constraints (Figure 11). The particle tracking resulted in the mass balance of 556 different kinds of 
particles. Table 10 lists the number of bins for the most important binary particle types by the 
particle size fraction. 
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Table 9. Recovery of each mineral and solids in size fractions and bulk 

Streams 
Fraction Solids Mgt Qtz Ap Bt Ab Act. Cal Ttn Ttn-Mgt Anh 

µm Rec % Rec % Rec % Rec % Rec % Rec % Rec % Rec % Rec % Rec % Rec % 

Conc. 

Bulk 85.12 98.79 8.42 8.44 11.59 3.18 8.79 22.26 30.14 87.04 3.29 
180-250 89.49 99.31 18.77 43.93 34.35 5.87 17.64 16.64 70.94 76.27 8.94 
125-180 90.54 99.30 15.72 24.97 32.90 5.64 15.35 15.11 57.30 88.35 46.36 
90-125 89.27 98.64 11.21 10.16 24.26 3.72 13.40 14.87 47.65 98.24 0.53 
63-90 88.90 99.08 8.49 10.10 21.92 5.68 14.99 13.10 42.68 89.31 6.91 
45-63 88.12 99.23 5.99 6.90 14.62 2.69 13.28 9.18 34.40 96.92 26.22 
38-45 87.22 99.17 6.46 6.03 13.01 4.80 10.42 8.04 30.47 91.14 3.55 
20-38 85.50 99.15 5.31 5.64 6.69 1.88 6.13 5.11 24.81 94.65 4.40 
0-20 72.68 97.37 4.67 2.08 4.35 0.66 3.41 34.75 9.77 76.48 0.54 

Tail. 
  

Bulk 14.88 1.21 91.58 91.56 88.41 96.82 91.21 77.74 69.86 12.96 96.71 
180-250 10.51 0.69 81.23 56.07 65.65 94.13 82.36 83.36 29.06 23.73 91.06 
125-180 9.46 0.70 84.28 75.03 67.10 94.36 84.65 84.89 42.70 11.65 53.64 
90-125 10.73 1.36 88.79 89.84 75.74 96.28 86.60 85.13 52.35 1.76 99.47 
63-90 11.10 0.92 91.51 89.90 78.08 94.32 85.01 86.90 57.32 10.69 93.09 
45-63 11.88 0.77 94.01 93.10 85.38 97.31 86.72 90.82 65.60 3.08 73.78 
38-45 12.78 0.83 93.54 93.97 86.99 95.20 89.58 91.96 69.53 8.86 96.45 
20-38 14.50 0.85 94.69 94.36 93.31 98.12 93.87 94.89 75.19 5.35 95.60 
0-20 27.32 2.63 95.33 97.92 95.65 99.34 96.59 65.25 90.23 23.52 99.46 

 

  
Figure 11. Parity chart showing measured particle grades in the feed, concentrate and tailing streams after advanced 

binning against mass balanced particle grades after the full particle tracking 

 



22 
 

Table 10. Number of binary classes by size (bins) after mass balancing 

Fraction (µm) Mgt-Ap Mgt-Bt Mgt-Ab Mgt-Act 

180-250 5 3 3 5 

125-180 5 3 1 4 

90-125 4 3 1 4 

63-90 5 3 1 4 

45-63 6 4 2 3 

38-45 5 3 2 4 

20-38 3 3 1 3 

0-20 4 4 3 4 

 

Having information on particle level enables generating recovery curves for different types of particle 
classes each based on the size and composition (binary associations; Figure 12). Moreover, this 
information is a vital basis for developing process models that operate on particle (liberation) level.  

a) 

 

b) 

 
c) 

 

d) 

 
Figure 12. Recovery of binary particles into the concentrate (x-axis is the volumetric grade of magnetite in the particle). a) 

Recovery of magnetite-albite binary, b) Recovery of magnetite-actinolite binary, c) Recovery of magnetite-apatite binary, d) 
Recovery of magnetite-biotite binary 

The recovery of fully liberated magnetite is practically 100% in all the size fractions (Table 11). For 
fully liberated gangue minerals, the recovery is very low, around 5%. However, there is clear 
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variation by particle size. The recovery of fully liberated gangue minerals increases by particle size 
being 10-20% for particles coarser than 180 microns whereas this is less than 5% for the particles less 
than 20 microns. To confirm the presence of fully liberated gangue particles in the concentrate, 
mineral maps generated by the IncaMineral system were individually checked and fully liberated 
gangue particles were detected (Figure 13; Figure 14). I.e. the presence of fully liberated gangue 
minerals was not due to measurement problems or artificial breaking of particles in deagglomeration 
stage in image analysis of the IncaMineral (Liipo et al. 2012).  

Table 11. Recovery % of fully liberated particles by size fraction into the concentrate 

Fraction Mgt Qtz Ap Bt Ab Act. Cal Ttn 

µm % % % % % % % % 

180-250 99.5 5.6 16.4 15.8 7.2 8.5 5.5 15.8 

125-180 99.2 3.7 5.4 9.4 4.4 2.6 3.0 31.4 

90-125 98.3 7.0 3.3 2.0 5.6 5.1 1.4 9.4 

63-90 99.0 4.8 3.3 4.1 1.8 7.5 3.6 0.2 

45-63 99.5 3.9 4.9 2.2 1.8 6.0 2.8 3.8 

38-45 99.5 3.6 2.3 1.8 3.9 4.7 4.4 10.8 

20-38 99.5 3.9 3.1 2.3 0.8 3.2 3.1 5.3 

0-20 98.5 3.1 1.1 3.1 0.4 2.0 27.4 0.1 

 

The shape of the recovery curves by size varies with particle size and composition. Two kinds of 
patterns can be identified: the first is convexity and the next one is spread. The convexity is related to 
particle size. The recovery curve in Figure 12 is downward convex in fine size fractions (<45 microns), 
straight in middle size fractions (38-90 microns) and upward convex in particle sizes larger than 90 
microns. In other words, if one takes a binary particle, e.g. with 50% magnetite and 50% gangue 
mineral, the recovery of this kind of binaries will be significantly higher in coarse particle sizes than in 
the finer ones. 

 
Figure 13. Observation of fully liberated gangue particles (albite) into the concentrate (180-250 µm). IncaMineral mineral 

map 
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Figure 14. Observation of fully liberated gangue particles (Apatite) into the concentrate (90-125 µm), IncaMineral mineral 

map 

The spreading in the shape of the curves between size classes is wider for albite and apatite than for 
actinolite and biotite (Figure 12). For the former, the recovery difference for binaries, e.g. 50% 
magnetite and 50% other, can be as big as 70% but for the latter, having narrower spreading, the 
difference is in the order of magnitude of 30%. Respectively, quartz and calcite are showing similar 
curves and spreading as albite and apatite while binary particles with titanite have narrow spreading 
between size fractions.  

3.3 Developing a process model for magnetic separator 

Metallurgical performance, i.e. the concentrate grade and recovery of a wet LIMS, varies based on 
ore properties and the operational and design parameters (Table 12). Concentration in a wet LIMS 
involves several sub processes that are affected by these parameters.  

Table 12. Parameters affecting magnetic separation and particle behavior in wet LIMS (Sundberg 1998) 

Operational & Design Parameters Particle and flow properties 
Feed rate Particle magnetic susceptibility 
Feed solid content Particle composition 
Drum rotational speed Particle density 
Concentrate discharge weir distance Particle shape 
Magnet assembly Particle size 
Scavenger zone depth Slurry rheology 
Magnetic field strength and gradient Remanence of magnetized particles 
 

When a ferromagnetic material is exposed to the magnetic field, magnetic ordering occurs based on 
the intrinsic property of the material which defines spontaneous magnetization (Svoboda 2004). The 
other phenomenon happening is growing of magnetic domains. Depending on the size of the particle 
and the strength of the magnetic field, the magnetic particle can consist of single or multiple 
magnetic domains. If the external field is strong enough or the particle is fine enough (less than 0.1 
µm) particle magnetization becomes homogenous which is called magnetic saturation. Even when 
the particle is not exposed to the magnetic field, the ferromagnetic particle will not become totally 
demagnetized. 

Considering the number of small magnetized particles in wet LIMS after exposition to the field, 
attractive and repulsive forces between particles, and alignment of the particle magnets with respect 
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to the external field create a complex environment for particles. In addition, ferromagnetic particles 
in the slurry attach to each other to form flocs or aggregates. This is called magnetic flocculation 
(Lantto 1977). 

3.3.1 Magnetic separation theory 
Recovery of magnetizable particles from streams depends on their motion in response to the 
magnetic force, to other competing forces such as gravitational, inertial, hydrodynamic, centrifugal, 
and inter-particles forces and also flocculation phenomenon (Svoboda 2004). 

If the shape of a particle is assumed nearly spherical with a diameter equal to 𝑑, the forces acting on 
the particle (Figure 15) can be written in a simplified form as follows: 

Magnetic force (𝐹𝑚𝑎𝑔) 𝑑3 × 𝜒 × 𝐵 × 𝑑𝐵/𝑑𝑥 (7) 
Gravitational force (𝐹𝑔𝑟𝑎𝑣) 𝑑3 × 𝜌 × 𝑔 (8) 
Drag force for viscous drag (𝐹𝑑𝑟𝑎𝑔) 𝑑 × 𝜇 × 𝜈 (9) 
Drag force for turbulent drag (𝐹𝑑𝑟𝑎𝑔) 𝑑2 × 𝜈2 (10) 
Centripetal force (𝐹𝑐𝑒𝑛𝑡) 𝑑3 × 𝜌 × 𝑠2/𝑟 (11) 
where 

Particle diameter 𝑑  
Relative susceptibility 𝜒  
Relative solids density 𝜌  
Flux density 𝐵  
Drum radius 𝑟  
Magnetic flux density gradient 𝑑𝐵/𝑑𝑥  
Gravitational constant 𝑔  
Drum peripheral speed 𝑠  
Velocity of the particles relative to the slurry 𝜈  
Viscosity of the slurry 𝜇  

 

 
Figure 15. Acting forces on particles in different zones of wet LIMS. Horizontal line is a level of slurry in the tank. 

Magnetic force pulls the particle towards the magnets. Its magnitude is directly proportional to the 
size of the particle, its susceptibility, flux density and magnetic flux density gradient (Equation (7)). In 
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the wet LIMS assembly shown in Figure 15, the gravitational force acts in the opposite direction and 
its strength is related to the size of the particle, its density and gravitational constant (Equation (8)). 
Drag forces (viscous and turbulent drag; Equations (9) & (10)) work mostly in different direction than 
magnetic force and are directly related to diameter of a particle, viscosity of the slurry and velocity of 
the particle relative to slurry. The centripetal force on the surface of the drum is perpendicular to the 
drum surface and is related to drum speed, drum radius, particle diameter and density (Equation 
(11)). 

3.3.2 Physical explanations for observations 
Liberation measurements show that there are fully liberated non-magnetic particles in the 
concentrate (Figure 12; Figure 13; Figure 14) and the mass balancing shows that there is a positive 
relation between the particle size and the recovery. Possible explanations for such an observation 
can be stereological bias due to measurement in sections, entrainment phenomena or entrapment.  

Stereological bias in 2-dimensional particle image analysis means that particles, which are regarded 
as fully liberated in sections, can actually be composite particles in three dimensions. If this would be 
the case then the recovery should show a decrease in particle size due to the fact that a texture 
which appears to be fine-grained (compared to the particle size) in coarse particles sizes changes to 
coarse-grained in fine particle sizes, as depicted in Figure 16. Stereological bias is smaller in fine 
grained textures (Lätti & Adair 2001). Therefore, stereology as a possible reason for observation can 
be excluded.  

 
Figure 16. Stereological effect on recovery of particles in coarse and fine size fractions. Stereological bias is higher in small 

particles than in coarse ones. 

Entrainment means that particles are dragged into the concentrate with water. This is stronger for 
fine particles than for coarse ones (Neethling & Cilliers 2009), i.e. opposite to the observation. 
Therefore, also this explanation can be rejected. 

As discussed earlier, flocculation as a sub-process attaches magnetite particles together. During this 
process, liberated gangue minerals can be trapped between magnetite particles. In the dewatering 
step (Figure 6) when the drum pushes up the flocs toward the concentrate discharge, water inside 
the flocs flows back to the tank and takes some of the fine liberated gangue minerals with (drainage). 
The small porosity size in the flocs hinders the coarse gangue particles to be drained out from the 
flocs. Therefore, the coarse fully liberated gangue particles have more chance to be trapped in the 
flocs and end up in the concentrate. This is schematically depicted in Figure 17. The relation between 
particle size and recovery of fully liberated gangue particles can be described by a linear model 
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(Figure 18). There is a slight difference between the minerals, i.e. iron-bearing minerals (actinolite 
and biotite) show slightly higher entrapment than apatite and albite. 

 
Figure 17. Effect of drainage water in dewatering zone to wash out fine gangue particles. Dark particles are magnetite 
particles and brighter ones are fully liberated gangue particles. Drainage flow, shown by the straight arrow, is toward 

gravitational force 

 
Figure 18. Linear relationship of bypass and particle size 

For magnetite-gangue binary particles the shape of the recovery curves, i.e. the direction of 
convexity, changes from fine to coarse particle sizes. Sundberg  (1998) describes that in wet magnetic 
separation the loss of fine magnetic particles is higher in fine size fractions. This can be estimated by 
equating magnetic forces to the drag force and solve the equations for the velocity. For the viscous 
drag: 

 𝜈 ∝ 𝑑2 × 𝜒 × 𝐵 × (𝑑𝐵/𝑑𝑥)/𝜇 (12) 
and for turbulent drag: 
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 𝜈2 ∝ 𝑑 × 𝜒 × 𝐵 × (𝑑𝐵/𝑑𝑥) (13) 

This implies in both cases that magnetic fine particles move more slowly towards the drum in the 
slurry and therefore recovery in fine size fractions is lower than in coarser sizes. Therefore, this 
explains the observed difference in the recovery pattern of magnetite-gangue binaries by size. 

Particles treated in magnetic separators can be divided into three general groups, strongly magnetic, 
weakly magnetic, and non-magnetic. Strongly magnetic particles like magnetite with a magnetic 
susceptibility of greater than 10-4 m3/kg can be recovered by a weak magnetic field (like 0.15 T with a 
field gradient of the order 0.5 T/m). The weakly magnetic material is not picked-up in low-intensity 
magnetic separation but in high-intensity magnetic fields. Non-magnetic are passive in both low and 
high-intensity separators. Particles with a mixed composition of minerals exhibit intermediate 
susceptibility (Figure 19) (Svoboda 2004).  

