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Abstract 

 

Lithium represents one of the strategic elements for the rest of the 21st century due to 

its increasing demand in technological applications. Therefore, new efforts should be 

focused on the optimization of mineral characterization processes, which link the ore 

properties with its behaviour during downstream processes. These efforts should result 

in reducing operational risks and increasing resources utilization. The methodology 

presented in this study is based on the application of several classification techniques, 

aiming the mineral and textural characterization of two spodumene pegmatite deposits 

within the Keliber Lithium Project.  

Twelve textural classes have been proposed for the textual classification of the ore, 

which have been defined through the recognition of the main mineral features at macro- 

and micro-scale. The textural classification was performed through the application of 

drill core logging and scanning electron microscopy. Six classes are proposed to describe 

the characteristics of the spodumene ore. Six additional classes describe the main 

properties of the rocks surrounding the ore zone.  

Image analysis was implemented for the generation of mineral maps and the 

subsequent quantification of spodumene and Li2O within the analysed drill core images. 

The image segmentation process was executed in Fiji-ImageJ and is based on eight 

mineral classes and a set of seven feature extraction procedures. Thus, quantification of 

spodumene and Li2O is estimated by textural class. Hyperspectral images were used as 

a reference for assessing the estimations made through images analysis.  

A machine learning model in Weka allowed forecasting the behaviour of the twelve 

textural classes during spodumene flotation. This model is fed by metallurgical data 

from previous flotation tests and uses Random Forest classifier. 

The proposed methodology serves as an inexpensive but powerful approach for the 

complete textural characterization of the ore at Keliber Lithium Project. It provides 

information about: (1) mineral features at different scales, (2) spatial distribution of 

textures within the pegmatite body, (3) quantification of spodumene and Li2O within the 

drill cores and (4) processing response of each textural class. However, its application 

requires wide knowledge and expertise in the mineralogy of the studied deposits. 

Keywords: Lithium, Spodumene, Pegmatite, Textural classification, Drill core photography, 

Image analysis, Scanning electron microscopy, Mineral mapping, Machine learning, 

Geometallurgy. 

  



 

ii 

 

Content 

1. Introduction ................................................................................................................................ 1 

1.1 Motivation .................................................................................................................................. 1 

1.2 Aim and Objectives ................................................................................................................... 2 

2. Literature Survey ...................................................................................................................... 3 

2.1 Lithium Industry ....................................................................................................................... 3 

2.2 Geometallurgy ........................................................................................................................... 6 

2.3 The Challenge of Texture ......................................................................................................... 8 

2.3.1 Texture as a Function of Scale ............................................................................................ 9 

2.3.2 Textural Measurements .................................................................................................... 10 

2.4 Data Acquisition Techniques ................................................................................................. 10 

2.4.1 Drill Core Logging ............................................................................................................. 11 

2.4.2 Principle of Scanning Electron Microscopy (SEM) ....................................................... 11 

2.4.2.1 Energy-Dispersive X-Ray Spectroscopy (EDS) ...................................................... 11 

2.4.3 Image Analysis ................................................................................................................... 12 

2.4.3.1 Image Segmentation ............................................................................................ 12 

2.4.3.2 Image Classification............................................................................................. 13 

2.4.3.3 Textural Feature Extraction ................................................................................. 14 

2.4.3.4 Morphology ........................................................................................................ 15 

2.5 Stereology ................................................................................................................................. 16 

2.6 Principle of Spectroscopy ....................................................................................................... 17 

2.6.1 Hyperspectral Imaging ..................................................................................................... 18 

2.7 Machine Learning.................................................................................................................... 18 

2.8 The Keliber Lithium Project ................................................................................................... 19 

2.8.1 Geological Setting .............................................................................................................. 20 

2.8.1.1 Origin and Classification of the Pegmatite Deposits ............................................... 21 

2.8.1.2 Local Geology – The Kaustinen Li-pegmatite province ........................................... 22 

2.8.1.3 Mineralogy ......................................................................................................... 24 

2.8.2 Mineral Resources and Ore Reserves.............................................................................. 25 

2.8.3 Spodumene Beneficiation ................................................................................................. 25 

2.8.4 Lithium Carbonate Production ........................................................................................ 27 

3. Materials and Methodology................................................................................................ 28 

3.1 Background Data ..................................................................................................................... 29 

3.2 Methodology ............................................................................................................................ 30 

Part I – Ore Textural Characterization ........................................................................................... 30 



 

iii 

 

3.2.1 Drill Core Logging ............................................................................................................. 30 

3.2.2 Sample Preparation ........................................................................................................... 30 

3.2.3 Scanning Electron Microscopy - EDS .............................................................................. 31 

Part II – Automated Mineral Mapping ........................................................................................... 31 

3.2.4 Digital Single Lens Reflex Photography (DSLR) ........................................................... 32 

3.2.5 Pre-processing -  Image Enhancement ............................................................................ 33 

3.2.6 Mineral Classification Model ........................................................................................... 33 

3.2.6.1 Mineral Segmentation ......................................................................................... 34 

3.2.7 The ‘Stitching’ Process ...................................................................................................... 36 

3.2.8 Morphological and Stereological Corrections ............................................................... 36 

3.2.9 Hyperspectral Analysis ..................................................................................................... 37 

Part III – Textural Classes & Processing Behaviour ....................................................................... 37 

3.2.10 Machine Learning Classification Model ....................................................................... 37 

4. Results ........................................................................................................................................ 38 

Part I – Ore Textural Characterization ........................................................................................... 40 

4.1 Textural classes ........................................................................................................................ 40 

4.2 Mineralogy ............................................................................................................................... 43 

4.2 Spatial Distribution of Textural Classes ............................................................................... 44 

Part II – Automated Mineral Mapping ........................................................................................... 46 

Part III – Textural Classes & Processing Behaviour ....................................................................... 49 

5. Performance Assessment ..................................................................................................... 52 

5.1 Automated Mineral Mapping................................................................................................ 52 

5.1.1 Mineral Classes .................................................................................................................. 52 

5.1.2 Feature Extraction Scheme ............................................................................................... 53 

5.1.3 Limitations .......................................................................................................................... 55 

5.1.3.1 Training Dataset ................................................................................................. 55 

5.1.3.2 Segmentation Artifacts ........................................................................................ 55 

5.1.3.3 Computational Requirements ............................................................................... 56 

5.2 Textural Classes & Processing Behaviour ............................................................................ 57 

5.2.1 Model Performance ........................................................................................................... 57 

5.2.2 Limitations .......................................................................................................................... 57 

6. Discussion and Conclusion................................................................................................. 58 

6.1 Discussion................................................................................................................................. 58 

6.2 Conclusion ................................................................................................................................ 60 

6.3 SWOT Analysis ........................................................................................................................ 61 

6.4 Project Applications ................................................................................................................ 62 



 

iv 

 

6.5 Recommendations ................................................................................................................... 62 

References ....................................................................................................................................... 63 

Appendices ..................................................................................................................................... 69 

 

List of figures 

Figure 1. Global use of lithium by application .................................................................................. 5 

Figure 2. Particle-based geometallurgical program .......................................................................... 7 

Figure 3. Classification for describing the composition of particles – four mineral phases 
considered ............................................................................................................................................ 9 

Figure 4. Particles with similar size, shape and composition but different texture ........................ 9 

Figure 5. Main steps in classifier design........................................................................................... 14 

Figure 6. Morphology ........................................................................................................................ 15 

Figure 7. Example of erosion and dilation of a simple binary image ............................................. 16 

Figure 8. left - General location of the Keliber Lithium Project. Right – Location of the six 
pegmatite deposits and the Kalavesi production plant .................................................................. 19 

Figure 9. Geology of the Pohjanmaa Belt. The purple rectangle indicates the location of the 
Kaustinen Li-pegmatite province ..................................................................................................... 21 

Figure 10. Geology of the Kaustinen Li-pegmatite province .......................................................... 23 

Figure 11. Simplified flowsheet for Spd beneficiation and lithium carbonate production ........... 26 

Figure 12. Schematic methodology - Parts, techniques and output information .......................... 30 

Figure 13. Application of SEM-EDS. A – Epoxy polished sample. B – Carbon coated sample and 
interest sites map. C – BSE image of Spd pegmatite. ...................................................................... 31 

Figure 14. A - Image acquisition set-up. B - Halved drill core segment. C – Coarse Spd crystals 
on the flat surface of the drill core. ................................................................................................... 32 

Figure 15. Image enhancement process............................................................................................ 33 

Figure 16. Training image for mineral segmentation (5,244 x 4,160 pixels) ................................... 34 

Figure 17. Segmented training image (5,244 x 4,160 pixels) - Eight mineral classes ..................... 35 

Figure 18. Image reconstitution ........................................................................................................ 36 

Figure 19. Example of opening on a simple binary image .............................................................. 36 

Figure 20. Hyperspectral drill core images from Syväjärvi deposit ............................................... 37 

Figure 21. Li2O content discriminated by lithology ........................................................................ 38 

Figure 22. Li2O recovery from flotation tests ................................................................................... 39 