Despite the fact that the contribution of non-magnetic minerals in a particle is very small, composite 
particles with iron-bearing minerals biotite and actinolite exhibit higher magnetic force  and their 
recoveries in fine fractions is higher compared to apatite or albite, which are practically iron-free 
(Figure 12). Another potential affecting factor could be the density of the mixed particle, however, 
density ranges for albite, biotite, actinolite and apatite are on the same scale (2.6-3.4 gr/cm3). 
Therefore, their contribution to the density of particle is similar and this hypothesis can be rejected. 
The explanation why actinolite and biotite show narrower spread in their recovery curves than iron 
free minerals: apatite and albite, is thus higher susceptibility of the former ones. This can be even 
seen in the recovery of fully liberated particles: the recovery of actinolite and biotite is higher than 
that of albite and apatite, especially in the fine particle size (Figure 18). 

 
Figure 19. Contribution of various mineral to total susceptibility of mixed particles (modified after Svoboda, 2004) 

3.3.3 Semi-empirical model of wet magnetic separator 
While there is a clear correlation between the observations and the recovery curve shape with the 
physical sub-processes, it is not possible to develop a pure physical model. This is due to the fact that 
the sub-processes are many and they are physically very complex. In addition, the data available 
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from the plant sampling describes only one operational point. Therefore, the model developed here 
is semi-empirical in nature and tries to regenerate recovery curves at mineral liberation level.  

Requirements formulated for such a model are that it (i) should be flexible to adopt to linear or curve 
shaped recoveries, (ii) should have reasonably low number of parameters, and (iii) should reflect 
physical sub-processes in the system. At a later stage, the model can be further developed to take 
operational variables into account. 

A flexible and relatively simple way to model the recovery patterns of binary particles is to use the 
incomplete beta function 𝐼𝑥(𝑎, 𝑏). The incomplete beta function is defined as follows (Pearson 1968): 

 
𝐼𝑥(𝑎, 𝑏) = � 𝑡𝑎−1(1 − 𝑡)𝑏−1𝑑𝑡

𝑥

𝑎
 

(14) 

If, for the sake of simplicity, the 𝑎 parameter is fixed at 1, various curve shapes can be generated by 
changing only the 𝑏 variable alone around 1 as depicted in Figure 20. 

 

 
Figure 20. Generation of various curves with incomplete beta function. The value of parameter a is 1 

For the entrapment the observation shown in Figure 18 suggest the linear relationship, therefore the 
following equation was selected: 

 𝑅𝐸 = 𝐸1𝑑 + 𝐸2 (15) 

where 𝑅𝐸 is the recovery due to entrapment, 𝑑 is the particle size, and 𝐸1 and 𝐸2 are the constants.  . 
Considering the standard deviation of individual points in Figure 18 𝑅𝐸 function would be as follow: 

 𝑅𝐸 = 0.0068𝑑 + 0.61 (16) 
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This linear model is applied to predict the entrapment of different size of particles with zero 
magnetite grade in wet LIMS. To model the recovery (fraction; 0-1) of various particles of magnetite 
in the wet LIMS concentrate, following function is used: 

 𝑅𝑥 = 𝐼𝑥(1,𝑏) (17) 

where 𝑥 is the volumetric grade of magnetite in the particle and 𝑏 is a spread value. Finally, the 
recovery model by considering entrapment would be as follow: 

 𝑅 = (1 − 𝑅𝐸) × 𝑅𝑥 + 𝑅𝐸 (18) 

Fitting the equation (18) with the experimental points gives various 𝑏 values for binary particles in 
different size fractions. The illustration of b values for each binary particle is shown in Figure 21. The  
𝑏 values decrease from course to fine size fractions. In addition, the range of 𝑏 values for iron-
bearing minerals is narrower (2.40-0.58) with respect to others (4.91-0.17) (Table 13).  

a) 

 

b) 

 
c) 

 

d) 

 
Figure 21. Modeled recovery of binary particles into the concentrate (x-axis is the volumetric grade of magnetite in the 
particle). a) Recovery of magnetite-albite binary, b) Recovery of magnetite-actinolite binary, c)Recovery of magnetite-

apatite binary, d) Recovery of magnetite-biotite binary. Points show the experimental data 
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Table 13. b values for various binary particles with magnetite.  

Size Fractions 
(µm) 

Mgt binary with 
Ab 

Mgt binary with 
Ap 

Mgt binary with 
Act 

Mgt binary with 
Bt 

180-250 2.94 4.91 2.40 1.73 

125-180 0.39 3.96 1.78 1.80 

90-125 0.38 1.68 1.58 1.05 

63-90 1.00 3.52 1.79 1.79 

45-63 0.36 1.24 1.16 1.34 

38-45 0.56 2.64 0.91 0.92 

20-38 0.27 0.84 0.72 0.83 

0-20 0.17 0.41 0.62 0.58 

 

3.3.4 Evaluation of the developed model through simulation 
A question one needs to pose when developing a unit model to be used in predicting the 
metallurgical performance is to what level to go to reach required reliability. In the case of this 
survey, the liberation degree of magnetite in the feed for the magnetic separation is very high as 
shown in Figure 22. The lean binary particles with less than 10% gangue minerals play a major role in 
magnetite recovery and the quality of the concentrate.  

 
Figure 22. Liberation of magnetite in different size fractions and bulk 

To find out on what level the model of a magnetic separator should be taken in geometallurgy, a 
simulation was built using the liberation data of the feed to the magnetic separation and varying the 
complexity of the model. Three different complexity levels were tested: 1) model where the recovery 
of individual particles equals to the magnetic volume (i.e. magnetite volume) of a particle, 2) besides 
magnetic volume including entrapment model for fully liberated gangue particles (16) and 3) using 
the full model given in equation (18).  
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To evaluate the prediction, a total of four values were monitored on unsized basis: magnetite 
recovery, magnetite grade, apatite grade and silicates grade.  Results are summarized in Table 14 and 
Figure 23.  The simple model considering magnetic volume of a particle only gives satisfying 
prediction: the recovery of magnetite deviates only 0.3 recovery % from the observed one. The 
magnetite grade is slightly overestimated (98.5 vs. 97.8 wt.%) and the grade of gangues 
underestimated. Including entrapment in the model improves the estimate of the concentrate grade.  
The full model forecasts the recovery right but slightly (0.4 wt.%) overestimates the magnetite grade. 

For the geometallurgical purposes, the model that considers the magnetic volume of the particle 
seems to be accurately enough. Applying the model for Mörtsell dry magnetic separation by Lund 
(2013) gives estimate on the magnetite grade and recovery of 91.8 wt.% and 94.3% which is very 
close to the observed one 89.7 wt.% and 94.9% (see Table 22 in Lund, 2013). This confirms that 
simple model which takes into consideration only the magnetic volume of a particle can be applied in 
both wet and dry magnetic separation to forecast the performance in geometallurgical programs. 
The more complicated model may be needed for process optimization and when the liberation of 
magnetite is poor (see 4.2). 

Table 14. Comparison between different models for recovery and grade of major minerals 

 Observed Magnetic volume Magnetic volume + 
Entrapment Full model 

  Simulated Distance to 
observed* Simulated Distance to 

observed Simulated Distance to 
observed 

Magnetite 
recovery (%) 98.79 98.47 

0.73 
98.47 

0.59 
98.78 

0.41 Magnetite 
grade (wt.%) 97.81 98.46 98.31 98.21 

Apatite grade 
(wt.%) 0.39 0.21 -0.18 0.25 -0.14 0.29 -0.10 

Silicates 
grade (wt.%) 0.88 0.66 -0.21 0.76 -0.12 0.83 -0.05 

* Distance to observe for magnetite is actually distance in between points in grade-recovery space. 

 

Figure 23. Illustration of simulation results of various models in magnetite grade-recovery space 

  

97.0

97.5

98.0

98.5

99.0

99.5

100.0

97.0 97.5 98.0 98.5 99.0 99.5 100.0

M
ag

ne
tit

e 
Re

co
ve

ry
, %

 

Magnetite grade, wt.% 

0) Observed

1) Magnetic volume

2) Magnetic volume + Entrapment

3) Full model



33 
 

4 Discussion 

4.1 Modal analysis for geometallurgy 

Any technique for the analysis of mineral grades in a geometallurgical program requires careful 
mineralogical study before the method is routinely applied. In the proposed combined method, the 
mineralogical study must provide information on the list of all possible minerals, their crystal 
structure, and their chemical composition.  

However, the combined method is not a universal solution for every situation as it is. Principally, the 
algorithm for estimating mineral grades can take as many restrictive constraints as needed. 
Therefore, if several minor minerals are present in the sample but the information for calculating 
mineral grades is insufficient, the combined method requires additional constraints to converge to 
the optimal solution. In addition, the assumption used here is that the chemical composition of 
minerals is known and does not vary. Strictly speaking, this is not a realistic assumption, but it 
simplifies the complex situation for finding a bridge between elemental assays and mineral grades. 

Practical examples in the area of iron ore, where the combined method is coming to its limits, are 
titanium and sulphur mineralogy. In the Kiruna iron ore the main titanium-bearing minerals are 
titanite (CaTiSiO5), ilmenite (FeTiO3) and rutile (TiO2). Additionally, biotite can be titanium-bearing 
and magnetite contains extremely fine ilmenite exsolution lamellas (Niiranen 2014). Sulphur, on the 
other hand, occurs in pyrite (FeS2), chalcopyrite (CuFeS2) and Ca-sulphates (mainly anhydrite (CaSO4) 
but also gypsum (CaSO4-2H2O)). In both cases, most of the minerals are trace quantities thus 
undetectable for XRD, and for simple element-to-mineral conversion the number of available 
elements is too few.  

The precision and degree of trueness of an analysis for mineral grades are dependent of the 
abundance of a phase in a sample and the number of observations collected. In automated 
mineralogy, this depends on the number of particles and grains analyzed. In X-ray techniques (X-ray 
powder diffraction and X-ray fluorescence), the ratio of signal to noise, thus analysis time, plays the 
role. Here a simple equation was used to describe the standard deviation and the RMSD in the wide 
grade range where analysis conditions are the same as commonly used in process mineralogy. This 
approach is practical when individual standard deviations are needed for measurements. Examples 
of such problems are circuit mass balancing and Monte Carlo simulations.  

The challenge is that as resource geologists and metallurgist have a long tradition to work with 
chemical assays, they consider it difficult to take parallel mineralogical information that is not fully 
consistent with chemical assays. Weighting and using several rounds are the available solutions but 
for that, more work is needed in order to establish solid grounds for defining the weighting factors 
and to control that weighting does not cause the mineral grades to drift too far away from the true 
mineral composition.  For a selection of the best possible option further information regarding 
practical considerations such as sample preparation, costs and detection limit are necessary  (Table 
15). Combined method provides low detection limit, short sample preparation and analysis time, low 
costs and acceptable precision and closeness. Therefore, it can be regarded as favorable method for 
the geometallurgical programs of iron ores. 
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Table 15. Comparison of different methods for obtaining mineral grades 

Parameter XRD with Rietveld Automated Mineralogy EMC** Combined 

Detection limit (wt.%) 1 0.01 0.01 0.01 
Sample preparation time (minutes) 45 480 0 45 
Analysis time (minutes) 90 240 0 90 
Cost (approximate, US$) 60 200 0 60 
Experienced operator needed Yes Yes No Yes 
Experienced mineralogist needed Yes Yes Yes Yes 
Precision* 9-22 4 5 11 
Closeness (against XRF)* 38 32 22 25 
Closeness (against AM)* 56 - 110 77 
**EMC method used here is solution of underdetermined situation. Closeness (against AM) is not representative of all EMC 
cases. 
*Closeness and precision are the “a” of the model (equation 3). It gives relative standard deviation directly for the grade. 
The smaller the value is the better is the method. 

4.2 Wet magnetic separator process model  

Observations in particle level, as well as physical theory, imply that magnetic separation is a complex 
process that is controlled by both operational conditions and feed stream properties. A semi-
empirical wet LIMS model to estimate particle recovery solely based on particle properties was 
developed. The model gives the recovery of individual particles into the magnetic concentrate if the 
size and mineral composition of the particle is given.  The most important parameter is the 
volumetric grade of magnetite in the particle. A test to forecast the result of dry magnetic separation 
indicates that also in dry separation the magnetic volume of a particle plays the major role. The 
entrapment process is likely to be different. Further development is needed to relate the model 
parameters to the operational parameters or include more detail equation to consider sub-processes 
in the magnetic separator. At least the information on the separation efficiency on feed rate would 
be valuable for geometallurgical purposes. 

The new particle-based wet LIMS model can estimate recovery of new feed stream where the 
particle level information is available. Simulation of a process where the model is in particle level is 
straightforward and input/output stream of the model can be directly used in other models. 
Characterization of the ore texture e.g. Lund, (2013) to obtain particle level data and combining it 
with particle-based model, enables the simulation of the whole chain of processes to be used for 
grade/recovery estimation of various ore blocks, for finding process bottleneck, and plan for blending 
or process change before the ore is actually mined.  

For geometallurgical purposes, the model that considers magnetic volume of the particle only was 
found sufficient. The developed model, which considers also particle size and gangue mineralogy, 
may not be portable to all wet magnetic separators but still it has a potential to be used in 
troubleshooting and optimization. Figure 24 shows the result of simulation where the particle size 
distribution of the studied feed was changed. The particle composition within each size fraction was 
kept as measured and only the mass proportion of each size fraction was changed using Rosin-
Rammler equation and fixing the parameter for the slope. The simulation draws a negative 
relationship between magnetite grade and recovery when the particle size distributing is changed; 
coarser grind gives higher recoveries. Considering production constraints, throughput and specific 
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energy, it would be possible to use the model to optimize the grind to reach the best economical 
result. 

 

Figure 24. Plant operational point and simulated magnetite grade-recovery curve by changing the particle size distribution 
of the feed 

5 Conclusion 

In the first part of the work, three different methods for the analysis of mineral grades were 
compared firstly in terms of precision and closeness (cf. trueness) but also with respect to their 
applicability in geometallurgy. For applicability detection limit, sample preparation, analysis time and 
costs were included in the evaluation.  

A combined technique of X-ray powder diffraction and element-to-mineral conversion has been 
developed and proposed to overcome the limitations of the other techniques. The combined method 
gives an estimate on both magnetite and hematite grades and can replace tedious Satmagan and wet 
chemical Fe2+ analysis. The way the optimum solution is obtained in the combined technique is novel. 
In addition, the introduced error model that uses mineral grades is new in the area of modal analysis. 
The combined technique requires further development to be able to deliver mineral grades that can 
exactly match with elemental analysis when back-calculated. 