Figure 23. Idealised spatial distribution of textural classes within the pegmatite - Top view of an 
ideal Spd-pegmatite dyke ................................................................................................................. 44 

Figure 24. Decision tree for macro-scale ore textural classification of the Syväjärvi and Rapasaari 
deposits .............................................................................................................................................. 45 

Figure 25. Image processing stages .................................................................................................. 46 

Figure 26. Average Li2O content per textural class – Image analysis ............................................. 47 



 

v 

 

Figure 27. Comparison between spodumene content obtained from image analysis techniques 
and hyperspectral analysis................................................................................................................ 48 

Figure 28. Comparison between Li2O content estimated by image analysis and initial chemical 
assays .................................................................................................................................................. 49 

Figure 29. Forecasting of Li2O flotation recovery per textural class - Machine learning model ... 50 

Figure 30. Relationship between mineral classes and training time. ............................................. 52 

 

 

List of tables 

Table 1. Selected properties of lithium ............................................................................................... 3 

Table 2. Lithium-bearing minerals found in economic deposits ...................................................... 3 

Table 3. General classification and main characteristics of lithium deposits ................................... 4 

Table 4. Basic properties for image segmentation ........................................................................... 13 

Table 5. Common terminology for pattern classification ................................................................ 13 

Table 6. Mineral resources estimation by deposit at Keliber Li Project (updated to May 2018) .. 25 

Table 7. Ore reserves estimation by deposit at Keliber Li Project (updated to May 2018) ........... 25 

Table 8. Representative drill cores selected from the Syväjärvi and Rapasaari deposits. ............. 28 

Table 9. Lithological terminology for ore classification at Keliber Lithium Project. ..................... 28 

Table 10. Drill core image acquisition settings - DSLR.................................................................... 32 

Table 11. Description of mineral classes for segmentation and colour legend. ............................. 35 

Table 12. Drill core textural classification scheme for Syväjärvi and Rapasaari deposits – Based 
on drill core logging .......................................................................................................................... 41 

Table 13. Description of textural classes for Syväjärvi and Rapasaari deposits – Based on drill 
core logging........................................................................................................................................ 42 

Table 14. Main features of the mineral phases identified by drill core logging and SEM-EDS. ... 43 

Table 15. Average spodumene content per textural class – Image analysis approach.................. 47 

Table 16. Average spodumene content per textural class – Hyperspectral analysis ..................... 48 

Table 17. Li2O flotation recovery forecasting. Summary statistics - Random Forest classifier ..... 51 

Table 18. Feature extraction schemes - Classification performance. .............................................. 54 

Table 19. Image artifacts associated with mineral mapping. Artifacts and recommended 
correction............................................................................................................................................ 55 

Table 20. Device specifications - Computer used for the application of mineral mapping 
processes ............................................................................................................................................ 56 

Table 21. Li2O flotation recovery forecasting. Cross-validation summary statistics - Random 
Forest classifier .................................................................................................................................. 57 

Table 22. SWOT elements related with the implementation of this project ................................... 61 

 

 

 



 

vi 

 

List of appendices 

Appendix 1. Estimated world lithium resources ............................................................................. 69 

Appendix 2. Pegmatite classification scheme showing the correlation between pegmatite classes 

and families ........................................................................................................................................ 70 

Appendix 3. Geological map of the Syväjärvi lithium pegmatite deposit. Plan projection of the 

drill core and RC drilling sites and locations of spodumene pegmatite boulders ........................ 71 

Appendix 4. Geological map of the Rapasaari lithium pegmatite deposit. Plan projection of the 

drill core and RC drilling sites and locations of spodumene pegmatite boulders ........................ 72 

Appendix 5. Mineral phases identified by MLA ............................................................................. 73 

Appendix 6. Feature extraction processes available in Trainable Weka Segmentation plugin for 

Fiji-ImageJ software ........................................................................................................................... 74 

Appendix 7. Detailed accuracy by prediction class. Random Forest classifier.............................. 75 

  



 

vii 

 

 

Preface 

 

The present thesis report is the outcome of the final stage of the Master’s program in 

Georesources Engineering – EMerald, which is jointly developed by the following 

universities: Université de Liège (Belgium), Université de Lorraine (France), Technische 

Universität Bergakademie Freiberg (Germany) and Luleå Tekniska Universitet 

(Sweden).  

This study was carried out at Luleå Tekniska Universitet, in cooperation with Keliber 

Oy and has, as the prime focus, the description and classification of the main 

mineralogical and textural properties that characterize two important Li-pegmatite 

deposits in Central Ostrobothnia region, Finland.  

The methodology for developing this investigation is divided into three main parts, 

each of them focused on developing a specific objective. The first part deals with the 

textural classification of the ore and the recognition of the main mineral phases both in 

macro- and micro-scale. The second part focuses on the automatic identification of 

mineral classes based on drill core images. Finally, the third part was designed to 

establish a link between the textural classes and the metallurgical ore behaviour. 

The last chapter of this thesis also deals with the identification of the SWOT elements 

related to the methodology proposed for addressing this investigation. It will give 

valuable information about the main advantages and weaknesses of this project.  
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NYF     Niobium-yttrium-fluorine pegmatite family 
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U  Uranium 

Zr  Zirconium
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Ab  Albite 

Ap  Apatite 

Apy  Arsenopyrite 

Brl  Beryl 

Bt  Biotite 

Chl  Chlorite 

Fl  Fluorite 

Fsp  Feldspar 

Grt  Garnet 

Hbl  Hornblende 

Kfs  K-feldspar 
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Pl  Plagioclase 

Po  Pyrrhotite 

Py   Pyrite 

Qtz  Quartz 
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Tur   Tourmaline 

Others 
2D  Two dimensions / Two-dimensional  

3D   Three dimensions / Three-dimensional 

BSE  Back Scattered Electron images 

CNN  Convolutional neural networks 

CT  Computed tomography 

EBSD  Diffracted backscattered electrons  
EVs  Electric vehicles 

FIR  Far-infrared 

GTK  Geological Survey of Finland 

HSV  Hue–Saturation–Value colour space (also referred to as Hue-Saturation-Brightness, HSB) 

                                                   
1 Mineral abbreviations according to “List of Mineral Abbreviations. Recommendations by the IUGS Sub 

commission on the Systematics of Metamorphic Rocks: Web version 01.02.07” by Siivola J. and Schmid, R. 2007. 
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Chapter 1 

Introduction 

Nowadays, the raw materials industry is facing a big challenge: the progressive exhaustion 

of large high-grade deposits is making the satisfying global demand for raw materials an 

increasingly complex task (Northey et al. 2014). Due to this, it is imperative to develop new 

techniques for characterizing the main properties of the ore deposits, leading to the 

optimisation of all the processes related to mineral production.  

Lithium (Li) is considered to be a strategic metal for the rest of the 21st century due to the 

following two factors: on the one hand, the worldwide Li demand increases every day, mainly 

for technological and industrial applications such as Li-ion batteries for mobile phones or 

electric vehicles, air treatment and lubricants. On the other hand, sources for this element are 

not abundant. Although this element is present in several minerals in the earth's crust, not all 

of them are considered as economic sources, either because of the low Li content or because of 

the great difficulty to extract it (Kesler et al. 2012). In response to this problem, geometallurgy 

represents a possible way to face the present and future challenges of the Li production 

industry. Geometallurgy is an important tool to obtain information about ore body features 

even during early exploration stages, which results in improving resources efficiency, 

reducing operational risks and optimizing production in such a way that sustainability and 

socio-economic demands are fulfilled (Lund and Lamberg 2014). 

This study seeks the mineralogical and textural classification of two Li-pegmatite deposits 

contained within the Keliber Lithium Project in Finland. This is carried out by combining 

mineralogical techniques at different scales, in addition to the application of image analysis 

techniques and machine learning methods.   

It is expected that this project will serve as a guide to understand the mineral and textural 

characteristics of the materials that make up the ore at Keliber Lithium Project, as well as their 

behaviour during processing stages. 

1.1 Motivation 

Since the 60s, the Ostrobothnia region in Finland has been the focus of several investigations 

focused on the prospecting and exploration of mineral deposits with significant Li 

concentrations. Since then, several studies headed by the Geological Survey of Finland (GTK) 

have focused both on the definition of the metallogenic areas in Finland, the geological 

evolution of Western Finland, and the description of the Li-pegmatite deposits that 

characterize the area between the towns of Kaustinen and Kokkola (Aviola 1989; Aviola et al. 

2001; Al-ani and Ahtola 2008; Athola et al. 2010; Kuusela et al. 2011; Athola et al. 2015). During 

the last two decades, Keliber Oy has explored the extensive lithium province of Central 
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Ostrobothnia and has developed a Li carbonate production process specifically customized for 

the Li-pegmatite deposits of the Kaustinen area (Keliber 2017).    

Several authors have studied the importance of mineralogical and textural characterization 

of ore deposits as an indicator of the mineral behaviour during subsequent stages of mineral 

processing (Lamberg 2011; Bonnici et al. 2008; Bonnici 2012; Lund et al. 2013; Lund and 

Lamberg 2014; Lund et al. 2015; Tiu 2017; Pérez-Barnuevo et al. 2018). Different techniques 

have been applied to describe and characterize the textural characteristics of ore deposits (e.g. 

drill core logging, microscopy, SEM-based techniques, image analysis, hyperspectral analysis, 

X-ray microtomography, etc.). However, each technique allows collecting mineralogical and 

textural information at different scales (i.e. macro-, meso- and micro-scale). On the other hand, 

the application of techniques for studying the association of the macro- and micro-textural 

characteristics of the pegmatite bodies present in the so-called Kaustinen Li-pegmatite 

Province, and that also offers a general view on the ore behaviour during its processing, has 

not yet been investigated. 

1.2 Aim and Objectives 

This study aims to develop a methodology for the identification and classification of ore 

textures from drill cores, by linking macroscopic and microscopic properties of the minerals 

that make up the Li-pegmatite deposits in the Kaustinen area. Moreover, this textural 

characterization aims to give information about the lithium content and the variability of the 

ore behaviour during processing stages.  

This will be achieved through to the fulfilment of the following three specific objectives: 

Objective 1 - To produce a textural classification scheme based on the relationship between 

macro- and micro-scale mineral and textural properties of the minerals present in the ore. The 

behaviour of an ore during a process is controlled by the mineral phases and their textural 

characteristics. The proposed textural classification scheme would be the bridge that connects 

geological attributes and metallurgical responses.  

Objective 2 - To generate a model for the automatic classification of drill core images in mineral 

classes for the subsequent estimation of Li content. Mineral maps allow the extraction of valuable 

mineralogical and textural data, which is useful for determining mineral content per textural 

class.    

Objective 3 - To integrate textural features of the ore and metallurgical behaviours. Models 

that allow obtaining insights about the performance of the ore during its processing, based on 

its textural characteristics, would represent a fast and low-cost alternative to assess the ore 

variability at Keliber Lithium Project.   



Textural and Mineralogical Characterization of Li-pegmatite Deposit 

3 

Chapter 2 

Literature Survey 

2.1 Lithium Industry 

Lithium is the lightest metal, the least dense of the all the elements that are not gases at 

20°C, can float on water and, in the latter part of the 20th century, became important as an 

anode material in lithium batteries (BGS 2016; Goonan 2012). Because of these and other 

properties (Table 1), the utility of lithium has found its peak application in Li-ion batteries, 

which represents the major and growing industrial application and demand for this element 

due to the proliferation of mobile electronic devices and the diversification of electric vehicles 

(EVs) (Tomascak et al. 2016). 

Table 1. Selected properties of lithium (modified from Tomascak et al. 2016). 

Properties Units 

Symbol Li  
Atomic number 3  

Atomic weight 6.94  

Density in solid form at 
20°C 

534 km m-3 

Melting point 180.54 °C 

Boiling point 1342 °C 

Atomic radius 152 pm 

Crystal structure Body centred cubic  

Appearance Silvery-white  

Hardness 0.6 Mohs scale 

Electrical resistivity 9.5 mΩ cm 

Thermal conductivity 85 W m-1 K-1 

Due to its reactivity, Li does not occur in elemental form in nature. However, there are more 

than 100 known minerals that may contain Li, although only a few of these are currently 

considered as economic sources. Table 2 briefly describes the most common Li-bearing 

minerals found in economic deposits.  

Table 2. Lithium-bearing minerals found in economic deposits (source: BGS 2016 and references therein). 
(Hardness given in Mohs scale. Densities in kg m-3). Importance as economic source for lithium is specified. 

Mineral Formula 
Li content 
(Li wt. %) 

Description 
Economic 

importance 

Spodumene LiAlSi2O6 3.70 
Most abundant Li-bearing mineral found 
in economic deposits. 

High 

Lepidolite 
K2(Li,Al)5-6(Si6-7  

Al2-1O20)(OH,F)4 
1.39 – 3.60 

Uncommon form of mica that is found in 
pegmatites. Hardness of 2.5-3 and density 
2.8 to 3. Colourless, grey, yellow or white; 
vitreous. 

Low 
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Petalite LiAlSi4O10 1.60 – 2.27 

Monoclinic with two cleavage directions. 
It often occurs in pegmatites and can alter 
to spodumene. Hardness of 6 and density 
2.4. Colourless, grey, white; vitreous to 
pearly. 

Low 

Eucryptite LiAlSiO4 2.10 – 5.53 

Formerly an important source of Li 
worked in Zimbabwe, but deposits are 
rare. Hardness of 6.5 and density 2.6. 
Brown, colourless or white; vitreous. 

Not 
currently 

used 

Amblygonite LiAl(PO4)(F,OH) 3.40 – 4.70 

It was also extracted for Li in Zimbabwe. 
Deposits are uncommon. Hardness of 5.5 
to 6 and density 3. White, yellow or grey; 
vitreous to pearly. 

Not 
currently 

used 

Hectorite 
Na0.3(Mg,Li)3Si4O1

0(OH)2 
0.54 

Trioctahedral smectite clay mineral 
formed from the alteration of 
volcaniclastic rocks by hydrothermal 
activity and hot-spring waters. Hardness 
1-2 and density 2 to 3. Opaque white. 

Future 
source 

Jadarite LiNaSiB3O7(OH) 7.30 
Monoclinic borosilicate mineral 
discovered in Serbia in 2007. Hardness 4-5 
and density 2.45. White; porcellaneous.  

Future 
source 

According to BGS (2016), lithium deposits can be classified into two groups: Minerals and 

Brines. In terms of minerals, this element is currently extracted from pegmatite deposits, with 

spodumene being, by far, the most important Li-bearing mineral, and petalite along with 

lepidolite representing sources of minor economic importance. However, future sources are 

likely to include deposits of hectorite and jadarite. Brines with Li include continental, 

geothermal and oilfield brines. Extraction from this group of deposits primarily occurs from 

continental brine deposits, but extraction from geothermal and oilfield brines has been 

demonstrated in recent years, albeit not yet on a commercial scale (BGS 2016). Table 3 briefly 

describes the key characteristics of these deposits with some examples.  

Table 3. General classification and main characteristics of lithium deposits (Source: BGS 2016)  
(* grade in wt.% Li2O. ** grade in wt.% Li). 

Class 
Deposit 

type 
Typical 
grade 

Brief description Example 

Minerals 

Pegmatites 1.5 – 4* 
Coarse-grained igneous rocks formed 
during late-stage crystallisation of 
magmas. 

Greenbushes, 
Australia; Kaustinen, 
Finland. 

Hectorite 0.4* 
Lenses of smectite clay in association 
with volcanic centres. 

Kings Valley, USA; 
Sonora, Mexico. 

Jadarite 1.5* 
Altered sediments in an enclosed 
basin. 

Jadar, Serbia. 

Brines 

Continental 0.04 – 0.15** 

Salt pans in enclosed basins with Li 
enrichment likely to be from hot 
springs. These deposits usually occur 
in areas where high solar evaporation 
results in a further increase in Li 
concentration.  

Clayton Valley, USA; 
Salar de Atacama, 
Chile; Salar de 
Hombre Muerto, 
Argentina. 

Geothermal 0.01 – 0.035** 
Elevated levels of Li contained in 
steam at geothermal power stations. 

Salton Sea area, USA. 

Oilfield 0.01 – 0.05** 
Elevated levels of Li contained in 
waters or brines produced in 
oilfields. 

Smackover oilfield, 
USA. 
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Lithium is probably most familiar in everyday use in the Li-ion batteries that power modern 

mobile electronic devices. However, this element has a wide variety of other uses and, 

historically, greater quantities have been used in the ceramics and glass industries (BGS 2016). 

Figure 1 shows the use of Li by application. The future demand for this element will depend 

on a wide range of factors, including population and the degree to which demand expands to 

developing countries. Over the period 2010 to 2100 a maximum demand of 3.6 Mt is estimated 

for newly mined Li to supply Li-ion batteries in portable electronics, 12.8 Mt Li-ion batteries 

in EVs and additional 3.2 Mt of lithium for all other markets. Thus, the total estimated demand 

for newly mined Li (after considering recycling) until the end of this century is almost 20 Mt 

(Kesler et al. 2012 and references therein). 

 

Figure 1. Global use of lithium by application (Source: BGS 2016 and reference therein). 

Global resources of lithium have been estimated by the USGS at 2017 to be approximately 

46.9 Mt, with the largest resources held by Bolivia, Chile, Argentina, USA, China and 

Australia. On the other hand, world Li reserves are approximately 14 Mt, with the most 

significant held by Chile, China, Argentina and Australia (USGS 2017; BGS 2016). Appendix 1 

summarises the global Li resources classified by deposit type.   

For many of the end uses of lithium, recycling does not appear to be carried. This is partly 

because most of these end applications are dissipative, as in ceramics and glass. Although Li 

is completely recyclable and can be reused repeatedly without loss of performance, the 

economic incentive to do so from batteries is limited because the process is expensive, the 

quantities of Li contained are low and supplies of primary materials are often more cost-

effective (BGS 2016).   