Iron processing plant surveyed data was balanced in mineral by size and liberation level around wet 
LIMS unit. Particle tracking technique was applied to trace and find recoveries of particles into the 
wet LIMS concentrate. Particle level information i.e. liberation data was used to determine the 
behavior of binary and fully liberated particles in wet LIMS. Some totally new observations were 
made:  

• This is the first time that separation curves are shown for different kind of binary particles by 
size.  

• For the first time, the entrapment of coarse liberated gangue mineral particles in the 
magnetic concentrate has been documented.  
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A new particle-based model using the magnetic volume of a particle, particle size and gangue mineral 
composition of the particle and applying incomplete beta function was proposed to estimate 
recovery of particles into the concentrate. The simple model considering only magnetic volume was 
validated by forecasting the metallurgical performance of dry magnetic separation based on 
liberation data. The full model needs validation, but it shows a relatively good match with 
experimental data. In addition using the model to simulate the effect of changing the particle size of 
the feed to the magnetic separator gives the expected results.   

6 Future work 

Based on this work and scope of the geometallurgical approach using mineralogy, following tasks 
are proposed for future development: 

- Integration of combined EMC-XRD method to be used in mineral resource estimation 
- A method to forecast mixed particle population, i.e. liberation distribution, from ore texture 

and breakage 
- Particle-based process models for other unit operations important in iron ore processing 

(grinding, size classification,  flotation, gravimetric separation) 
- A full process simulation  where unit processes are using particle-based model 
- Methods to evaluate the error in geometallurgical prediction  
- Practices to define adequate accuracy for geometallurgical predictions 
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Abstract 
Knowledge of the grade of valuable elements and its variation is not sufficient for geometallurgy. 
Minerals define not only the value of the deposit, but also the method of extraction and 
concentration. A number of methods for obtaining mineral grades were evaluated with a focus on 
geometallurgical applicability, precision and trueness. For a geometallurgical program, the number of 
samples to be analyzed is large, therefore a method for obtaining mineral grades needs to be cost-
efficient, relatively fast, and reliable. Automated mineralogy based on scanning electron microscopy 
is generally regarded as the most reliable method for analyzing mineral grades. However, the 
method is time demanding and expensive. Quantitative X-ray diffraction has a relatively high 
detection limit, 0.5%, while the method is not suitable for some base and precious metal ores, it still 
provides significant details on gangue mineral grades. The application of the element-to-mineral 
conversion has been limited to the simple mineralogy because the number of elements analyzed 
limits the number of calculable mineral grades. This study investigates a new method for the 
estimation of mineral grades applicable for geometallurgy by combining both the element-to-mineral 
conversion method and quantitative X-ray diffraction with Rietveld refinement. The proposed 
method not only delivers the required turnover for geometallurgy, but also overcomes the 
shortcomings if XRD or EMC is used alone.   
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1. Introduction 
Geometallurgy is a cross-disciplinary approach that connects information from geology, mineral 
processing and subsequent downstream processes into a model in order to describe variability in the 
ore deposit to be used  in production planning and management (Dobby et al. 2004; Dunham & Vann 
2007; Jackson et al. 2011). Geometallurgy has gained attention in recent years and different 
approaches are used for implementation. It is natural to use mineralogy to some extent as a link 
between geology and mineral processing (Hoal 2008; Lamberg 2011). This is intuitive since minerals 
define the value of the deposit, the method of extraction, economic risk valuation and the 
concentration method (Hoal et al. 2013). 

A geometallurgical program is the industrial application of geometallurgy. It provides a way to map 
the variation in the ore body, handling the data and giving forecast on metallurgical performance on 
spatial level. The program also comprises a process to handle complex geological information and 
transfer them to geometallurgical domains to be used in process improvement, production planning 
and business decision-making. The program is an instrument that should evolve and change to 
ensure that geometallurgical domains address properly the metallurgical performance. 

Knowledge on the grades of valuable elements and their variation alone is not sufficient for 
geometallurgy. Firstly, in several ore types the distribution of the valuable elements is complex. For 
example in nickel sulfide ores, it is important to know the distribution of nickel between non-sulfides 
and the different sulfide minerals (Newcombe 2011). Similarly, in the process design and 
optimization for porphyry copper ores it is critical to know how much of copper is hosted in different 
sulfide and oxide minerals (Gregory et al. 2013). Secondly, the gangue minerals also play a crucial 
role in processing. For example in lateritic nickel ores, the gangue minerals have a direct effect on the 
acid consumption and permeability of the heaps (David 2008). In refractory and trace mineral ores, 
like gold and platinum group element ores, the gangue mineralogy defines the entire plant response. 
Therefore, elemental grades are not necessarily the best attribute to use for the estimation of 
recovery and ultimate value. Much of the sustainability and energy efficiency dimensions of 
geometallurgy are driven by mineralogy. Moreover, mineral grades are additive, which makes their 
geostatistical modeling relatively straightforward (Vann et al. 2011). 

Different levels of mineralogical and chemical information as summarized in Table 1 are routinely 
used for ore characterization in geometallurgical programs. They can be divided into following types 
with increasing complexity and details: (1) elemental composition, (2) qualitative mineralogy, (3) 
quantitative mineralogy , and (4) mineral textures (Jones 1987; Lamberg et al. 2013). In addition, 
geometallurgical programs commonly use (5) geometallurgical and (6) metallurgical testing (Kojovic 
et al. 2010; Lamberg et al. 2013). To gather this information into a geometallurgical program, the 
most cost- and time-efficient analysis methods should be selected.  Examples of the methods used in 
mineralogical characterization are (2) identification of minerals by X-ray diffraction (XRD), (3) analysis 
of mineral grades by quantitative X-ray diffraction (Monecke et al. 2001), and (4) deriving mineral 
liberation information by automated mineralogy based on scanning electron microscopy (SEM) 
(Fandrich et al. 2007). When considering different methods for obtaining the mineralogical 
information, the trueness and precision of the information must be known. Only then a selection of 
the most appropriate method can be done.  
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Table 1. Level of information and analysis methods commonly used in process mineralogical studies and geometallurgy 
Level Analysis result Commonly used analysis methods 
1. Elemental 
composition 

Chemical composition of samples X-ray fluorescence spectroscopy (XRF); 
dissolution + Atomic absorption 
spectroscopy (AAS) / Inductively coupled 
plasma optical emission spectrometry 
(ICP-OES) / Inductively coupled plasma 
mass spectrometry (ICP-MS)  

2. Qualitative 
mineralogy 

List of minerals present in samples, 
lithology 

X-ray diffraction (XRD); Optical microscopy 

3. Quantitative 
mineralogy 

Bulk mineralogy, i.e. mass proportion 
of minerals in samples (modal 
composition) 

Quantitative XRD; Element-to-mineral 
conversion (EMC); Automated mineralogy 

Chemical composition of minerals (as 
an extra measure to reconcile mineral 
grade with elemental grade) 

Electron probe micro-analysis (EPMA) with 
energy dispersive spectrometer (EDS)/ 
Wavelength dispersive spectrometer 
(WDS) 

4. Mineral textures Mineral grain sizes, grain shapes, 
associated minerals (rock samples), 
liberation  distribution of minerals in 
samples (particulate samples) 

Optical microscopy; SEM-based image 
analysis (MLA, QEMSCAN, TIMA, 
Mineralogic, IncaMineral); Electron 
backscatter diffraction (EBSD) 

 

In a mineralogical approach of geometallurgy, information of the mineral grades is required for the 
entire ore body (Lamberg 2011). SEM-based automated mineralogy is commonly regarded as the 
most reliable way of estimating mineral grades. Nevertheless, the method requires careful and 
tedious sample preparation and the method itself is costly and time-consuming (Lastra & Petruk 
2014). Therefore alternative methods such as quantitative XRD by  Rietveld analysis (Mandile & 
Johnson 1998) and the element-to-mineral  conversion method (Whiten 2007; Lamberg et al. 1997; 
Paktunc 1998; Lund et al. 2013) may offer better value than automated mineralogical analysis for 
estimating mineral grades, only if they can fulfill the requirements on trueness and precision.  

The element-to-mineral conversion method is a traditional and simple way to estimate mineral 
grades by simultaneously solving a set of mass balance equations formulated between chemical 
elements and minerals. The method is restricted to relatively simple mineralogy where the number 
of minerals is not larger than the number of analyzed components and the chemical composition of 
the minerals (mineral matrix) is known. Mathematically this can be written in the following form:  

 
𝐴 × 𝑥 = 𝑏 ;        �

𝑎11 ⋯ 𝑎1𝑛
⋮ ⋱ ⋮
𝑎𝑛1 ⋯ 𝑎𝑛𝑛

�× �
𝑥1
⋮
𝑥𝑛
� = �

𝑏1
⋮
𝑏𝑛
� (1) 

 

where 𝐴 is the matrix of the chemical composition of minerals, 𝑥 is the vector including the unknown 
mass proportion of minerals (bulk mineralogy) in the sample and 𝑏 is the vector of analyzed chemical 
composition of the sample. The unknown 𝑥 can then be determined e.g. using the nonnegative least 
squares method (Lawson & Hanson 1995). The element-to-mineral  conversion can be improved by 
using additional  mineral selective analysis methods such as bromine-methanol leaching for nickel 
ores (Penttinen et al. 1977), copper phase analysis for copper ores (Lamberg et al. 1997) and 
Satmagan analysis for iron ores (Stradling 1991).  
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The element-to-mineral  conversion should not be confused with normative mineralogy methods 
such as the CIPW Norm or the Cation Norm (Cross et al. 1902) which aims at allocating chemical 
compositions into minerals based on the order of mineral formation in rock. These techniques are 
frequently used in geochemistry and petrology for the classification of rocks. They suffer mainly from 
a preset mineral list with stoichiometric mineral compositions as well as from limitations when exotic 
minerals are present, which is common in ore deposit characterization. Hence, they are not suitable 
for geometallurgical purposes.  

Quantitative XRD methods include Known Addition, Absorption-Diffraction, Mineral Intensity Factors 
(MIFs) and Full-pattern-fitting (Kahle et al. 2002). The Rietveld is a full-pattern-fitting method and is 
regarded as a standardless method. Moreover, sample preparation, measurement and data analysis 
are considerably fast. Depending on the sample preparation, measurement conditions (X-ray source, 
data acquisition time) and crystallinity of the minerals, the detection limit can be as low as 0.5 weight 
percent. Spicer et al. (2008) have shown that it is possible to get reliable analysis on mineral grades 
for heavy mineral sands by the Rietveld method. Comparing with Mineral Liberation Analyzer (MLA) 
measurements the Rietveld results were not significantly different for rutile, zircon and ilmenite, but 
for magnetite and hematite the difference was significantly higher (König & Spicer 2007; Spicer et al. 
2008).  The differences were originated from the way that the two techniques detect magnetite and 
hematite. MLA under normal analyzing condition cannot distinguish well between hematite and 
magnetite. Nevertheless, the same total iron oxides of the two methods confirm that the problem is 
the discrimination between hematite and magnetite. Similarly, König et al. (2011) used the Rietveld 
analysis for phase quantification for sinter and slag from a steel plant.  

To improve bulk mineralogy estimation, a combination of the Rietveld and chemical analysis has 
been used by Berry et al. (2011). They applied a nonnegative least square algorithm with weighted 
values to estimate mineral grades. Their combined method was partially successful in overcoming 
the limit of determination of the Rietveld analysis which initially posed by XRD measurement. 

The number of samples to be analyzed for mapping the ore variation in a geometallurgical project is 
normally large (>10 000; Richardson et al. 2004). When selecting a method, one must consider 
several factors such as the costs, required time, availability, reliability, trueness and precision. 
Particularly the information on the precision of the method is frequently not available for the 
material to be studied. 

This study uses several types of iron ore samples to compare different methods of analyzing bulk 
mineralogy, i.e. mineral grades, to be applied in geometallurgy and process mineralogy. In the 
comparison of the methods, solely their potential to estimate mineral grades in bulk is considered. 
Additional information that some methods offer are considered in final evaluation of the methods. 
The element-to-mineral conversions, quantitative XRD by Rietveld analysis and SEM-based 
automated mineralogy are used in this study. An additional method called Combined EMC and XRD 
(or shorter: combined method) is developed in order to overcome some of the shortcomings in 
element-to-mineral conversion and quantitative XRD by Rietveld analysis. In addition, this paper aims 
to develop a model for describing precision and trueness in analysis of mineral grades. The model 
should cover the whole grade range (0-100 wt.%), be easy to use and be informative. 
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2. Statistical terminology 
Trueness is defined as “the closeness of agreement between the expectation of a test result or 
measurement result and a true value” whereas precision is the repeatability (or reproducibility) of 
the measurement method. Accuracy means “closeness of agreement between a measured quantity 
value and a true quantity value of a measurand” (Reichenbächer & Einax 2011). According to The 
International Vocabulary of Basic and General Terms in Metrology (VIM), accuracy is a qualitative 
concept and commonly regarded as a combination of trueness and precision.  

The trueness of a measurement method is achievable when it is possible to conceive a true value. 
However, in chemical and mineralogical analysis it is quite common that the true value is unknown. 
This can be overcome by establishing a reference to another measurement method or by preparing a 
synthetic standard or reference sample (ISO 5725-4:1994). The trueness and precision are normally 
expressed in terms of bias and standard deviation, respectively (Menditto et al. 2007). To validate 
correctly a method result, both terms must be considered. 

Commonly standards or artificially mixed samples are used for evaluating the trueness. For the 
analysis of mineral grades, standards are not commonly available. As this study aims to evaluate 
different analysis methods of mineral grades for practical geometallurgy, the usage of a synthetic 
sample was avoided. Synthetic samples would not represent the original textures, complexity and 
variation existing in natural samples. Moreover, using synthetic samples would lead to 
underestimating the error in the analysis of ore samples in practice.  

The alternative way to evaluate the trueness is to compare against a valid reference. However, the 
references such as XRF analysis for chemical analysis or SEM-based automated mineralogy for 
mineral grades cannot be regarded as true values. Therefore, when using these references for the 
estimation of the trueness, which is now unknown instead of the term trueness, the term closeness 
was selected to evaluate how close the results are compared to the references. 

Here, the precision of the methods is addressed by the standard deviation. The estimate of the 
standard deviation is done by replicate samples and replicate analyses. Repeating only the 
measurement gives the repeatability and repeating the sample preparation and measurement gives 
the reproducibility. In this study, the standard deviation calculated for XRF and quantitative XRD by 
Rietveld analysis is a measure of reproducibility, while for automated mineralogy it is a measure of 
repeatability.  

Based on boot strapping technique Evans and Napier-Munn (2013) suggested that the standard 
deviation in an analysis of mineral grades is proportional to the square root of the total area of 
particles measured. Moreover, they conclude that the model reflects the relationship between 
standard deviation and number of particles measured. Similarly, the standard deviation of an 
estimated mineral grade can be calculated with the formula: 

 
𝜎 = �

𝑝𝑞
𝑁

 (2) 

where 𝜎 is the standard deviation , 𝑝 is the measured mineral grade, 𝑞 is the value of (1 − 𝑝) and N 
is the number of particles measured (Mann 2010; Evans & Napier-Munn 2013). Comparatively, the 
relationship between relative standard deviation and average mineral grade can be modeled as: 

 𝑅𝑆𝐷 = 𝑎𝑥−0.5 (3) 
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where 𝑥 is the grade of mineral of interest, RSD is the relative standard deviation, and 𝑎 is a 
coefficient. The formula suggests that the relative standard deviation is proportional to the square 
root of the grade. This model was used in the following to estimate the (relative) standard deviation 
of the measurements for any mineral grade.  

The measurement of the closeness is more challenging. The paired t-test is often used for comparing 
two methods (e.g. Benvie et al. 2013). However, the t-test can be used to compare whether two 
methods give the same average value but it does not provide an easy way for estimating magnitude 
of the differences respect to a reference method. Nevertheless, the t-test was not completely 
rejected and it was used to validate the comparison of methods in two ways; by comparing mineral 
grades and back-calculated elemental grades against references. The selected references for 
evaluating mineral grades analysis and chemical composition were SEM-based automated 
mineralogy and XRF analysis, respectively.  

For the measuring of closeness, a Root-Mean-Square-Deviation (RMSD) was used besides the t-test 
(Hyndman and Koehler, 2006). Principally, RMSD aggregates the magnitude of deviations from the 
reference value into a single value. Mathematically, it is a concept similar to the standard deviation, 
but the term is used to describe an average deviation from the reference. This is used as the degree 
of closeness and is expressed as follows: 

 
𝑅𝑀𝑆𝐷 =  �

∑ (𝜇 − 𝑥𝑖)2𝑛
𝑖=1

𝑛
 (4) 

 

 𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑅𝑀𝑆𝐷 = 100 ×
𝑅𝑀𝑆𝐷
�̅�

 (5) 

where n is the number of measurements, 𝜇 is the reference value, 𝑥𝑖 is the measured value and �̅� is 
average of the reference values. The Relative RMSD can be calculated for each mineral and element 
with different methods. The method showing smallest variation around the reference value (i.e. a 
lower RMSD) is regarded as the closest to the truth.  

3. Materials and methods 

3.1 Samples 
Northern Sweden is a significant mining district in Europe and characterized by diverse styles of 
mineralization including Fe oxide, Cu±Au and Au ores. More than 40 different iron ore deposits are 
known in the area and they all have a variation in character based on the ore type, main ore minerals 
and alteration features etc. (Bergman et al. 2001). The Fe content varies between 25-70% and the P 
content up to 5%. The main minerals are magnetite and hematite and the gangue minerals are 
apatite, amphibole, feldspars, clinopyroxene and quartz. Garnet and calcite are present in some of 
the deposits (Lund 2013). 

A total of 20 ore and process samples from different iron ore deposits in Northern Sweden were 
collected for this study. The iron grade in the ore samples (drill cores) varied from 21.3 % to 63.0 % 
Fe and the ore samples were classified as semi-massive hematite ore and massive magnetite ore 
(Niiranen 2006). 
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The samples, for different analyses, went through multiple sample preparation steps. From crushed 
samples, a part was taken for a preparation of resin mounts. The remaining part was pulverized in 
the disc mill and split into two parts. The first part was used for X-ray fluorescence analysis, and the 
second was further ground with a swing mill. The fine powder was used for filling the back-loading 
holders with an opening of 26 mm in diameter for X-ray diffraction analysis. The p80 of the powder 
was 20 micron. 

3.2 Methods 

3.2.1 Elemental assays 
Chemical analyses of the samples (Table 2) were done at chemical laboratory of Luossavaara-
Kiirunavaara AB (LKAB) using the company’s standardized methods. X-ray fluorescence spectrometry 
(MagiX FAST, PANalytical) was used for the 11 major and minor elements. Divalent iron was analyzed 
by the titrimetric method (ISO 9035) and the mass proportion of magnetic material was measured 
with the Saturation Magnetic Analyzer (Satmagan) model 135 (Stradling 1991). A calibration of the 
Satmagan analysis was done to give similar results as with the titrimetric Fe2+ method; i.e. for a pure 
magnetite sample, the Satmagan value was 24.3%. 

Table 2. Chemical analyses of samples as wt.% by XRF and Satmagan (Sat.) method.  
Sample Na Mg Al Si P K Ca Ti V Mn Fe Sat. (%) 

1 0.16 0.72 0.68 2.5 0.21 0.26 0.8 0.318 0.138 0.039 64.7 21.6 

2 0.00 0.52 0.17 1.1 0.17 0.04 0.4 0.042 0.049 0.085 68.5 14.5 

3 0.00 0.52 0.06 0.1 0.07 0.00 0.1 0.024 0.052 0.093 70.9 17.1 

4 0.00 0.50 0.17 0.8 0.37 0.03 0.8 0.078 0.050 0.070 66.2 6.5 

5 0.00 0.51 0.05 0.0 0.03 0.00 0.1 0.018 0.052 0.093 71.2 17.2 

6 0.00 0.16 0.12 3.6 0.40 0.03 2.6 0.018 0.026 0.101 62.8 3.1 

7 0.00 0.28 0.14 4.9 0.76 0.02 4.6 0.024 0.022 0.101 56.0 0.3 

8 0.00 0.13 0.10 4.1 0.35 0.01 3.7 0.024 0.025 0.101 59.1 0.5 

9 0.00 0.52 0.22 7.0 1.73 0.05 7.3 0.030 0.020 0.132 46.3 0.7 

10 0.00 0.23 0.12 4.6 0.48 0.02 4.2 0.024 0.025 0.108 57.3 0.5 

11 0.00 0.27 0.13 5.1 0.80 0.03 4.9 0.024 0.025 0.116 55.4 0.6 

12 0.04 1.30 0.46 4.8 0.10 0.26 1.2 0.246 0.192 0.050 59.0 21.1 

13 0.01 0.95 0.18 2.9 0.45 0.05 1.3 0.192 0.192 0.053 63.0 21.5 

14 0.36 1.50 1.17 6.6 1.17 0.10 5.1 0.078 0.071 0.084 47.9 16.2 

15 0.26 2.07 0.95 6.7 0.97 0.31 3.5 0.120 0.082 0.053 49.3 16.6 

16 0.75 2.82 3.72 19.7 0.24 0.69 2.7 0.186 0.017 0.039 21.3 7.3 

17 0.05 2.32 2.48 12.3 0.02 1.54 1.2 0.168 0.039 0.085 39.6 12.0 

18 0.37 1.34 1.05 4.8 0.66 0.52 3.0 0.360 0.088 0.093 56.6 18.1 

19 0.01 0.17 0.11 0.5 0.06 0.07 0.8 0.126 0.110 0.070 70.0 23.9 

20 0.30 0.69 0.71 3.3 0.41 0.34 1.7 0.240 0.097 0.077 62.3 20.1 

* Margin of error (± 2δ) for XRF assays can be calculated by ±0.013 × √𝑥 where x is the elemental assay 

3.2.2 Quantitative X-ray diffraction with Rietveld analysis 
The first trial of the X-ray powder diffraction analyses were done at Luleå University of Technology 
(LTU) using a PANalytical Empyrean X-ray diffractometer equipped with a copper tube, Pixel3D 
detector and pyrolytic graphite monochromator. The 2θ range was from 5 to 75° with a step size of 
0.02°. These conditions resulted in a total measurement time of 150 minutes for a single XRD scan. 
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Mineral phases were identified using HighScore Plus Version 3 software package and the 
Crystallography Open Database (COD). In the Rietveld refinement background correction, scale 
factors, unit cells, preferred orientations, and profile variables were included.  

X-ray diffraction and Rietveld refinement with a copper tube and monochromator on the iron ore 
samples led to underestimation of iron mineral phases (Parian & Lamberg 2013). This was mainly due 
to microabsorption (Pederson et al. 2004) and also fluorescence radiation of the iron ore samples by 
copper tube. Therefore, samples were reanalyzed at the Geological Survey of Finland (GTK) with 
PANalytical CubiX3 industrial XRD system equipped with Cobalt tube and X’Celerator detector. Phase 
identification and Rietveld refinement afterwards was same as described previously. 

Additionally, two of the samples were measured several times in Helmholtz-Institute for Resource 
Technology in Freiberg using PANalytical Empyrean, equipped with a Cobalt tube, monochromator 
and Xe proportional counter detector. The step width and 2θ range was same as previous 
measurements. The Rietveld refinement on these data was done by BGMN (BGMN by Bergmann et 
al. (1998)) and these data are used for estimating error for X-ray diffraction and Rietveld refinement. 

3.2.3 Automated mineralogy 
Automated mineralogy is commonly regarded as the most reliable method for the analysis of mineral 
grades. In ore projects, normally 0.3 -2.0 m long drill core sections are collected for chemical assays 
and mineralogical study. However, crushed drill core has a wide size particle distribution, which is a 
problem in the analysis of mineral grades both in sample preparation and in measurement. In the 
preparation of resin mounts, crushed samples tend to segregate, i.e. large and dense particles are 
enriched in the lower part of the resin. This leads to a bias in particle size distribution as well as in the 
analysis of mineral grades (Kwitko-ribeiro 2012). Therefore, the common procedure is to first size the 
samples into narrow size fractions, which is a measure used to minimize analysis error when the 
focus is on quantitative textural measurements, i.e. liberation etc.  

When assaying a large number of samples (>10000), sizing is not an option since it multiplies the 
number of samples to be analyzed. Hence, a different approach was taken using unsized samples. To 
minimize the segregation, the samples were “double sectioned” also known as vertical sectioning. 
This technique is commonly used in several mineralogical laboratories and has been validated to 
reduce the sample segregation significantly (Kwitko-ribeiro 2012). In double-sectioning samples were 
first mold in resin and after hardening sawed into slices. The slices were thereafter arranged in 
another mold in a way that they show the sedimentation profile towards the side to be analyzed 
(Kwitko-ribeiro 2012). Using unsized samples in the analysis of mineral grades introduces an 
additional error but as shown by Lastra and Petruk (2014) this is not significant for mineral grades. 

A Merlin SEM - Zeiss Gemini (FESEM, Luleå University of Technology, Sweden) with Oxford 
Instrument EDS detector and IncaMineral software was used for automated mineralogy analyses. 
The IncaMineral system combines backscattered detector images with EDS information in the 
analysis of automated mineralogy (Liipo et al. 2012). Within the IncaMineral software, the raw 
analysis data is stored in a database and mineral identification and quantification can be done either 
during analysis or retrospectively. To obtain a reliable estimate, the number of particles analyzed for 
the mineral quantification was at least 10,000. In this study, mineral identification was done based 
on back-scattered information and EDS analysis. Developed software at Luleå university of 
Technology was used for post-processing the data i.e. mineral identification, reporting mineral 
grades and chemical composition of a sample. 
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To confirm IncaMineral results quality, two resin mounts samples were analyzed at the 
Geometallurgy Laboratory, Technical University of Freiberg by Mineral Liberation Analyzer (MLA) 
system which was equipped with FEI Quanta 650F and two Bruker Quantax X-Flash 5030 energy-
dispersive X-ray spectrometers. 

The automated mineralogy analysis provided a mineral list, which includes more than 15 phases. In 
some of the samples, even several types of one mineral were found, e.g. several amphiboles. For 
geometallurgy, this is not practical and some simplification is necessary. The simplification is also 
required for comparing the methods. Therefore, the main phases in the samples were classified into 
groups of albite (Ab), actinolite (Act), apatite (Ap), biotite (Bt), diopside (Di), orthoclase (Or), quartz 
(Qtz), andradite (Adr), scapolite (Scp), calcite (Cal), magnetite (Mgt) and hematite (Hem). The 
chemical compositions of the minerals (Table 3) was provided by LKAB and partly taken from a 
previous study from LKAB’s mine in Malmberget (Lund 2013). This information was also verified by 
automated mineralogy as the IncaMineral system provides the chemical composition of each 
analyzed grain and based on that an average composition of each phase can then be calculated. 

Table 3. Chemical composition of minerals (“the mineral matrix”) as wt.%.  

 Mgt Hem Qtz Ap Cal Ab Bt Act Di Adr Scp Or 

C % 0.00 0.00 0.00 0.00 12.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

O % 27.42 30.14 53.24 39.32 50.83 50.06 43.61 47.89 44.12 42.71 50.19 49.69 

F % 0.00 0.00 0.00 3.72 0.00 0.00 0.00 0.00 0.11 0.00 0.00 0.00 

Na % 0.00 0.00 0.00 0.00 0.00 5.11 0.02 0.02 0.00 0.00 7.35 0.11 

Mg % 0.01 0.00 0.00 0.07 0.00 0.00 10.26 10.09 7.68 0.71 0.00 0.13 

Al % 0.05 0.03 0.00 0.00 0.00 10.78 6.91 0.99 0.12 0.20 9.66 8.01 

Si % 0.00 0.00 46.72 0.00 0.00 33.98 19.60 25.30 24.92 10.20 23.76 27.39 

P % 0.00 0.00 0.00 16.06 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 

Cl % 0.00 0.00 0.00 0.28 0.00 0.00 0.00 0.00 0.00 0.00 2.03 0.01 

K % 0.00 0.00 0.01 0.00 0.00 0.00 6.55 0.11 0.00 0.00 0.41 14.39 

Ca % 0.00 0.00 0.01 40.39 37.17 0.04 0.00 7.55 15.58 22.31 6.20 0.09 

Ti % 0.05 0.20 0.00 0.00 0.00 0.01 2.24 0.01 0.00 0.15 0.00 0.00 

V % 0.04 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Mn % 0.00 0.00 0.00 0.00 0.00 0.01 0.04 0.04 0.01 0.01 0.00 0.00 

Fe % 72.43 69.56 0.02 0.16 0.00 0.01 10.77 8.00 7.46 23.71 0.40 0.17 

Sat. % 24.12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
 

3.2.4 Element-to-mineral conversion (EMC) and combined method using EMC and XRD 
Rietveld analysis 

EMC method is the fastest and the most practical method of obtaining mineral grades when the 
existing minerals and their chemical compositions are known. Principally, the EMC method solves a 
system of linear equations where mineral grades are the unknown variables. In cases where the 
linear system is not determined, the least-square method can be applied to find an approximate 
solution. Negative solutions are not acceptable for mineral grades, thus a nonnegative method is 
used. Several numerical methods exist for solving the system of equations with non-negativity 
constraints. These include the nonnegative least-square algorithm (NNLS) (Lawson & Hanson 1995), 
the Barzilai-Borwein gradient projection algorithm, the interior point Newton algorithm, the 
projected gradient algorithm, and the sequential coordinate-wise algorithm (Cichocki et al. 2009).  
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Based on the information available (elemental assays and chemical composition of minerals), mineral 
grades can be calculated by the nonnegative least-square method. However, here the system of 
linear equations is underdetermined by having 12 unknowns (mineral grades) and 9 equations 
(reliable elemental assays and Satmagan). Therefore, mathematically this system of linear equations 
does not have a unique solution not even when non-negativity constraint is added. Practically this 
means that mineral grades are calculated for nine phases and for other phases, the solution gives 
zero grades. 