  Even though there are substitutes available for Li in many applications such as batteries, 

ceramics, greases and manufactured glass, there is often scarce incentive to replace it because 

there has not been a supply shortage, Li is relatively inexpensive, and its performance is 

comparably more efficient. There is a very wide range of other, non-lithium, battery types in 

the market with different advantages and disadvantages compared to Li-ion types but, in 

general, it is the Li-ion battery that is progressively replacing the other types. This is 
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particularly due to the high-energy density and lightweight properties that lithium can offer 

(BGS 2016 and references therein).  

According to Arndt et al. (2010), lithium has become essential for global industry and 

special attention should be paid to its production and market. At present, the vast majority of 

the resources are in South America, in politically unstable countries with a troubled history of 

mining and mineral exploration. Technical and environmental issues are also associated with 

the production of Li from these deposits. Additionally, the estimated increasing Li demand 

during the rest of the 21st century implies the necessity for greater efforts on increasingly 

efficient production processes, as well as the more efficient use of Li in different applications 

(Arndt et al. 2010).  

2.2 Geometallurgy 

The idea of geometallurgy seeks for the improvement of the knowledge of an ore by 

developing methods to measure parameters with high importance for processing (Lund and 

Lamberg 2014). According to Jackson et al. (2011), this concept is presumably traced from the 

earliest days of mineral exploration in the mid-1,500s but is during the late 20th century when 

geometallurgy began taking importance, requiring the integration of relevant functional units 

and disciplines. Thus, geometallurgy can be interpreted as a combination of geological, 

mineralogical and metallurgical information to create spatially-based predictive models for 

designing a suitable mineral process, which results in production optimisation (Lamberg 2011; 

Lund and Lamberg 2014).  

As a multi-disciplinary approach, geometallurgy can quantitatively forecast the quality of 

concentrates and tailings, metallurgical performance (e.g. metallurgical recoveries and 

throughput) and environmental impact (e.g. freshwater usage per processed tonne of ore) 

(Lishchuk et al. 2015). 

The implementation of geometallurgy in a mining project relies on the development of 

geometallurgical models followed by a geometallurgical program. The geometallurgical 

program is an industrial application consisting of continuous actions to increase the 

knowledge on the variability of the ore body (including both geological and processing 

properties) with the aim of understanding the effects of that variability on the ore processing 

and how it can be used in production planning and management (Lishchuk 2016). 

There are basically two different approaches for relating geological and metallurgical 

information to generate spatially-based predictive models (Lund, Lamberg, and Lindberg 

2013). The first one is based on geometallurgical testing (Lund et al. 2013; Lamberg 2011), 

which rely on metallurgical response with no information about mineralogy (Lund and 

Lamberg 2014). The second approach contemplates minerals as key elements to relate geology 

and metallurgy, considering their chemical composition, mass proportions and their 

associations in ore textures (Lishchuk 2016; Lund, Lamberg, and Lindberg 2013). Figure 2 

schematises the particle-based geometallurgical approach in a cyclic diagram.   

Based on this approach, it is possible to divide a geometallurgical program in a geological 

model, a process model and a production model (Lund and Lamberg 2014). The geological 



Textural and Mineralogical Characterization of Li-pegmatite Deposit 

7 

model should give enough information to forecast the behaviour of particles during 

processing, based on mineralogy and textural information (Lishchuk 2016 and references 

therein). It relies on a properly performed ore characterization, which depends on quick and 

efficient but inexpensive modal analysis and textural analyses. Process models take the 

information from the geological model and translate it into metallurgical performance data. 

This is achieved by dividing the ore body into textural classes or archetypes, considering that 

samples are texturally similar if the behaviour of the particles they produce is similar during 

a metallurgical process. Finally, the production model combines the geological and 

metallurgical models as a tool for production management, taking care of the production 

schedule and economic programs (Lund and Lamberg 2014).  

 

Figure 2. Particle-based geometallurgical program (modified from Lamberg 2011). 

Due to the crucial role of mineralogical characterization for the correct definition of 

geological models, recent studies have focused on the development of methodologies and 

techniques for efficient characterization of the variability within the ore, as well as in the 

development of geometallurgical models in different mineral deposits and mining operations 

(Lund et al. 2013; Jackson et al. 2011, Montoya et al. 2011, Keeney and Walters 2011, 

Dzvinamurungu et al. 2013, De Magalhães and Tavares 2014, Compan et al. 2015, Deutsch et 

al. 2015, Mwanga et al. 2017, Navarra et al. 2017). Moreover, several studies have been carried 

out to improve the understanding of mineral textures and their implications for mineral 

processing. Lund et al. (2015) presented a geometallurgical methodology which combines 

textural classification, breakage model and process model for processing forecasting. Koch 

(2017) describes a tool to simulate mineral particles by relating meso-textural information with 

micro-textures. Koch et al. (2017) and Tiu (2017) presents techniques to identify and classify 

textures directly from drill cores. Pérez-Barnuevo et al. (2013) report a methodology for the 

textural characterization of chalcopyrite from a rougher concentrator. Pérez-Barnuevo et al. 

(2018) worked on a methodology based on image analysis for automated identification of drill 

core textures.  
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2.3 The Challenge of Texture 

It is widely accepted that textures are critical mineralogical characteristics which strongly 

govern the ore behaviour in mineral processes (Lund et al. 2015; Bonnici 2012; Cropp et al. 

2013; Tungpalan et al. 2015; Dey et al. 2017; Pérez-Barnuevo et al. 2018). The problem relies on 

how to describe textures and how to use that information to forecast the ore behaviour during 

processing (Bonnici et al. 2008; Lund et al. 2015). This is particularly associated with the 

different classification schemes between geologists, mineral processors and metallurgists.  

From the geological point of view, Best (2003) defines the term fabric as used for all of the 

non-compositional properties of a mass of rock discernible on scales of observation from 

outcrop and hand sample to microscopic. This term includes both the concept of texture and 

structure. The first concept refers to grain characteristics – including grain size and shape, 

inter-grain relations and amount of glass – generally seen at the scale of hand sample or 

smaller. On the other hand, structure refers to features seen at a scale of a hand sample or 

larger. Geological description and classification of mineral textures seek for the identification 

of the minerals and rock genesis. They can be used either to define the name of the rock – or 

form part of the rock name itself –, and generally consider the description of attributes in 

qualitative terms which may differ between geologists and frequently result in poorly defined 

qualitative data  (Bonnici 2012; Lund et al. 2015). This descriptive information is not adequate 

and insufficient for geometallurgical purposes since it is difficult to integrate into models to 

be used in mineral exploration and/or mineral processing circuits.  

Geologists also have wide arrangements of nomenclature for textural description of mineral 

crystals, typically referred to the size, shape and conditions of the mineral grain (Bonnici 2012). 

This nomenclature is intended to give information about the relative dimensions of the crystal 

faces by associating the external crystal shape to resembling geometric elements (e.g. cubes, 

cylinders) or to objects with well-known shape (e.g. needles, fibres). How well the faces are 

developed in a crystal is categorised by employing the terms euhedral (well-developed), 

subhedral (incompletely developed) and anhedral (undeveloped) (Best 2003). 

In the field of ore mineralogy, textures are characterized based on the presence of valuable 

minerals (ore minerals) and their relationship with the gangue phases in the orebody (Bonnici 

2012). Barton (1991) presents a detailed analysis of ore textures based on the spatial 

relationship between valuable and gangue minerals and its implications for mineral 

stratigraphy, hydrothermal processes and mineral formation. This provided guides to 

understand the nature and duration of geological processes.  

In mineral processing and metallurgy, the term texture (also referred to as micro-structure) 

is applied to describe the size and shape of particles (broken fragments of rocks) and then 

extended to the description of quantity and types of mineral components that make up the 

particle (Bonnici 2012 and references therein). In these fields, the classification of ore grain 

textures is intended to associate grains to processing characteristics, i.e. attributes that are 

likely to influence the processes of liberation, flotation and ultimately the recovery of the 

valuable mineral phase (Cropp et al. 2013; Bonnici 2012 and references therein). Thus, a 

particle can be classified based on the number of mineral phases it comprises. This 
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classification assumes that the fewer mineral phases are contained in a particle, the more likely 

that the valuable mineral will be exposed on the particle surface and the more likely that it will 

be recovered e.g. by flotation (Figure 3). However, particles of the same size, shape and 

mineral composition can present significantly different mineral processing properties based 

on their textures (Bonnici 2012; Figure 4). 

 

Figure 3. Classification for describing the composition of particles – four mineral phases considered (modified 
after Jones 1987 in Bonnici 2012). Binary: composed of two mineral phases (A and B); Ternary: composed of 

three mineral phases (A, B and C); Quaternary: composed of four mineral phases.   

 

Figure 4. Particles with similar size, shape and composition but different texture (modified after Jones 1987 in 
Bonnici 2012). Particles 1 and 2 will have different flotation behaviour. Particles 3 and 4 are similar in size, 
shape and mineral composition. In particle 4, mineral phases can be partially separated, but in particle 3 it is 

necessary to decrease particle size to achieve the liberation of mineral C. In particle 5, mineral B is not available 
for attack by leaching agents, but in particle 6, mineral D is readily for leaching. 