The calculation of mineral grades with the EMC method can be done sequentially, i.e. system of 
equations can be divided into two or more set of equations, and each set forms a calculation round 
of its own. The rounds are solved sequentially and the residual chemical composition of the round 
will be used in the following round. EMC with rounds enables  to have a better control on important 
elements and to reach a solution where the back-calculated chemical composition matches perfectly 
with assays for selected elements (Lund et al. 2013). 

Generally, the combined EMC-XRD method originated to overcome limitations of EMC and XRD. It 
takes mineral grades by the Rietveld analysis as an initial estimate and changes mineral grades to 
minimize the following function: 

 𝑓(𝑥) = |𝑏 − 𝐴 × 𝑥| (6) 

where 𝑏 is the vector of chemical composition of the sample, 𝐴 is the matrix of chemical composition 
of minerals , and 𝑥 is the vector of mineral grades, i.e. unknown to be solved. The absolute minimum 
of 𝑓(𝑥) would be the results of simple element-to-mineral conversion method by the methods 
described above (e.g. NNLS). However, finding a local minimum of 𝑓(𝑥) close to the original Rietveld 
values was found to be more appropriate solution and therefore the Levenberg-Marquardt algorithm 
(Bates & Watts 1988) was used in the combined method. 

Optimizing functions in MATLAB were used for advanced combination of XRD and XRF data for 
solving the mineral grades. This is referred to as the combined EMC-XRD method.  

4. Results 

4.1 Analysis of mineral grades in the samples 
It is essential to have a good estimate of the magnetite hematite ratio since this ratio defines the 
process line the ore is fed into (Alldén Öberg et al. 2008). Furthermore, the apatite grade is used to 
classify the iron ores in Kiruna ore deposit (Niiranen & Böhm 2012). The phosphorous content of the 
final concentrate is a quality criterion; for instance in the Low Phosphorous Sinter Feed (MAF) the 
maximum acceptable grade is 0.025% P (LKAB 2014).  

From geometallurgical point of view, magnetite, hematite and apatite are the most important 
minerals. The analysis results for these minerals by different methods are compared in Table 4. It 
should be noted for the magnetite grade by EMC, Satmagan analysis was used while this was not 
used in the combined method. Distinguishing magnetite and hematite in automated mineralogy is 
challenging and requires careful and precise setting (Figueroa et al. 2011). For apatite, the detection 
limit of XRD can be as low as 1 wt.%. However, the combined method should allow overcoming this 
limit by taking XRF analysis into account. 
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Table 4. Analysis of mineral grades for the most important minerals: magnetite, hematite and apatite 

 Magnetite (wt.%) Hematite (wt.%) Apatite (wt.%) 

Sample EMC XRD CMB EMC XRD CMB EMC XRD CMB AM 

1 88.57 89.6 88.27 0.00 0.0 0.05 1.24 0.0 1.25 1.1 

2 60.12 74.6 72.43 35.30 24.6 22.50 0.43 0.0 0.41 0.34 

3 70.90 78.9 78.17 27.92 21.1 20.39 0.25 0.0 0.11  
4 26.95 29.4 27.84 66.63 67.2 65.66 1.65 1.2 1.64  
5 71.31 79.9 79.38 27.97 20.1 19.60 0.19 0.0 0.08 0.01 

6 12.86 12.0 15.09 76.71 69.4 72.10 2.36 3.0 2.35  
7 1.25 0.0 1.06 78.88 74.4 75.22 4.49 4.5 4.48 2.39 

8 2.08 0.0 0.84 82.64 79.8 80.50 2.07 2.1 2.07  
9 2.91 0.0 0.90 62.92 60.3 60.88 10.22 11.7 10.21 10.46 

10 2.08 0.0 2.70 79.94 72.3 74.60 2.84 2.8 2.44 3.17 

11 2.49 0.0 1.58 76.73 72.6 73.84 4.73 4.1 4.72  
12 81.18 85.1 79.79 0.00 0.0 0.05 0.57 0.0 0.60  

13 86.44 84.6 85.17 0.00 0.0 0.79 2.08 2.2 2.14  

14 64.89 66.2 64.01 0.00 0.0 0.00 6.90 5.2 6.92  

15 66.27 66.6 65.60 0.00 0.0 0.07 5.43 4.7 5.56  

16 26.75 27.8 25.62 0.00 0.0 0.00 1.40 0.0 1.42  

17 49.76 49.3 50.53 1.14 0.0 0.67 0.11 0.0 0.11  

18 75.04 78.0 76.36 0.12 0.0 0.02 3.89 3.5 3.88 2.97 

19 96.87 98.3 96.39 0.00 0.0 0.02 0.35 0.0 0.35 0.14 

20 83.33 82.2 83.26 1.43 0.0 1.81 2.41 2.3 2.42  
EMC: Element-to-mineral conversion, XRD: Quantitative XRD by Rietveld analysis, CMB: Combined EMC-XRD, AM: SEM-
based automated mineralogy 
 
Having a good estimate of the gangue silicate minerals in the ore is crucial considering that silica is 
one of the quality requirements for an iron concentrate. The main silicate minerals in the samples 
are albite, actinolite and biotite. Iron bearing garnet i.e. andradite is found with calcite in samples 
(Frietsch 1980). Occurring minor silicates include scapolite, diopside, orthoclase and quartz. The 
silicate minerals are not generally considered when classifying the ores of LKAB (Niiranen & Böhm 
2012). However, the silica content of the final product must be below certain values, e.g. for Low 
Phosphorous Sinter Feed (MAF) the limit is 0.80% SiO2 (LKAB 2014). Adolfsson and Fredriksson (2011) 
observed that silica content in the concentrate does not directly correlate with the silica grade in the 
ore. This refers to that the silicate minerals do not all behave in the same way in iron ore processing. 
For example biotite tends to be enriched in fine particle sizes (Westerstrand 2013) where the 
separation efficiency in concentration is poor, while andradite can end up to concentrate if magnetic 
separator was not properly tuned. 

Considering iron ore processing, biotite, andradite and silicate minerals have significance. Estimation 
of the biotite and andradite grade by EMC is underestimated and therefore wrong (Table 5). This is 
due to the presence of many silicate minerals and the lack of enough assay variables to estimate 
them correctly. Comparing to automated mineralogy results, in some samples, the Rietveld analysis 
overestimated the biotite grade which could be due to preferred orientation and partly very low 
content resulting in high relative errors (Kleeberg et al. 2008). On the other hand, all methods gave 
more or less similar grades for other silicate mineral estimations, i.e. the sum of albite, actinolite, 
diopside, quartz and scapolite. 
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Table 5. Analysis of mineral grades for biotite, andradite and other silicates, which includes scapolite, diopside, orthoclase, 
and quartz 

 Biotite (wt.%) Andradite (wt.%) Other silicates (wt.%) 

Sample EMC XRD CMB AM EMC XRD CMB AM EMC XRD CMB AM 

1 4.32 1.4 4.75 1.63 0.00 0.0 0.18 0.08 5.27 9.0 5.08 7.04 

2 1.14 0.8 1.72 0.16 0.00 0.0 0.08 0.04 3.49 0.0 2.75 0.19 

3 1.07 0.0 0.35  0.00 0.0 0.07  0.16 0.0 0.60  
4 1.39 1.7 2.05  0.00 0.0 0.00  2.24 0.5 1.78  
5 0.86 0.0 0.29 0.09 0.00 0.0 0.04 0.02 0.00 0.0 0.46 0.02 

6 0.00 0.0 0.00  0.00 7.1 6.81  8.40 7.3 6.76  
7 0.00 0.0 0.00 0.72 0.00 12.1 11.58 17.08 11.81 8.0 8.89 10.49 

8 0.00 0.0 0.00  0.00 10.3 10.30  9.42 6.1 6.82  
9 0.00 0.0 0.92 0.92 0.00 13.3 12.31 15.04 17.34 13.2 13.58 12.98 

10 0.00 0.6 0.00 0.36 0.00 16.2 14.19 15.05 10.92 8.1 7.25 6.88 

11 0.00 0.0 0.00  0.00 12.1 11.53  12.13 9.7 9.26  
12 0.00 2.3 4.74  0.00 0.0 0.05  13.69 12.6 12.19  
13 0.70 0.2 2.21  0.00 0.0 0.00  9.00 11.7 8.26  
14 0.00 1.1 2.10  0.00 0.0 1.24  22.13 27.5 20.90  
15 0.86 3.0 3.77  0.00 0.0 0.00  22.44 25.0 21.46  
16 4.65 13.3 11.53  0.00 0.0 0.51  54.62 58.7 51.69  
17 14.28 31.4 21.78  2.32 0.0 0.55  22.97 13.4 18.48  
18 7.95 4.9 8.33 3.73 3.83 0.0 0.00 0.38 10.27 10.8 10.48 8.21 

19 0.00 0.0 1.14 0.34 0.00 0.0 0.05 0.12 0.93 0.0 0.78 0.42 

20 5.06 1.0 4.84  1.02 0.0 0.23  7.26 13.3 7.31  
EMC: Element-to-mineral conversion, XRD: Quantitative XRD by Rietveld, CMB: Combined EMC-XRD, AM: SEM-based 
automated mineralogy 

 

4.2 Precision of the analyses 
Repeats and replicates were used for estimation of the standard deviation of the analyses. For 
establishing the error model for precision, the relative standard deviation against mineral grade was 
fitted with equation (3). In principle, the error model gives the coefficient of variation (i.e. relative 
standard deviation) for the mineral grade of interest (Figure 1). Generally a good fit between 
experimental data and model equation was achieved. Comparatively, the precision of the methods 
from the best to the worst are: 1) automated mineralogy, 2) element-to-mineral conversion, 3) 
quantitative XRD with Rietveld for simple mineralogy, 4) combined EMC-XRD, and 5) quantitative 
XRD with Rietveld for complex mineralogy. This means, for example, for an average ore sample with 
70% magnetite (or hematite) the precision of the methods (i.e. uncertainty in 95% confidence level) 
vary from ±0.57 to ±3.68 wt.%. This can be regarded as acceptable in geometallurgy. However, for 
apatite and silicate minerals the error is larger. For example for 1% mineral grade, the coefficient of 
variation is between 4 and 22% (standard deviation 0.04-0.22 wt.%). The error is too high for 
technical work like resource estimation or process mineralogy (Pitard 1993) but the analysis quality is 
still good enough for geometallurgical purposes like domaining.  
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Figure 1.Relative standard deviation against mineral grades (CMB, AM, XRD). Curves for different methods derived from 

replicates and repeats. For Element-to-mineral  conversion (EMC) and combined method (CMB) curves are generated using 
Monte Carlo simulation. For calculating relative standard deviation of combined method, relative standard deviation of XRD 

with complex mineralogy is used. The dashed vertical line at 1% mineral grade shows the detection limit of XRD 
 

4.3 Closeness of the analyses 
For quality control, two resin mounts analyzed by IncaMineral were also analyzed by Mineral 
Liberation Analyzer (MLA). Comparing analyzed minerals by IncaMineral against MLA analysis (Table 
6), mineral grades by IncaMineral are close to MLA mineral grades, which suggest that the two 
methods are giving similar results. 

Table 6.  Comparing mineral grades by IncaMineral (INCA) system and Mineral Liberation Analyser (MLA) system. For INCA 
95% confidence interval is given 

 Fe oxide Apatite Biotite Andradite Other silicates 

 MLA INCA MLA INCA MLA INCA MLA INCA MLA INCA 

a 89.90 89.83±0.68 1.12 1.01±0.07 1.74 1.51±0.09 0.00 0.07±0.02 6.38 6.82±0.19 

b 77.53 77.68±0.63 3.62 3.33±0.13 1.95 1.43±0.09 0.00 0.06±0.02 16.32 17.14±0.30 

 

Automated mineralogy analysis results were used as the reference values when comparing closeness 
of the methods. The paired t-test implies that generally XRD, combined EMC-XRD and EMC do not 
give significantly different results compared to automated mineralogy (Table 7). Meanwhile, relative 
RMSD shows that the difference between the automated mineralogy and EMC is relatively higher 
than that of the other methods (Figure 2 and Table 7). Relative RMSD reveals that XRD results for 
iron oxide is closest to automated mineralogy while paired t-test suggests XRD results are slightly 
positively biased. 
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Table 7. Closeness of analysis methods for mineral grades by paired t-test and RMSD against automated mineralogy as the 
reference. 

 t value RMSD 

  XRD CMB EMC XRD CMB EMC 

Fe oxides 2.82* 1.81 2.20 4.77 6.31 8.76 

Apatite -0.07 -0.52 -0.31 1.80 1.56 1.54 

Biotite 0.56 1.53 1.49 0.79 1.59 1.74 

Andradite -1.38 -2.06 -2.21 1.74 2.12 9.64 

Other silicate -0.16 0.63 2.20 1.63 1.61 2.41 

        
t critical ±2.26 ±2.26 ±2.26       

* Absolute value of t is greater than critical value indicating statistically significant difference in results between automated 
mineralogy and the method 

 

 
Figure 2. Relative RMSD against mineral grades (EMC, XRD, CMB). Curves for different methods derived from fitting 
calculated RMSD for experimental data with equation 3. Relative RMSD values are calculated by equations 4 and 5 

 

The alternative way of evaluating closeness was by regarding XRF analysis as the reference value and 
comparing back-calculated chemical compositions of the samples against it. Paired t-test results 
suggest that combined EMC-XRD and EMC methods give significantly different mean values for the 
chemical composition (Table 8). However, relative RMSD indicates all the methods in terms of 
deviations from XRF assays are in the same range (Figure 3). In other words, the deviation from the 
true (i.e. reference) value in all the methods is about equal. 
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Table 8. Closeness of analysis methods for elemental grades by paired t-test and RMSD against XRF analysis as the 
reference 

 
t value by paired t-test RMSD 

Chemical Assays XRD CMB EMC AM XRD CMB EMC AM 

Na 1.39 1.27 -0.36 2.85* 0.35 0.13 0.03 0.15 
Mg -2.75* -2.07 -3.43* -1.06 0.36 0.14 0.15 0.37 
Al 0.86 -0.34 2.17* 1.34 0.47 0.06 0.05 0.28 
Si 2.40* 2.03 1.48 0.42 0.92 0.05 0.06 1.01 
P -3.69* -5.52* -5.40* 0.40 0.14 0.06 0.05 0.29 
K -0.06 4.35* -0.23 0.25 0.26 0.05 0.01 0.12 

Ca -0.94 2.72* 1.77 0.81 0.60 0.02 0.02 1.05 
Ti 0.78 1.75 -0.22 5.18* 0.18 0.13 0.12 0.19 
V -2.19* -2.17* -2.03 -1.52 0.06 0.06 0.07 0.04 

Mn -12.97* -12.80* -13.60* -8.97* 0.08 0.08 0.08 0.08 
Fe -0.19 -1.17 2.57* -1.42 1.91 0.01 0.15 3.40 

Satmagan 0.47 0.12 -2.67*  1.12 1.09 0.47  

          
t critical ±2.09 ±2.09 ±2.09 ±2.26         

* absolute value of t is greater than critical value indicating statistically significant difference between analyzed chemical 

composition (XRF) and back calculated composition from the mineral composition.  

 
Figure 3. Relative RMSD against elemental grades (AM, EMC, CMB, XRD). Curves for different methods derived from fitting 

calculated RMSD for experimental data with equation 3. Relative RMSD values are calculated by equations 4 and 5. 

5. Discussion 
Reliable analysis of mineral grades is a crucial part of resource characterization, process mineralogy, 
and geometallurgy. It is a prerequisite for deportment analysis, mineralogical mass balancing and 
modeling and simulation of mineral processing circuits. Recently automated mineralogy has become 
the major method for the analysis of mineral grades. In geometallurgy the method, however, is far 
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too expensive and time demanding. When there is a need for assaying mineral grades in thousands 
of ore samples, sizing to narrow size fractions is needed and the total number of samples for the 
analysis becomes very big. Therefore, an alternative method is needed for better value. 

Quantitative X-ray diffraction with Rietveld analysis has been proposed as a quick mineralogical 
method for geometallurgy. Challenges in the method are the detection limit and general doubts 
about its precision and trueness when there is complex mineralogy. Partially, these challenges can be 
overcome by proper sample preparation (Pederson et al. 2004). For iron ores, when there are large 
variations in the grade of iron oxide, phyllosilicate, and minor phases in the samples, sample 
preparation needs to be adapted carefully for different grade ranges. Additionally, to obtain best 
results from Rietveld refinement, the radiation source, the effective particle size to minimize micro-
absorption, and the proper way of filling sample holder to minimize preferred orientation must be 
sensibly selected. When aiming for practical solution in this study not all these conditions were 
optimum. 

Instead of using quantitative X-ray diffraction for getting exact mineral grades, the method has been 
used for classifying purposes, such as geometallurgical domaining and ore block grading (Paine et al. 
2011). This may work in high-grade ores like iron, aluminum and industrial minerals. However, in the 
case of precious and most of the base metal ores the detection limit creates limitation, which restrict 
that the classification is capable to work only with main minerals, which may not be the most 
relevant for geometallurgical domaining and purposes. 

A combined method using weighted values (Berry et al., 2011; Roine, 2009) provides an alternative 
to adjust mineral grades to match the Rietveld analysis results and chemical assays, but its problem is 
how to define the weighting factors in order to get reliable results. Weighting factors can be set 
based on the uncertainties of the elemental and mineral grade, but still this approach cannot 
overcome limitations such as XRD detection limit and high error in low mineral grades. Combined 
EMC-XRD method developed here, does not use weighting factors but can still find the closest 
solution to match both the Rietveld analysis results and chemical assays. Knowing the error model, 
more constraints can be established for estimating mineral grades by combined method.  

Any technique for the analysis of mineral grades in a geometallurgical program requires careful 
mineralogical study before the method is routinely applied. In combined method, the mineralogical 
study must provide information on the list of all possible minerals, their crystal structure, and their 
chemical composition. The mathematical method used in solving the set of linear equations must be 
developed for each ore body separately. 

However, combined method is not a universal solution for every situation as it is. Principally, the 
algorithm for estimating mineral grades can take as many restrictive constraints as needed. 
Therefore, if several minor minerals are present in the sample but the information for calculating 
mineral grades insufficient, the combined method requires additional constraints to converge to the 
optimal solution. In addition, the assumption used here is that the chemical composition of minerals 
is known and does not vary. Strictly speaking, this is not a realistic assumption, but it simplifies the 
complex situation for finding a bridge between elemental assays and mineral grades. 

It is relatively rare to find error estimation for the analyses of mineral grades published in the 
literature and research reports. For quality control, back-calculated chemical composition is often 
plotted against the analyzed ones (e.g. Berry et al., 2011, Hestnes and Sørensen, 2012).  As these 
illustrations visualize the quality, they do not quantify how big the difference really is. Paired t-test is 



17 
 

used but as was shown in the results, it fails in measuring how close the results are. In addition, it 
requires that standard deviations are equal and not dependent on the grade, which is unrealistic 
assumption. Relative RMSD is an informative and effective way of measuring the closeness. The 
calculation is similar to the standard deviation, which makes it straightforward and portable for 
several purposes like mass balancing and modeling.  

The precision and degree of trueness of an analysis for mineral grades are dependent on the 
abundance of a phase in a sample and the number of observations collected. In automated 
mineralogy, this depends on the number of particles and grains analyzed. In X-ray techniques (X-ray 
diffraction and X-ray fluorescence), the ratio of signal to noise, thus analysis time, plays the role. 
Here a simple equation was used to describe the standard deviation and the RMSD in the wide grade 
range where analysis conditions are the same as commonly used in process mineralogy. This 
approach is practical when individual standard deviations are needed for measurements. Examples 
of such problems are circuit mass balancing and Monte Carlo simulations.  

The methods available for obtaining mineral grades either directly (such as quantitative XRD by 
Rietveld analysis and automated mineralogy) or indirectly (EMC and combined EMC-XRD) have 
different advantages and disadvantages. Table 9 compares the different methods and their 
applicability in geometallurgy. To be used for metallic ores, the detection limit must be lower than 
1%, which excludes XRD. In geometallurgical programs, the number of samples to be analyzed during 
developing a deposit model is high, several thousand in a year. Therefore, the requirements on 
sample preparation and analysis time and costs exclude the usage of automated mineralogy as a 
routine tool for the analysis of mineral grades in geometallurgy. Even though element-to-mineral 
conversion has good repeatability, it suffers from poor trueness in most of the real geometallurgical 
cases. This is due to a larger number of unknowns (minerals) than known quantities (chemical 
elements assayed) which makes the system mathematically underdetermined. Hence, the combined 
method is superior and fulfills the requirements to be used in ore characterization and deposit 
modeling for geometallurgy.  

The problem remaining is that with the combined method the back-calculated chemical composition 
does not match perfectly with the chemical assays of the commodity elements. The challenge is that 
as resource geologists and metallurgist have a long tradition to work with chemical assays, they find 
it difficult to take parallel mineralogical information that is not fully consistent with chemical assays. 
Weighting can be a solution for that but more work is needed to establish solid grounds for defining 
the weighting factors and to control that weighing does not cause the mineral grades to drift too far 
away from the true mineral composition. For a selection of the best possible option further 
information regarding practical considerations such as sample preparation, costs and detection limit 
is necessary (Table 9). Some methods such as SEM-based automated mineralogy provide textural 
information that is not possible to obtain by other methods. 
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Table 9. Comparison of different methods for obtaining mineral grades 
Parameter XRD with Rietveld Automated Mineralogy EMC** Combined 
Detection limit (wt.%) 1 0.01 0.01 0.01 
Sample preparation time 
(minutes) 45 480 0 45 

Analysis time (minutes) 90 240 0 90 
Cost (approximate, US$) 60 200 0 60 
Experienced operator 
needed Yes Yes No Yes 

Experienced mineralogist 
needed Yes Yes Yes Yes 

Precision* 8.97-21.79 3.64 5.22 10.56 
Closeness (against XRF)* 38.38 32.47 21.57 24.74 
Closeness (against AM)* 56.48 - 110 76.76 

Additional information Crystalline structure of 
minerals 

Textural information (liberation, 
association, grain size, 

intergrowths) 
- - 

**EMC method used here is solution of underdetermined situation. Closeness (against AM) is not representative of all EMC 
cases. 
*Closeness and precision are the “a” of the model (equation 3). It gives relative standard deviation directly for the grade. 
The smaller the value is the better is the method. 

6. Conclusions 
Conclusions from the work done are summarized below: 

1. Three different methods for the analysis of mineral grades were compared firstly in terms of 
the closeness (cf. trueness) and precision but also with respect to their applicability in 
geometallurgy. Finally, also detection limit, sample preparation, analysis time, costs and 
additional information that they provide were included in the evaluation.  

2. A combined technique of X-ray diffraction and element-to-mineral conversion can overcome 
the limitations of the other techniques have and is therefore suggested to be suitable for 
geometallurgy for the analysis of mineral grades in bulk. 

3. The combined method gives an estimate on both magnetite and hematite grades and can 
replace tedious Satmagan and wet chemical Fe2+ analysis. 

4. A problem occurring with the combined method is that back-calculated chemical 
composition from mineral grades does not match perfectly with the elemental grades of 
commodities received from chemical assays. This can be avoided by weighting, but this 
requires further development. 
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Abstract 
Process models in geometallurgy can be classified based on the information level needed for the ore, 
i.e. the feed stream to the processing plant.  For mineral processing models the following five levels 
can be distinguished: particle size only level, elemental level, element by particle size level, mineral 
level, mineral by particle size level and mineral liberation (particle) level. The most comprehensive 
level of mineral processing models is the particle based one which includes all necessary information 
on the processed material for simulating unit operations. This study aims to develop a unit operation 
model for a wet magnetic separation on particle property level. The experimental data was gathered 
through a plant survey of the KA3 iron ore concentrator of Luossavaara-Kiirunavaara AB (LKAB) in 
Kiruna. The first wet magnetic separator of the process was used as the basis for the model 
development since the degree of liberation is important at this stage. Corresponding feed, 
concentrate and tailings streams were sampled, assayed and mass balanced on a mineral by size and 
mineral liberation level. The mass balanced data showed that the behavior of individual particles in 
the magnetic separation is depending on their size and composition. The model, which has a size 
dependent entrapment parameter and a separation function depending on the magnetic volume of 
the particle and nature of gangue mineralogy, is capable of forecasting the behavior of particles in 
magnetic separation. Modeling and simulation show the benefits that particle based simulation 
provides compared to lower level process models which take into account only elemental or mineral 
grades. 
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1. Introduction 
Geometallurgy combines geological and mineral processing information to create spatially based 
model for production management (Lamberg 2011). Geological and resource characterization 
information collected should enable to build a predictive model for a mineral processing circuit. In 
the level of details geometallurgical predictive models can be divided in three categories:  whole 
circuit based (black box model), circuit/section based and unit operations based model.  

In the black box model, the full flowsheet is packaged in a single model. This means that the 
flowsheet is fixed and the model does not enable to test different processing alternatives for 
different geometallurgical domains (e.g. Harbort et al. 2011). In section level model, it is possible to 
test different processing alternatives in a process section and technology level. For example, in gold 
ores in this level model could be used to test whether gravity separation (circuit), flash flotation or 
leaching (circuit) could be more beneficial for certain geometallurgical domains than others (Laplante 
& Dunne 2002; Newcombe et al. 2013; Johansson & Wanhainen 2010). If each unit operation is 
included in the process simulation then it is possible to test many different processing and operation 
alternatives e.g. with conditional simulation (Weeks et al. 2013; Thomas & Richards 1998; Shaw et al. 
2002). 

Geometallurgical models can be classified also based on what properties of the feed to the plant 
must carry and what information subsequent streams provide. In principle, in process simulation only 
the feed material needs to be described. The subsequent streams are products of different unit 
operations and the unit model should define the properties of the output stream based on the 
properties of the input stream and operational parameters. In process simulators the list of 
properties are commonly similar in the whole circuit. For example, if particle size distribution is 
included in the simulation, this property is available for all the streams. 

For geometallurgical modeling of an ore, five levels can be recognized as follow: no composition sized 
level, elemental level, element by size level, mineral level, mineral by size level and particle (mineral 
liberation) level. No composition sized level is often used for model and simulate comminution 
circuits. The model does not include compositional information of the streams, only the flowrates 
and particle size distribution. Elemental level means that only the elemental composition of the input 
stream, i.e. ore, is given; for example copper, gold and sulphur grade. This level ignores comminution 
since particle size distribution is not carried with. The element by size level includes information on 
elemental composition by particle size classes. Similar levels for minerals, i.e. mineral and mineral by 
size, describe the mineralogy of the feed and the subsequent streams, on unsized basis or on particle 
size (class) basis. The particle level includes information on particle composition, thus on mineral 
liberation and mineral association.  

Each modeling level has certain assumptions (Table 1) which restricts the usability of the model. In 
the no composition sized level the assumption is that all particles regardless of their composition will 
behave similarly. In the grindability type by particle size level material is divided into grindability 
types, e.g. hard and soft, and these types will behave differently in comminution circuit. In the 
element level, the assumption is that element, e.g. copper, will behave (distribute) in the process in 
similar manner. This is valid only if mineralogy, particle size distribution and mineral liberation 
distribution is unchanged in the feed. In element by size level the assumption is that element within 
narrow particle size distribution is behaving similarly and it requires that mineralogy and mineral 
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liberation distribution are fixed. In mineral and mineral by size level the assumptions are that mineral 
and mineral by size (fraction) behaves in a similar manner and this is true if particle and liberation 
distribution of feed stream by size is unchanged. In minerals by behavioral types (unsized or by size 
level) each mineral (by size) is divided into behavioral types. For example in flotation modeling the 
floatability component approach divides each mineral to fast floating, slow floating and non-floating 
type (Runge & Franzidis 2003). In particle level (mineral liberation level) the assumption is that 
similar particles (in terms of composition, size and shape) behave similarly regardless in which part of 
the ore they originate. 