There are several terms to describe and classify the distribution of minerals in particles, 

which typically refers to the location of the valuable mineral phase with respect to the particle 

surface (Bonnici 2012). This nomenclature brings up the concept of liberation, which gives 

information about the amount of target mineral exposed on the particle surface. Liberation is 

one of the major objectives of comminution, by releasing the valuable minerals from associated 

gangue at the coarsest possible particle size (Wills and Napier-Munn 2006). This concept can 

be divided into four main terms: (1) Complete liberation, indicating the total exposition of the 

target mineral. (2) Locked mineral, which indicates that target minerals are completely 

enclosed by gangue minerals. (3) Middling, referring to particles formed by locked minerals. 

(4) Refractory, associated with ores that are difficult to treat due to complex mineralogy or 

because target minerals are finely disseminated (Bonnici 2012).  

2.3.1 Texture as a Function of Scale 

There are three different scales for the identification and description of textural features, i.e. 

mega-, macro- and micro-scale. They are based both on the size of the sample and the size of the 

features to identify, i.e. mega-, macro- or micro-textures. Thus, the term mega-texture is related to 

features that are observable from a distance, macro-textures are observed in hand specimen and 

micro-textures can only be recognised with the aid of magnification instruments (Bonnici 2012).  
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Generally, the acquisition of textural data is performed at different scales during the entire 

history of exploration, exploitation and processing of an ore deposit. For instance, drill-core 

logging is routinely undertaken by geologists, but it typically does not document attributes 

that are likely to affect mineral processing behaviours other than the relative abundance of 

valuable minerals and vein structures. On the other hand, mineral processors and 

metallurgists typically do not consider geological features as texture for selecting true ‘ore 

types’ which will directly impact the design of mining operations. Thus, the integration of 

mineralogical and textural features that are identified at various scales is tremendously 

important since it is the bridge that links geological attributes to mineral processing 

behaviours (Bonnici 2012; Bonnici et al. 2008 and references therein).  

2.3.2 Textural Measurements 

Qualitative or categorical classification of textures made by geologists, besides being 

difficult to integrate into models, has no information to establish a direct relationship with 

mineral processing properties (Bonnici 2012). If the description of textures can be performed 

numerically, and even with additive parameters, then it is possible to process them with 

geostatistical methods similarly to metal grades in resource estimation (Lund et al. 2015 and 

references therein).  

With the aim of performing comprehensive quantitative textual analysis of a rock, particle 

or mineral, texture needs to be considered in terms of its individual components. This will 

allow the understanding of how individual textural parameters can influence the processing 

behaviours. Typical textural parameters are size (referred to the measure of space occupied by 

an object), shape (associated to the external form or contour of minerals), modal mineralogy 

(relative distribution of minerals), mineral associations (relationship between target mineral and 

gangue phases) and mineral distribution (Bonnici 2012).  

There is a wide variety of techniques that allow the measuring of textural features or 

descriptors, which allow us to obtain information on the textural parameters above mentioned. 

The application of these techniques depends on the scrutiny scale and the required precision. 

For instance, visual logging, optical microscopy and SEM-based techniques can give 

information about the mineral phases and their proportion within the ore, but the 

measurement scales are completely different. However, these can be integrated to extract 

complementary data.  

2.4 Data Acquisition Techniques 

In this study, the acquisition of textural and mineralogical data has been performed both 

on macro- and micro-scale, through the visual inspection of drill cores and the application of 

SEM-EDS.  

A series of image analysis techniques were applied to generate a model for the automated 

drill core mineral classification. Subsequently, hyperspectral analyses served as reference data 

to compare the results obtained from the image analysis processes. Finally, machine learning 

methods allowed to establish the link between ore textural data and processing behaviours.   
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2.4.1 Drill Core Logging 

Drill core logging typically represents the initial data acquisition technique in most of the 

engineering, geological and mining projects. This technique allowing the early obtaining of 

information about lithology, mineralogy, mineral alterations, weathering, grain size, 

structures and geotechnical data. The quality of the data and its accuracy entirely depend on 

the expertise of the logger. Therefore, measurements are carried out with a high subjectivity, 

which makes necessary the application of more accurate complementary techniques. 

2.4.2 Principle of Scanning Electron Microscopy (SEM) 

Scanning electron microscopy (SEM) represents an important technique for imaging and 

analysing different materials. The principle of SEM is based on the acceleration of the electrons 

from a thermionic cathode, towards a specimen through a voltage difference between cathode 

and anode that may be as low as 0.1 keV or as high as 50 keV. Electrons interact and scatter 

when they impact the sample. The signals that derive from electron-sample interactions reveal 

information about the sample including external morphology, chemical composition, 

crystalline structure and orientation of materials making up the specimen. Generally, data are 

collected over a selected area of the surface of the sample, followed by the generation of a two-

dimensional (2D) image displaying the variations in these properties (Reimer 1998; Harding 

2002; Swapp 2017).   

Signals derived from electron-specimen interactions include secondary electrons (that 

produce SEM images), backscattered electrons (BSE), diffracted backscattered electrons 

(EBSD, used to determine crystal structures and mineral orientation), photons (characteristic 

X-rays, which are used for elemental analysis and continuum X-rays), visible light (used for 

cathodoluminescence), and heat. Conventional SEM techniques allow imaging areas ranging 

from approximately 1cm to 5 μm in width (magnification ranging from 20X to approximately 

30,000X, spatial resolution of 50 to 100 nm). Moreover, SEM can perform analyses on selected 

point locations on the sample. This approach is specially used in quantitative or semi-

quantitative determination of the chemical composition (using energy dispersive EDS 

detector), crystalline structure and crystal orientations (using EBSD) (Swapp 2017). 

2.4.2.1 Energy-Dispersive X-Ray Spectroscopy (EDS) 

Energy-Dispersive X-Ray Spectroscopy (EDS) is a technique based on the analysis of the X-

rays generated during the electron-specimen interaction. An energy-dispersive detector is 

used to separate the characteristic X-rays of different elements into an energy spectrum, and 

an EDS software is used to analyse the energy spectrum in order to determine the abundance 

of specific elements. This technique can be used to determine the chemical composition of 

materials down to a spot size of a few microns, and to produce element composition maps 

over a much broader raster area (Goodge 2017).  

Two main limitations of EDS systems may be taken into consideration. First, energy peak 

overlaps among different elements are common, particularly those corresponding to X-rays 

generated by emission from different energy level shells. Second, EDS cannot detect the 

lightest elements, typically below the atomic number of Na for detectors equipped with a Be 
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window. The development of polymer-based thin windows and windowless detectors allow 

for detection of light elements, depending on the instrument and operating conditions 

(Goodge 2017). 

2.4.3 Image Analysis 

Heilbronner and Barrett (2014) make a distinction between images and the objects they 

represent. According to them, humans are very good at recognising what is represented in a 

given image – even if it is of poor quality – but it is not possible to see the image itself. On the 

other hand, for computers, only the image itself is ‘visible’. Computers ‘see’ a two-dimensional 

distribution of light and shadow, a map of intensities that could also be interpreted as an 

arrangement of pixels or numerical matrices.  

Since humans are good at interpreting the content of an image (in other words, at 

performing what is called segmentation or object recognition), and computers are very good 

at direct image manipulations and processing (e.g. sharpening, blurring or modifying grey 

levels), we may consider human vision and computer vision as complementary. Thus, 

successful image analysis will depend on how well one can teach a computer to recognise and 

analyse objects in an image and, likewise, on how well we can learn from computers to see 

and interpret the data and the quality of the image itself (Heilbronner and Barrett 2014).  

Image analysis is focused on the extraction of quantitative information from images which 

have been captured in digital form (Francus et al. 2005 and references therein). However, a 

distinction between image processing and image analysis has to be made. On the one hand, 

the aim of image processing is the conversion of an image into a new image. On the other 

hand, the result of image analysis is the conversion of an image into a number, a set of numbers 

or a graph (Heilbronner and Barrett 2014).  

Due to technological progress in computer capabilities during the last decades, image 

analysis has been successfully employed in several areas, e.g. morphological characterization 

of fertilisers, evaluation of tumours, forensic sciences, mineral characterization, besides many 

others (Le et al. 2018; Cai and Hong 2018; Verolme and Mieremet 2017; Donskoi et al. 2018).    

In this study, digital image analysis is performed through the application of image 

segmentation and classification, along with morphological corrections.   

2.4.3.1 Image Segmentation 

Image segmentation is a generic process which allows the subdivision of an image into its 

constituent regions or objects. This process occupies a very important role in image processing 

because it is so often the crucial first step before subsequent tasks such as feature extraction, 

classification and description (Solomon and Breckon 2011). The level to which the subdivision 

is performed depends on the problem being solved, i.e., segmentation should stop when the 

objects of interest in an application have been properly identified or isolated (Gonzalez and 

Woods 2002). Three basic properties can be explored when attempting to segment images. 

They are briefly described in Table 4.  
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Table 4. Basic properties for image segmentation (Source: Solomon and Breckon 2011). 