Table 1. Levels of geometallurgical modeling and their limitations. Each level of model is valid as long as feed stream 
assumptions are met 

Level (of model or mass balancing) Feed stream assumptions 
No composition by size Each particle of given size will behave identically 
Grindability type by size Each particle type of given size will behave identically 

Element Mineralogy, particle size distribution and liberation 
distribution are unchanged 

Element by size Mineralogy and liberation distribution are unchanged 

Mineral Particle size distribution and liberation distribution are 
unchanged 

Mineral by size Liberation distribution is unchanged 

Minerals by behavioral type Particle size distribution is unchanged. Similar behavioral 
types will behave identically 

Minerals by behavioral type by size Similar behavioral types will behave identically 
Particle Similar behavior of particles of same composition and size 
 

Developing and calibrating process models requires experimental work. The tests and corresponding 
analyses must be designed to meet the criteria of selected level; process/section/unit, 
element/mineral/particle. Before experimental data can be used in model development, the data 
must be mass balanced. The mass balancing must be done on the same level the model is aimed to 
operate. For example, to address the liberation issues in the performance of a plant, the level of data 
collection and mass balancing needs to be in the particle level. 

Literature on magnetic separators focuses on design and application of the unit operation with 
operational and machine advices for improving their performance (Svoboda & Fujita 2003; Cui & 
Forssberg 2003; Svoboda 1994; Dobbins et al. 2009; Oberteuffer 1974). Models to be used in 
flowsheet simulation are quite a few and they are mostly empirical, only rarely based on physics or 
chemistry of the process. 

The purpose of this paper is to develop particle-based unit operation model for geometallurgical 
purposes by using low intensity magnetic separation as a case study. The modeling level selected is 
mineral liberation level, i.e. model aims at using particle properties as the main parameters. 

2. Models for wet magnetic separators 
Magnetic separators used in industry treat either dry ore material or slurry. Based on intensity of the 
magnetic field uses, separators are classified to low and high-intensity magnetic separators. Low 
intensity magnetic separators are used for magnetite ores; dry ones for coarse particle sizes (called 
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cobbing) and wet ones for finer particle sizes. High intensity magnetic separators are mostly wet 
units and used for materials having lower susceptibility than magnetite. For example wet high-
intensity magnetic separators (WHIMS) are used commonly for removing iron bearing minerals from 
industrial mineral concentrates (Svoboda 2004). 

Referring to the model levels above as the magnetic separator operates to separate magnetic and 
non-magnetic material, the no-compositional level is valid only if material flowrates are needed, for 
example for equipment sizing in basic engineering stage of a feasibility study. The element and 
element-by size levels are used but as magnetic phenomena takes place for phases and particles not 
elements, it is  more appropriate that model operates on mineral, mineral by size, mineral by 
behavioral type (by size) or particle (i.e. mineral liberation) level. 

For iron ore processing, Davis tubes test is traditionally used as a proxy to develop recovery function 
to be directly applied for the iron ore (Schulz 1963). Commonly the recovery function is developed on 
unsized element level and thus is valid as long as mineralogy, particle size distribution, and liberation 
in the ore and plant feed is unchanged (Wiegel 2006). Therefore, the model needs to be redefined 
for different ore types or geometallurgical domains when there is a variation in the mineralogy or 
hardness, which both affects particle size and liberation distribution. 

The empirical model for wet high-intensity magnetic separator (WHIMS) by Dobby and Finch (1977) 
indicates that recovery of magnetic particles in that system is dependent on the magnetic 
susceptibility and size of each particle. Their empirical model is as follow: 

 𝑅𝑀�𝑥,𝑑𝑝� = 𝐶 + 𝐵 × 𝑙𝑜𝑔10 �
𝑀𝐿

𝑀50
� (1) 

 𝑖𝑓 𝑀𝐿 < 𝑀50 × 10−
0.45
𝐵  𝑡ℎ𝑒𝑛 𝐶 = 0.05 (2) 

 𝑖𝑓 𝑀50 × 10−
0.45
𝐵 ≤ 𝑀𝐿 ≤ 𝑀50 × 10

0.45
𝐵  𝑡ℎ𝑒𝑛 𝐶 = 0.5 (3) 

 𝑖𝑓 𝑀𝐿 > 𝑀50 × 10
0.45
𝐵  𝑡ℎ𝑒𝑛 𝐶 = 0.95 (4) 

where 𝑅𝑀 is the recovery of particles of size 𝑑𝑝 and volumetric magnetic susceptibility of 𝑥 and 𝑀50 
is the magnetic cut point at which the recovery is 50%. 𝑀50 and 𝐵 are machine parameters and 
independent of the treated material. 𝑀𝐿 is empirical parameter calculated from different formula 
that is related to mass fraction of magnetics in the feed, magnetic and hydrodynamic force (King 
2012). Experimental work is needed to define these material parameters for each different ore types 
or geometallurgical domains. The stream definition of the model is the mineral behavior by size level. 

Davis and Lyman (1983) defined streams using binary by sized system and studied the effect of 
several operational variables like feed rate, drum speed and magnetite/non-magnetite particle size 
distribution on an Eriez full scale high gradient wet magnetic separator. A two component model for 
the magnetite loss was proposed to explain the shape of the experimental curves and the influence 
of drum speed. The model does not forecast the product quality only recovery. 

Schneider (1995) developed an empirical magnetic separator model, which uses particle level 
information. The distribution of particle between the concentrate and tail is a function related to 
volumetric abundance of magnetic phase in the particle. The fraction of particles that ends up into 
the tail stream is described by following formula: 
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 𝑡(𝑔𝑣 ,𝑑) =∝ (𝑑) + �1−∝ (𝑑)�𝑟(𝑔𝑣) (5) 

where ∝ (𝑑) is the bypass fraction particles that report to the tail which is function of only particle 
size (d), 𝑟(𝑔𝑣) is the primary classification function based on volumetric grade of magnetic phase in 
the particle (𝑔𝑣). The bypass function is modeled with reciprocal of natural exponential function with 
two coefficients. The primary classification function is modeled with Rosin Rammler function and is 
only function of particle composition. The classification function is related to volumetric grade of 
magnetic phase in a particle that has equal chance to end up in tail or concentrate stream and 
separation sharpness index. The model does not take into account the size of a particle in 
classification function. Determination of different parameters requires experimental work. 

The magnetic separator model in USIM PAC is operating on mineral by size level. User gives, based on 
experimental work, recoveries into the magnetic concentrate for each mineral by size fraction in 
each unit. The model does not take into account any operational parameters or the effect of flowrate 
to the separation efficiency. Example of deployment of such a model is the designing of LKAB Kiruna 
plant where they developed a statistical model for wet low intensity magnetic separators (Söderman 
et al. 1996). They simplified the model by assuming that recovery of magnetite per size class is not 
affected by minor changes in the head grade, feed rate and particle size distribution of feed. 

Rayner and Napier-Munn (2000) developed a model to predict the percentage loss of magnetics in a 
wet drum magnetic separator in a dense medium application. The model takes operating conditions 
of magnetite separator and is represented by a flocculation rate and a residence time (Rayner & 
Napier-Munn 2003a). The feed stream was characterized by behavior type for magnetic and 
ferrosilicon and the size of a particle was not considered in the model. 

A simplified approach called pseudo-liberation approach for simulating the effect of liberation in Low 
Intensity Magnetic separator (WLIMS) was proposed by Ersayin (2004). The idea behind the model is 
that the degree of liberation of gangue minerals decreases as the feed grade of magnetite increase. 
For a given ore and plant, the pseudo-liberation model uses empirical data and cubic spline functions 
to generate a plant operating surface as a magnetic separator model. The stream definition for the 
model is in the level of mineral behavior (magnetite and gangue) by size. 

Metso  has developed a model for LIMS that couples discrete element method (DEM),  
computational fluid dynamics (CFD) and finite element method (FEM) (Murariu 2013). In the model 
each particle is treated separately but details on how the model predicts the behavior of particles in 
the unit operation are not given. According to Murariu (2013) the model can be used to study the 
effect of geometric and operational parameters of LIMS on the separation efficiency. Although the 
model is not empirical it is essential to characterize the feed in particle level in order to see desirable 
output. The usage of Metso model in flowsheet simulation has not been demonstrated. The 
summary of the models and their levels are listed in Table 2. 
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Table 2. Magnetic separator models including model level and considered operational parameters 

Model Level Operational parameters Reference 
Davis tubes recovery 
functions Elemental None (Schulz 1963) 

Dobby and Finch Mineral behavior type by size None (King 2012) 
Davis and Lyman Mineral behavior type by size Considered (Davis & Lyman 1983) 
USIM PAC Mineral by size None (Söderman et al. 1996) 
Schneider Particle None (Schneider & King) 

Rayner and Napier-Munn Mineral behavior type Considered (Rayner & Napier-
Munn 2003b) 

Pseudo-liberation Mineral behavior type by size None (Ersayin 2004) 
Metso Particle Not specified (Murariu 2013) 

3. Samples and Methods 

1.1 Samples 
The plant survey was done on one of the LKAB iron processing plant in Kiruna, Northern Sweden. 
When the plant was operating in a steady state, selected streams in the plant were sampled during 
two hours period. Additionally, all the available information from control room during sampling was 
collected. For two of the streams, sampling was repeated to find the standard deviation and ensure 
the quality of the sampling. In this paper, samples around primary magnetic separator (feed, 
concentrate and tail) are used to develop a particle-based model for magnetic separator. 

1.2 Sample preparation 
The survey samples were prepared according to procedure shown in Figure 1. The sample 
preparation started with weighting the samples in wet and dry state (2-4), followed by splitting them 
in three parts (5). First one was stored for later usage (8), second for bulk XRF analysis (6) and third 
for sieving (7).  Each particle size fraction from sieving (9) was split into two parts, one for a XRF 
analysis (11) and the other one for preparing resin mounts for optical and scanning electron 
microscopy studies. 

 (4) Sample dry 
weight

(1) Sampling (2) Sample weight

(3) Drying sample

 (5) Split

 (6) Bulk XRF  (7) Sieving  (8) Store

(9) Size fractions

 (10) Split

 (11) XRF for size 
fractions

 (12) Resin mounts 
for size fractions  

Figure 1. Schematic procedure of preparing survey samples for analysis 
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1.3 Methods 
X-ray fluorescence analyses of the samples were done at chemical laboratory of Luossavaara-
Kiirunavaara AB (LKAB) using the company’s standardized methods. Epoxy samples on size fractions 
were prepared in Kemi University of applied science. SEM automated mineralogy analysis on epoxy 
samples were done by Merlin SEM and IncaMineral. The acceleration voltage of 20 kV, a filament 
current of 1.1 nA, and working distance of 8.5 mm were the SEM operational conditions. A total of 
300,000 particles were measured in 3 streams x 8 size fractions, i.e. around 12,500 particles per size 
fraction. Post processing the data for identifying minerals, reporting mineral grades and back-
calculated chemical assays were done with GrainClassifier 1.9 (developed by the first author). 
Mineral list in Table 3 was used as the reference for the program. The chemical composition of 
minerals was determined by EDS analysis and reconciled with previous study by Lund (2013). 

Results from back calculated chemical composition were compared with chemical assays and showed 
good correlation (Figure 2).  Low grade elements such as manganese (Mn) and potassium (K) are 
showing difference between chemical assays and back calculation. This could be due to either higher 
error in XRF or IncaMineral analysis in low concentration or inaccurate chemical composition of 
minerals (Table 3). Mass balancing, data reconciliation, particle tracking, and LIMS modeling were 
done using the modeling and simulation software HSC Chemistry 7 and 8 by Outotec.   

Table 3. Chemical composition of minerals (“the mineral matrix”) as wt.% 

 Magnetite Quartz Apatite Biotite Albite Actinolite Calcite Titanite Titano-magnetite Anhydrite 

 Mgt Qtz Ap Bt Ab Act Cal Ttn Ttn-Mgt Anh 

F % 0.00 0.00 3.72 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

S % 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 23.55 

Na % 0.00 0.00 0.00 0.02 5.11 0.02 0.00 0.00 0.00 0.00 

Mg % 0.01 0.00 0.07 10.26 0.00 10.09 0.00 0.00 1.94 0.00 

Al % 0.05 0.00 0.00 6.91 10.78 0.99 0.00 0.00 2.60 0.00 

Si % 0.00 46.72 0.00 19.60 33.98 25.30 0.00 14.32 0.02 0.00 

P % 0.00 0.00 16.06 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

K % 0.00 0.01 0.00 6.55 0.00 0.11 0.00 0.00 0.00 0.00 

Ca % 0.00 0.01 40.39 0.00 0.04 7.55 37.17 20.44 0.00 29.43 

Ti % 0.05 0.00 0.00 2.24 0.01 0.01 0.00 24.41 12.95 0.00 

V % 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Mn % 0.00 0.00 0.00 0.04 0.01 0.04 0.00 0.00 0.71 0.00 

Fe % 72.43 0.02 0.16 10.77 0.01 8.00 0.00 0.00 49.44 0.00 
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Figure 2. Comparison of chemical composition between XRF assays against back-calculated from IncaMineral modal 

measurements. 

4. Results 

1.4 Mass Balance 
Mass balancing and data reconciliation improve the reliability of measurements and even in certain 
conditions enable the estimation of unmeasured streams and variables. It is a requirement to 
estimate the metallurgical performance of the circuit, to diagnose process bottlenecks, and to model 
the process. Well established methods exists for mass balancing and data reconciliation of mineral 
processing data and there are several software packages available for performing these tasks, such as 
SolidSim (AspenTech, 2012), BILMAT (Algosys, 2004), BILCO (BRGM, 1987), JKBal (JKTech, 1988) and 
HSC Chemistry (Lamberg & Tommiska 2009). 

Particle mass balancing is the state-of-the-art techniques  developed by Lamberg and Vianna (2007) 
for mineralogical mass balancing. It transfers the mass balancing concepts of common chemical 
assays to the mineral level and finally to the mineral liberation level. The method requires delicate 
considerations to provide consistent results with chemical assays and to overcome missing liberation 
data. The following steps need to be included in extending the mass balancing to the particle level: 

1) Unsized mass balance by minerals 
2) Sized mass balance by minerals 
3) Liberation mass balance (mass balance by particle types) 

As a first step, bulk data was used for minerals by unsized mass balance (Table 4). 
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Table 4. Unsized balanced values for Wet LIMS, for mineral abbreviations see Table 3.  

Streams Solids 
Bal t/h 

Mgt 
Bal % 

Qtz 
Bal % 

Ap 
Bal % 

Bt 
Bal % 

Ab 
Bal % 

Act. 
Bal % 

Cal 
Bal % 

Ttn 
Bal % 

Ttn-Mgt 
Bal % 

Anh 
Bal % 

Feed 487.80 84.27 1.19 3.94 2.32 2.67 3.30 1.29 0.43 0.42 0.16 

Conc. 415.21 97.81 0.12 0.39 0.32 0.10 0.34 0.34 0.15 0.43 0.01 

Tail. 72.59 6.86 7.33 24.22 13.79 17.39 20.23 6.75 2.01 0.37 1.07 

The result of the bulk mass balance was then used as a constraint when mass balancing the minerals 
by size fractions. This stepwise procedure minimizes the error propagation and ensures that unsized 
and sized mass balances are consistent. The adjustment to mineral grades in mass balancing for most 
minerals was minor as shown in Figure 3, where the parity line indicates no adjustment. Anhydrate 
and titano-magnetite adjustment was relatively higher compared to others and therefore 
information on these trace minerals is less reliable.  