Property Description 

Colour 
It is the simplest and most obvious way of discriminating between objects in an 
image. Objects that are confined to a certain region of a colour space should be easily 
separated from others.  

Texture 2 

In the field of image processing, this term accords reasonably well with the typical 
notions of ‘rough’ and ‘smooth’ objects. It refers to the spatial variation in the 
intensity of colour values in the image over a certain spatial scale. Texture values are 
based on the calculation of statistical parameters of the intensity over a certain 
neighbourhood in the image.  

Motion 
In specific applications, the motion of an object in a sequence of image frames can be a 
powerful aid. When it takes place in a stationary background, frame-by-frame 
techniques are often effective to accurately outline a moving object.  

Image segmentation procedures are generally focused on the evaluation of the previously 

described properties, based on one of two basic principles: discontinuity and similarity. The 

first principle suggests the segmenting of an image based on abrupt changes in pixel intensity. 

In contrast, approaches related to the second category are based on partitioning an image into 

regions that are similar according to a set of predefined criteria (Gonzalez and Woods 2002; 

Solomon and Breckon 2011).  

2.4.3.2 Image Classification 

Classification takes place in most aspects of life as a first step before selection and decision-

making. In the context of images, autonomous image classification is a widely studied field 

that integrates image processing techniques and pattern recognition processes. Its objective is 

the identification of the characteristic features, patterns or structures within an image and use 

these to assign them (or the image itself) to a particular class (Solomon and Breckon 2011). 

Table 5 summarises these and some other typical terms used in pattern recognition and image 

classification.  

Table 5. Common terminology for pattern classification (Source: Solomon and Breckon 2011; Gonzalez and 
Woods 2002). 

Term Description 

Feature Often used in pattern recognition literature to denote a descriptor. 

Feature vector 
It refers to an N-dimensional vector, each element of which specifies some 
measurement on the object. 

Pattern The word pattern refers to an arrangement of descriptors. 

Feature space 
It corresponds to the abstract (N-dimensional) mathematical space spanned by the 
feature vectors used in the classification problem. 

Training data Collection of feature vectors used to build a classifier. 

Test data Collection of feature vectors used to test the performance of a classifier.  

Pattern class 
It encapsulates a group of patterns or features that share some common statistical or 
conceptual properties.  

Discriminant 
function 

Function whose value will determine assignment to one class or another. Typically, a 
positive evaluation assigns to one class and negative to another.  

                                                   
2 This is a general definition of texture for image analysis purposes. Attention on this must be paid to avoid 

misinterpretations with the discussion made in section 2.3. Moreover, Tuceryan and Jain (1998) emphasize the 
lack of a precise definition of texture in computer vision and image processing literature.  
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Classification techniques can be grouped into two categories: supervised and unsupervised. 

The supervised category relies on having an example pattern or feature vectors which have 

already been assigned to a defined class. The aim is to use training examples to design a 

classifier which generalises well to new examples. By contrast, unsupervised classification 

does not rely on an existing example of a known pattern from a class. This type of classifiers 

seeks to identify groups directly within the overall body of data and features which allow the 

distinction between groups (Solomon and Breckon 2011; Gonzalez and Woods 2002). 

The design of classification systems, based on the specific conditions of the problem, is 

crucial for a proper classification of the elements within a given image. This process includes 

six main steps which are summarised in the decision tree shown in Figure 5. 

 

Figure 5. Main steps in classifier design (modified from Solomon and Breckon 2011). 

To validate the classification performance, the classifier should be assessed on a new sample 

of feature vectors to check how well it can generalise to new examples. An unsatisfactory 

performance is application-dependent and implies that the designer has to consider whether 

the selected classes are adequate, whether the feature selection needs to be modified or the 

classification algorithm itself has to be revised (Solomon and Breckon 2011).  

Several procedures can be used for assessing classifiers. Cross-validation corresponds to a 

technique which gives an accurate estimate of the true error without “wasting” too much data 

on validation (Shalev-Shwartz and Ben-David 2014). By means of this method, the original 

training set is partitioned into k subsets (folds), then randomly each part is divided into two 

and use one part for training and the other part for validation (Shalev-Shwartz and Ben-David 

2014; Alpaydin 2010). This is done by repeated use of the same data split differently, which 

makes the error percentages dependent as these different sets share data (Alpaydin 2010). 

Even with smaller randomly partitioned training datasets, robust classification systems must 

be able to produce correct classifications.  

2.4.3.3 Textural Feature Extraction 

Image features can be interpreted as distinguishing primitive characteristics or attributes of 

an image. Some of them are natural, i.e., they are defined by the visual appearance of an image 

(e.g. luminance of a region of pixels and greyscale textural regions). Alternatively, artificial 

features result from specific manipulations of an image (e.g. image amplitude histograms and 

spatial frequency spectra) (Pratt 2001).  
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The selection of the discriminating features defines the feature space. Thus, it is very 

important to select features with the following two key properties: first, the feature set should 

be as compact as possible, because the larger numbers of selected features the larger number 

of training samples to train the classifier effectively. Second, feature sets should have high 

‘discriminatory power’, i.e. the selection of features should be based on attributes whose 

distribution over the defined classes is as widely separated as possible, and the selected set of 

attributes should be, as closely as possible, statistically independent of each other (Solomon 

and Breckon 2011). Approaches for textural feature extraction can be grouped into four major 

categories: (1) Statistical approaches, which describe the textures by means of statistical 

measures. (2) Geometrical, which extract the features by using relative positions and sizes of 

important components within the image. (3) With the model-based approaches, an image 

model is assumed, its parameters are estimated for a sub-image, and the model parameters 

derived from them are used as features. Finally, (4) with signal processing approaches, images 

are decomposed into several filtered images, which are turned to different spatial frequency 

ranges and orientations (Randem 1997).  

2.4.3.4 Morphology 

Mathematical morphology is a topological and geometrical based approach, which is aimed 

to identify and extract meaningful image descriptors based on properties of form or shape 

within a given image (Serra 1982; Matheron and Serra 1998; Solomon and Breckon 2011). It 

provides a powerful tool for extracting geometrical structures and representing shapes in 

many applications (Yu and Wang 2005). Morphology includes a series of methods which are 

treated mathematically within the framework of set theory. These operations can be applied 

to images of all types, but the primary use is for processing binary images (Solomon and 

Breckon 2011). Morphological operations are performed on an image by defining a structuring 

element, which is composed by binary arrays and defines a moving window which is shifted 

over the image (Gonzalez and Woods 2002; Figure 6). 

 

Figure 6. Morphology - Structuring element given by the shaded pixels in the image which lie beneath the pixels 
of value 1 in the structuring element (modified from Solomon and Breckon 2011). 

According to Yu and Wang (2005), morphological methods can be classified according to 

several criteria: use shape boundary points (i.e. external methods) as opposed to the interior 

of the shape (internal methods), whether the result is numeric (scalar transform techniques) or 

non-numeric (space domain techniques), or whether the operator is information-preserving or 

information-losing (Yu and Wang 2005). Although these classifications include sophisticated 
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procedures, the key morphological operators are called dilation and erosion (Solomon and 

Breckon 2011).  

To perform erosion of a binary image, it is needed to place the centre pixel of the structuring 

element on each foreground pixel (value 1). If any of the neighbourhood pixels are background 

pixels (value 0), then the foreground pixel is switched to background. One of the simplest uses 

of erosion is for eliminating irrelevant detail (in terms of size) from a binary image. In an 

analogous way, for dilation, if any of the neighbourhood pixels are foreground pixels, then the 

background pixel is changed to foreground. One of the common applications of dilation is for 

bridging gaps (Solomon and Breckon 2011; Gonzalez and Woods 2002). Erosion and dilation 

processes are schematised in Figure 7.    

 

Figure 7. Example of erosion and dilation of a simple binary image (modified from Solomon and Breckon 2011). 
A: binary image. B: structuring element. Blue squares represent the new pixels resulting after each process.  

2.5 Stereology 

According to Mouton (2005), stereology literally translates from Greek as ‘the study of objects 

in three dimensions’. It refers to the science of making statistical inference about spatial 

structures from samples of a geometric nature. Stereological methods are used in the study of 

the different components of spatial materials such as metals, minerals, synthetic materials or 

biological tissues (Vedel Jensen 1991).  

In mineral processing and metallurgy, liberation states are assessed through 2D 

measurements of ore particle sections, which are typically measured using automated 

analysing systems based on scanning electron microscopy, such as mineral liberation analysis 

(MLA). These 2D assessment methods inevitably suffer stereological bias, leading to the 

overestimation of the degree of liberation apparent in 2D, when compared with the true degree 

of liberation in three dimensions (3D) (Ueda et al. 2017 and references therein). Therefore, the 

application of stereological correction methods for analysing 3D data from 2D counterparts is 

required (Ueda et al. 2017 and references therein).  

Classical stereology is implemented here to obtain a stereological correction based on 

sectional texture analysis. It deals mainly with ratios and has been widely implemented in 

parallel with the increasing use of scanning techniques for image analysis purposes. In 



Textural and Mineralogical Characterization of Li-pegmatite Deposit 

17 

material sciences, the ratios or proportion of materials usually are the target parameters 

themselves, as well as total volume, surface area or feature length (Cruz-Orive 1997; West 

2012). The approach applied in this study is based on quantifying the mineral feature of 

interest from a binary image. Then, the stereological bias of the binary section is corrected by 

means of spherical projections.  

2.6 Principle of Spectroscopy  

Spectroscopy refers to the study of light as a function of wavelength that has been emitted, 

reflected, or scattered from materials which can be solid, liquid or gaseous (Clark 1999). It is 

highly applied in the field of remote sensing, dealing with the spectrum of sunlight that is 

diffusely reflected by materials at the surface of Earth (Smith 2012).  

When photons interact with a mineral, some are reflected from the surface, some pass 

through the sample, and some are absorbed. Photons that are reflected or refracted through a 

particle are said to be scattered. These can encounter another grain or be scattered away from 

the surface, so they may be detected and measured. Additionally, photons can also be 

generated from a surface in a process called emission. Emitted photons are subject to the same 

physical laws of reflection, refraction and absorption to which incident photons are bound 

(Clark 1999). 

In reflected-light spectroscopy, the fundamental property is the spectral reflectance, which 

can be defined as the ratio of reflected energy to incident energy as a function of wavelength. 

Since energy at certain wavelengths is scattered or absorbed to a different degree, reflectance 

varies as a function of wavelength. These variations in reflectance are evident when comparing 

spectral reflectance curves for different materials. Therefore, the overall shape of a spectral 

curve, as well as the position and strength of absorption bands can be used to identify different 

materials (Smith 2012). 

In inorganic materials such as minerals, chemical composition and crystalline structure 

control both the shape of the spectral curve and the position of specific absorption bands. 

Absorption of a specific wavelength may be caused by the presence of particular chemical 

elements or ions, ionic charge of certain elements, and the geometry of chemical bonds 

between elements, which is partly governed by the crystal structure (Smith 2012).  

Spectroscopy can offer a wealth of information about mineralogy but, in many cases, it is 

very sensitive to subtle variations in the crystal structure or mineral chemistry. Because of this, 

spectral analysis can be very complex, especially when analysing clays, iron oxides, iron 

hydroxides, quartz, and other minerals with strong absorption bands at levels significantly 

lower than other methods, such as x-ray diffraction (Clark 1999 and references therein).  

Mineral properties that highly influence the spectral signature of a mineral specimen are: 

(1) Brightness, if a mineral grain is bright at visible wavelengths, e.g. quartz, most photons are 

scattered. On the other hand, if the grain is dark, e.g. magnetite, all the photons will be 

absorbed. (2) Mineral mixtures strongly alter the characteristic spectra of minerals. (3) The 

grain size controls the amount of light scattered and absorbed. A larger mineral grain has a 

greater internal path where photons may be absorbed. Scattering is controlled by reflection 
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from the surface and internal imperfection. (4) The viewing geometry (including angle of 

incidence, angle of reflection and phase angle) affects the intensity of the light received. (5) 

Crystalline variations directly affect the reflectance, for instance, in nanocrystalline hematite, 

the typical iron absorption at 0.9 μm is reduced in depth and the UV absorption is weak (Clark 

1999). 

2.6.1 Hyperspectral Imaging 

Hyperspectral imaging, is a remote sensing technique with wide applications in planetary 

sciences. The captured data consist of arrays of images of the same scene, which are composed 

of very narrow continuous spectra with hundreds of bands, covering the visible light, near-

infrared (NIR), middle-infrared (MIR), long-wavelength-infrared (LWIR) and thermal-

infrared areas. These measurements make it possible to derive a continuous spectrum from 

each image cell, which can be compared with laboratory reflectance spectra in order to 

recognise and map the surface of materials such as diagnostic minerals associated with ore 

deposits (Antonov and Linsen 2018; Wang and Zhao 2016; Smith 2012).  

Hyperspectral data collections generate hundreds of high-resolution 2D images, but 

interpreting them requires an understanding of exactly what properties of materials we are 

trying to measure (Antonov and Linsen 2018; Smith 2012). The mineral mapping scenario 

relies on the knowledge of the spectral features of the mineral classes for their identification 

and separation. However, several factors influence the shape of the spectral signal and 

complicate the interpretation by comparing to laboratory summaries. For instance, even in 

high-resolution images, each pixel can contain information about several mineral phases, 

creating a mixture of mineral signals even where it might be relatively ‘large’ areas of ‘clean 

mineral’. Factors such as surface purity, abundance and grain sizes modify the final spectral 

shape. Finally, noise and scanning artifacts, such as instrument miscalibration, shadows and 

intensity variation,  produce distortion into the signal (Antonov and Linsen 2018).  

In this study, hyperspectral infrared core images will be used as a reference for comparing 

the results obtained from image analysis techniques.  

2.7 Machine Learning 

For computers, solving problems is a task that requires the use of algorithms, which are 

sequences of stages or instructions, organized in a logical way, for transforming the input data 

into an output. However, for some tasks, no specific algorithms are available, which makes 

impossible the transformation of the input data (Alpaydin 2010).  

Two aspects of a given problem may call for the use of programs that learn based on the 

data and improve based on their ‘experience’: the complexity of the problems and the need for 

adaptivity. Tasks related to the analysis of large and complex data sets (e.g. astronomical data, 

weather forecasting) are difficult to perform. Thus, it is necessary to learn to detect meaningful 

patterns in complex datasets. This is possible thanks to the availability of programs that learn 

with large memory capacity and increasing speed of computers. In the case of the need for 

adaptivity due to the existence of problems that change over the time or from one user to 
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another, machine learning tools represent solutions that, by nature, are adaptive to changes in 

the environment (input data) they interact with (Shalev-Shwartz and Ben-David 2014). 

Machine learning uses the theory of statistics in building mathematical models because the 

core task is making an inference from a sample. Therefore, the principle of learning has been 

divided into two types: supervised learning and unsupervised learning. As briefly above-

mentioned, in the supervised type, the aim is to learn a mapping from the input to an output 

whose correct values are provided by a supervisor. In unsupervised learning, there is no such 

supervisor and we only have input data. The objective is to find regularities in the input. 

Therefore, there is a structure to the input space such that certain patterns occur more often 

than others, and we want to see what generally happens and what does not. This is generally 

carried out in a two-stage approach. Initially, in the training stage, massive amounts of data are 

stored and processed by several algorithms to create a model. Subsequently, the model is 

learned and tested to obtain representations and algorithmic solutions for inference (Alpaydin 

2010). 

In this study, machine learning was implemented through the application of a supervised 

approach, using Random Forest classifier in Weka software (The University of Waikato 2016). 

This approach was aimed to forecast the metallurgical behaviour of ore textural classes based 

on the initial drill core chemical compositions. 

2.8 The Keliber Lithium Project 

The Keliber Lithium Project, developed by Keliber Oy, aims the production of high-purity 

lithium carbonate from Li-pegmatites. Figure 8 shows the location of the project and each 

pegmatite deposit. 

 

Figure 8. left - General location of the Keliber Lithium Project. Right – Location of the six pegmatite deposits and 
the Kalavesi production plant (basemap source: Esri 2018). 
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It is located in the Central Ostrobothnia region, Western Finland, in the municipalities of 

Kaustinen, Kokkola and Kruunupyy, approximately 385 km north-northwest from Helsinki 

and 42 km from the city centre of Kokkola. This project consists of six pegmatite deposits 

(Syväjärvi, Rapasaari, Länttä, Outovesi, Emmes and Leviäkangas) and the Kalavesi 

production plant (SWECO 2016).  

2.8.1 Geological Setting 

The Kaustinen-Kokkola area is characterized by the so-called Kaustinen Li-pegmatite 

province which is located within the Western Finland Paleoproterozoic supra crustal rocks 

belonging to the Pohjanmaa Belt (Athola et al. 2015 and references therein). This is sometimes 

referred to as the Ostrobothnia Schist Belt, which forms a 350 km long and 70 km wide arc-

shaped belt between the Central Finland Granitoid Complex in the east and the Vaasa 

Granitoid Complex in the West (Aviola et al. 2001; SWECO 2016). Figure 9 shows the regional 

geological map.  

The Pohjanmaa Belt is characterized by mica schists and gneisses, frequently intercalated 

with metavolcanic rocks (Athola et al. 2015). Porphyrite sills hosting Sb mineralizations are 

commonly found at the southern part of the belt (Aviola et al. 2001 and references therein). 

Sheets of pegmatite granite intrusions, barren pegmatite dykes and RE-pegmatites are 

frequently found in the southern and eastern parts of the schist belt (Aviola et al. 2001; Aviola 

1989). Minor intrusive rocks, mainly foliated tonalities, granodiorites and granites are also 

found within the belt (Aviola et al. 2001). The metamorphic grade varies from low amphibolite 

facies in the eastern part to high amphibolite facies towards the Vaasa Granitoid Complex 

(SWECO 2016), reaching the metamorphic peak at about 1.89-1.88 Ga (Mäkitie et al. 2001). 