 
Figure 3. Comparison of mineral grades between measured and balanced data 

Liberation mass balancing aims on adjusting liberation data to match with mass balance on bulk and 
size fraction level. Here, this is done by the particle tracking technique (Lamberg & Vianna 2007). The 
particle tracking is a stepwise procedure. The first stage adjusts the mass proportion of the particles 
to match modal composition received from bulk and sized mass balancing. The second step, the basic 
binning, involves the classification of particles by size and composition to narrow classes which are 
called bins. Some bins may have no or very few particles making the mass balance result unreliable. 
In the following advanced binning stage, the bins with low numbers of particles are globally 
combined (i.e. in all the streams in a similar way) to reach a sound number of particles in each bin. In 
this work, the advanced binning was first done for the feed stream and the minimum number of 
particles in each bin was set to 25. This equals to maximum of 25% relative standard deviation for the 
mass proportion of the bin in question. The other streams were binned in the same way as the feed 
stream resulting that number of particles and their composition is identical in each stream; only the 
mass proportions of particles vary from stream to another. In the final stage the mass proportion of 
each bin (particle type) is adjusted to reach the mass balance in the whole circuit by keeping the total 
solids flowrates as constraints. The particle tracking resulted in the mass balance of 556 different 
kinds of particles. 
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Figure 4. Parity chart showing measured particle grades in the feed, concentrate and tailing streams after advanced binning 

against mass balanced particle grades after the full particle tracking. 

Having information on particle level enables generating recovery curves for different types of particle 
classes each based on the size and composition (binary associations; Figure 5). Moreover, this 
information is a vital basis for developing process models that operate on particle (liberation) level.  

a) 

 

b)

 

c)  

d)

 
Figure 5. Recovery of binary particles into the concentrate (x-axis is the volumetric grade of magnetite in the particle). a) 
Recovery of magnetite-albite binary, b) Recovery of magnetite-actinolite binary, c)Recovery of magnetite-apatite binary, 

Recovery of magnetite-biotite binary 
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The recovery of fully liberated magnetite is practically 100% in all the size fractions. For fully liberated 
gangue minerals the recovery is very low, generally speaking around 5%. However, there is clear 
variation by particle size. The recovery of fully liberated gangue minerals increases by size being 10-
20% for particles coarser than 180 microns whereas this is less than 5% for the particles less than 20 
microns in size. To confirm the presence of fully liberated gangue particles in the concentrate, 
mineral maps generated by IncaMineral system were individually checked for fully liberated gangue 
particles (Figure 6 and Figure 7).  

 
Figure 6. Observation of fully liberated gangue particles (albite) into the concentrate (180-250 µm). IncaMineral mineral 

map 

 

 
Figure 7. Observation of fully liberated gangue particles (Apatite) into the concentrate (90-125 µm), IncaMineral mineral 

map 

The shape of the recovery curves by size varies with particle size and composition. Two kinds of 
patterns can be identified: the first is convexity and the next one is spread. The convexity is related to 
the particle size. The recovery curve in Figure 5 is downward convex in the fine size fractions (<45 
microns), straight in the middle size fractions (38-90 microns) and upward convex in the coarser 
particle sizes larger than 90 microns. In other words, if one takes a binary particle, e.g. with 50% 
magnetite and 50% gangue mineral, the recovery of these kind of binaries will be significantly higher 
in coarse particle sizes than in the finer ones. 
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The spreading in the shape of the curves between size classes is wider for albite and apatite than for 
actinolite and biotite (Figure 5). For the former, the recovery difference for binaries, e.g. 50% 
magnetite and 50% other, can be as big as 70% but for the latter, having narrower spreading, the 
difference is in the order of magnitude of 30%. Respectively, quartz and calcite are showing similar 
curves and spreading as albite and apatite while binary particles with titanite have narrow spreading 
between size fractions.  

1.5 Developing a process model for magnetic separator 
In wet low intensity magnetic separators, the rotating drum is partially submerged in a slurry tank 
and based on the tank design and feed slurry flow three types are identified: 1) Concurrent, 2) 
Counter-current, and 3) Counter-rotation. Selection of the type of magnetic separator for treating an 
ore is governed by feed particle size, throughput, and concentrate grade and recovery (Stener 2014).  

Based on the type of the magnetic separator, slurry tank and magnetic arc, several different zones 
are defined. For example, counter-current magnetic separator can be divided in three zones. The 
pick-up zone is where the fresh slurry feed comes in contact with the drum. The scavenger zone is a 
shallow zone close to the tailings outlet where the drum’s rotation is opposite to the slurry flow. The 
dewatering zone or cleaning zone is where drum pushes concentrate up to discharge and 
concentrate water flows back to the tank (Figure 8). 

 
Figure 8. Schematic view of counter-current low intensity magnetic separator (modified after Stener, 2014) 

Metallurgical performance, i.e. the concentrate grade and recovery, of a wet LIMS is dependent on 
ore properties and the operational parameters (Table 5). Concentration in a wet LIMS involves 
several sub processes which are affected by these parameters.  

When ferromagnetic material is exposed to the magnetic field, magnetic ordering occurs based on 
intrinsic property of the material which defines spontaneous magnetization (Svoboda 2004). The 
other phenomenon happening is the growth of magnetic domains. Depending on the size of the 
particle and the strength of the magnetic field, the magnetic particle can consist of single or multiple 
magnetic domains. If the external field is strong enough or the particle is fine enough (less than 0.1 
µm) particle magnetization becomes homogenous; this is called magnetic saturation. Even when the 
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saturated particle is not exposed to the magnetic field, the particle will not become totally 
demagnetized. 

The behavior of particles in a LIMS is very complex when considering the number of small 
magnetized particles after exposition to the field, attractive and repulsive forces between particles, 
and also alignment of the particle magnets with respect to the external field. In addition 
ferromagnetic particles in the slurry attach to each other to form flocs or aggregates. This is called 
magnetic flocculation (Lantto 1977). 

Table 5. Parameters affecting magnetic separation and particle behavior in Wet LIMS (Sundberg 1998) 

Operational Parameter Particle and flow properties 
Feed rate Particle magnetic susceptibility 
Feed solid content Particle composition 
Drum rotational speed Particle density 
Concentrate discharge weir distance Particle shape 
Magnet assembly Particle size 
Scavenger zone depth Slurry rheology 
Magnetic field strength and gradient Remanence of magnetized particles 
 

1.5.1 Physical explanations for observations 
Liberation measurements show that there are fully liberated non-magnetic particles in the 
concentrate (Figure 5 and Figure 7) and the mass balancing shows that there is a positive relation 
between the particle size and the recovery (Figure 11). Possible explanations for such an observation 
can be stereological bias due to measurement in sections, entrainment phenomena or entrapment.  

Stereological bias in 2-dimensional particle image analysis means that particles, which are regarded 
as fully liberated in sections, can actually be composite particles in three dimensions. If this were the 
case then the recovery should show a decrease by particle size due to the fact that a texture, which 
appears to be fine grained, compared to the particle size, in coarse particles sizes changes to coarse 
grained in fine particle sizes, as depicted in Figure 9. Therefore stereology as a possible reason for 
observation can be excluded. In fine textures the stereological bias is smaller (Lätti & Adair 2001).  

 
Figure 9. Stereological effect on recovery of particles in coarse and fine size fractions. With similar texture stereological bias 

is higher in small particles than in coarse ones. 

Entrainment means that particles are dragged into the concentrate with water. This is stronger for 
fine particles than for coarse ones (Neethling & Cilliers 2009), i.e. opposite to the observation. 
Therefore, also this explanation can be rejected. 
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As discussed earlier, flocculation as a sub-process attaches magnetite particles together. During this 
process, liberated gangue minerals can get trapped between magnetite particles. In the dewatering 
step (Figure 8) when the drum pushes up the flocs towards the concentrate discharge, water inside 
the flocs flows back to the tank and takes some of the fine liberated gangue minerals with (drainage). 
The small porosity size in the flocs hinders the coarse gangue particles to be drained out from the 
flocs. Therefore the coarse fully liberated gangue particles have more chance to be trapped in the 
flocs and end up in the concentrate. This is schematically depicted in Figure 10.  

The relation between particle size and recovery of fully liberated gangue particles can be described 
by a linear model (Figure 11). There is a slight difference between the minerals, i.e. Fe bearing 
minerals (actinolite and biotite) show slightly higher entrapment than apatite and albite. 

 
Figure 10. Effect of drainage water in dewatering zone to wash out fine gangue particles. Gray particles are magnetite 

particles and bright ones are fully liberated gangue particles. Drainage flow shown by blue arrow is toward gravitational 
force 

 

 
Figure 11. Linear relationship of bypass and particle size 
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For binary magnetite-gangue particles, the shape of the recovery curves, the direction of convexity, 
changes from fine to coarse particle sizes. Sundberg  (1998) describes that in wet magnetic 
separation the loss of fine magnetic particles is higher in fine size fractions. 

1.5.2 Semi-empirical model of wet magnetic separator 
Even though there is a clear correlation between the observations on the recovery curve shape and 
the physical sub-processes; it is not possible to develop a pure physical model. This is due to the fact 
that the sub-processes are numerous and very complex. In addition, the data available from the plant 
survey describes only one operational point. Therefore, the model developed here is semi-empirical 
in nature and tries to regenerate recovery curves at mineral liberation level. Requirements 
formulated for such a model are that it (i) should be flexible to adopt to linear or curve shaped 
recoveries, (ii) should have reasonably low number of parameters, and (iii) should reflect physical 
sub-processes in the system. At a later stage the model can be further developed to take operational 
variables into account. 

A flexible and relatively simple way to model the recovery patterns of binary particles is to use the 
incomplete beta function 𝐼𝑥(𝑎, 𝑏)  (Pearson 1968) as shown in Figure 5. The incomplete beta function 
is defined as follows: 

 
𝐼𝑥(𝑎, 𝑏) = � 𝑡𝑎−1(1 − 𝑡)𝑏−1𝑑𝑡

𝑥

𝑎
 

(6) 

If for the sake of simplicity, the 𝑎 parameter is fixed at 1, various curve shapes can be generated by 
changing only the 𝑏 variable alone around 1. 

For the entrapment the observation shown in Figure 11 suggest the linear relationship, therefore the 
following equation was selected: 

 𝑅𝐸 = 𝐸1𝑑 + 𝐸2 (7) 

where 𝑅𝐸 is the recovery due to entrapment, 𝑑 is the particle size, and 𝐸1 and 𝐸2 are the constants.  . 
Considering the standard deviation of individual points in Figure 11 𝑅𝐸 function becomes as follow: 

 𝑅𝐸 = 0.0068𝑑 + 0.61 (8) 

This linear model is applied to predict the entrapment of different size of particles with zero 
magnetite grades in wet LIMS. To model the recovery (fraction; 0-1) of various particles with 
magnetite in the wet LIMS concentrate, following function is used: 

 𝑅𝑥 = 𝐼𝑥(1,𝑏) (9) 

where 𝑥 is the volumetric grade of magnetite in the particle and 𝑏 is a is a spread value. Finally, the 
recovery model by considering entrapment is as follow: 

 𝑅 = (1 − 𝑅𝐸) × 𝑅𝑥 + 𝑅𝐸 (10) 

Fitting the equation (9) with the experimental points gives various 𝑏 values for binary particles in 
different size fractions. The  𝑏 decreases from coarse to fine size fractions. Also the range of 𝑏 values 
for iron bearing minerals is narrower than others. The illustration of b values for each binary particle 
was shown in Figure 12. 
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a) 

 

b) 

 
c) 

 

d) 

 
Figure 12. Modeled recovery of binary particles into the concentrate (x-axis is the volumetric grade of magnetite in the 
particle). a) Recovery of magnetite-albite binary, b) Recovery of magnetite-actinolite binary, c)Recovery of magnetite-

apatite binary, Recovery of magnetite-biotite binary 

5. Discussion 
The process model should provide the same level of information as used in describing the feed 
stream. Missing of mineral liberation information has hindered the development of the unit process 
to be based on particle properties (Table 1). Particle level information provides an excellent 
opportunity to relate particle properties to physical sub-processes and to develop a model for 
forecasting the performance of LIMS unit operation. 

As the magnetic separators function is to separate magnetic and non-magnetic material, the no-
compositional level (compare model levels defined in chapter 3) is only relevant if material flows are 
needed, for example for equipment sizing in basic engineering stage of a feasibility study. The 
element and element-by size levels are used but as magnetic phenomena take place for phases and 
particles but not elements, it is  more common to operate on mineral, mineral by size, mineral by 
behavioral type (by size) or particle (i.e. mineral liberation) level. 

Observations in particle level as well as physical theory imply that magnet separation is a complex 
process which is controlled both by operational conditions and the feed stream properties. A semi-
empirical wet LIMS model to estimate particle recovery solely based on particle properties was 
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developed. The model gives the recovery of individual particles into the magnetic concentrate if the 
size and mineral composition of the particle is given.  The most important parameter is volumetric 
grade of magnetite in the particle.  Further development of the model is needed to relate the model 
parameters to the operational parameters or include more detail equation to consider sub-processes 
in the magnetic separator. 

The particle based wet LIMS model can estimate recovery of new feed stream where the particle 
level information is available. Simulation of a process where the model is in particle level is 
straightforward and input/output stream of the model can be directly used in other models. 
Characterization of the ore texture e.g. Lund, (2013) to obtain particle level data and combining it 
with particle based model, enables the simulation of the whole chain of processes to be used for 
grade/recovery estimation of various ore blocks, for finding process bottleneck, and plan for blending 
or process change before the ore is actually mined. 

6. Conclusion 
Iron processing plant surveyed data was mass balanced in mineral by size and liberation level around 
wet LIMS unit. Particle tracking technique was applied to trace and find recoveries of particles with 
narrow compositional range in the wet LIMS unit operation. Particle level information i.e. liberation 
was used to determine the behavior of binary and fully liberated particles in wet LIMS. A particle 
based model using incomplete beta function proposed to estimate recovery of particles into the 
concentrate. The model considers size and volume composition of particles to estimate recovery of 
the particles. Although the model is not validated yet, but it shows relatively good match with 
experimental data.   
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