The large Central Finland Granitoid Complex is mostly composed of granodiorites and 

granites, which can be divided into two groups: collision-related foliated syn-kinematic 

tonalites and granodiorites (1.89-1.88 Ga), and porphyritic or even-grained post-kinematic 

granites and quartz monzonites with ages between 1.88 and 1.87 Ga (Aviola et al. 2001 and 

references therein). 

The Vaasa Granitoid Complex, also referred to as the Vaasa Migmatite Complex, is mainly 

composed of migmatitic rocks with biotite as the only mafic mineral and garnet as a typical 

accessory mineral. Supracrustal rocks are commonly present as remnants. The southern part 

of this complex is characterized by granodioritic, peraluminous even-grained or porphyritic 

diatexites. Rocks in this complex gradually change via metatexites to the mica schists of the 

Pohjanmaa Belt (Aviola et al. 2001 and references therein). 
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Figure 9. Geology of the Pohjanmaa Belt. The purple rectangle indicates the location of the Kaustinen Li-
pegmatite province (geological map after Nironen et al. 2015 referenced by Athola et al. 2015). 

2.8.1.1 Origin and Classification of the Pegmatite Deposits  

Granitic pegmatites are important sources of rare metals including Li, Sn, Ta, Nb, Be, Cs, 

Rb, Sc, Th, U and rare earth elements (REE). Although pegmatite deposits are widespread and 

relatively common, rare metal pegmatites make up only about 0.1% of the total, and Li-rich 

pegmatites are an even a smaller fraction (Kesler et al. 2012 and references therein). 
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Some pegmatites are homogeneous with only an outer border that differs in composition 

from the bulk of the pegmatite. However, most pegmatites are zoned with many mineralogical 

and textural zones, commonly concentric, that grade inwards from zones that are rich in 

feldspar, through intermediate zones that can contain REE, towards a core that is strongly 

enriched in quartz (Kesler et al. 2012 and references therein; Bradley and McCauley 2013).  

Pegmatites are found in a wide range of depths but are most commonly associated with 

deeply eroded terranes of high to moderate metamorphic conditions. They vary from strongly 

foliated and deformed to massive, and their formation is considered to be both during and 

after the tectonic deformation of the host terranes. Many pegmatites are found around the 

margins of large granitic intrusions, often above them, and isotopic ages for intrusions and 

pegmatites indicate a genetic link between them. Frequently, where the pegmatites are 

associated with intrusions, the Li-pegmatites are farthest from the intrusion and are 

accompanied by other pegmatite bodies (Kesler et al. 2012 and references therein). 

The Li-pegmatites present in the Kaustinen Province can be classified as albite-spodumene 

type according to the classification proposed by Černý and Ercit 2005, and it is considered that 

they have intruded after the metamorphic peak conditions of the area (Athola et al. 2015). The 

classification of Černý and Ercit (2005) is based on the pressure (and partly temperature) 

conditions that characterize the host-rock suites. It suggests that the Li-pegmatites present in 

the Kaustinen-Kokkola area are characterized by the substantial dominance of albite and 

quartz over K-feldspar, and Li commonly established by magmatic enrichment (Černý and 

Ercit 2005). Černý, London, and Novák (2012) classify the Li pegmatites in the lithium-cesium-

tantalum (LCT) family, which have a compositional affinity with S-type granites (Appendix 

2). 

2.8.1.2 Local Geology – The Kaustinen Li-pegmatite province 

Pegmatites in the Kaustinen Li province crosscut the metavolcanic and metasedimentary 

rocks at the northern edge of the Pohjanmaa belt. At least 16 separate albite-spodumene 

pegmatite occurrences have been identified in this area, which are often covered by quaternary 

sediments, mainly till (Athola et al. 2015; SWECO 2016). Figure 10 shows the geology of the 

Kaustinen Li province and the location of the most important pegmatite bodies.  

The pegmatites in this province resemble each other petrographically and mineralogically. 

They are typically coarse-grained, light coloured and largely composed by albite (Ab), quartz 

(Qtz), spodumene (Spd), muscovite (Ms) and K-feldspar (Kfs) as main minerals. These 

minerals vary in proportion and distribution depending on the zonation patterns within the 

pegmatite body (Athola et al. 2015).  

Pegmatite granites in the Kaustinen area have been interpreted to be the source of the albite-

spodumene pegmatites (Athola et al. 2015 and references therein). Currently, six of these Li 

pegmatite deposits form the heart of the Keliber Lithium Project (Syväjärvi, Rapasaari, Länttä, 

Outovesi, Emmes and Leviäkangas).   
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Figure 10. Geology of the Kaustinen Li-pegmatite province (geological map after Korsman et al. 1997 referenced 
in Athola et al. 2015). 

This study focuses on the mineralogical and textural characterization of the Syväjärvi and 

Rapasaari deposits. The main lithological and mineralogical features of these two deposits are 

described below:    

Syväjärvi 

The Syväjärvi deposit is composed of several dykes that have a varying strike from SW-NE 

to SE-NW, and occasionally N-S. These dykes configure a swarm which has a length of about 

500 m and dips approximately 30-40°W (Appendix 3). The thickness of pegmatites varies from 

1 to 22 m (Athola et al. 2015).  

Mineral composition is dominated by Spd, Ab, Qtz, Kfs and Ms. Typical accessory minerals 

are Ap, Nb-Ta oxides (Mn- and Fe-tantalite), tourmaline (Tur), Grt (almandine), Apy and Sp. 

The spodumene grains are unevenly distributed in the dyke and, in some cases, completely 

transformed into white mica (Athola, Kuusela et al. 2010). The main host rocks of the Syväjärvi 

Li pegmatites are mica schists (mostly greywackes with sporadic staurolite) and intermediate 

volcanic rocks with associated agglomeratic layers (Athola et al. 2015).  

Rapasaari 

This deposit has at least two dyke swarms (Appendix 4), of which the eastern part appears 

to strike SE-NW, dipping 40-50° SW, and has a length of 700 m. The drilling suggests that the 

strike of the western swarm bends from a northward direction to the NE, with a 60-75° dip to 

the NW, and has a length of 275 m. The dykes vary in thickness from 1 to 24 m (Athola et al. 

2015). 
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The main host rocks in the Rapasaari area are mica schists and metagreywackes containing 

staurolite and sporadic andalusite, meta-tuffs and meta-agglomerates, as well as mica schists 

with seams of quartz and sulphides (Keliber 2017). The mineralogy of this deposit is consistent 

with the Syväjärvi deposit. It is composed by Spd, Ab, Qtz, Kfs and Ms, with Ap (fluorapatite), 

zinnwaldite, Nb-Ta oxides (Mn- and Fe-tantalite), beryl (Brl), Grt (grossular), Apy and Sp 

(Kuusela et al. 2011). 

2.8.1.3 Mineralogy 

Spodumene is a single-chain silicate which belongs to the pyroxene group (Peltosaari et al. 

2015). Pure stoichiometric chemical composition of spodumene consists of 8.0 wt.% Li2O, 27.4 

wt.% Al2O3 and 64.6 wt.% SiO2 (Aylmore et al. 2018; Peltosaari et al. 2015). This mineral has 

three crystalline modifications: (1) It occurs naturally in the α (alpha) monoclinic low-

temperature form, which is known to be refractory and only reacts with chemical agents when 

the particles are very fine or if the processing is conducted under a very high pressure. (2) The 

tetragonal high-temperature form, called β-spodumene, which is a recrystallised product that 

forms when α-spodumene is heated at elevated temperatures (1000 - 1100°C) to generate a 

porous material which is more amenable to digestion for extraction of Li and other elements, 

such as Rb and Cs. During the calcination, α-spodumene suffers a volumetric expansion of 

around 30% which gives a greater accessibility to external reagents to penetrate the mineral 

structure. (3) Finally, the γ-spodumene is a metastable phase observed when α-spodumene is 

heated at 700-900°C but converts into β-spodumene at higher temperatures (Salakjani, Singh, 

and Nikoloski 2016 and references therein; Aylmore et al. 2018; Peltosaari et al. 2015). 

Spodumene crystals frequently occur in nature as colourless, but colour variations are not 

unusual. It can be found as lilac-pink (kunzite), yellowish-green-emerald green (hiddenite) or 

light yellow (triphane). These colours are due to the absorption of light by various impurities, 

especially Mn, Fe and Cr (Oliveira et al. 2009 and references therein).  Al-Ani and Athola (2008) 

performed the detailed chemical description of Li-pegmatites in the Kaustinen area. They 

analysed core samples from pegmatite dykes and host rocks, and found that 97.6 wt.% of the 

Li2O in whole rock was present in the spodumene, which had an average Li2O content of 7.46 

wt.%. Based on the average composition of the Kaustinen spodumene, they estimated the 

spodumene content from the whole-rock chemical composition as follows:  

𝑆𝑝𝑜𝑑𝑢𝑚𝑒𝑛𝑒 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 [%] = 13.3 ∙  𝐿𝑖2𝑂[𝑤𝑡. %] 

They established the average Spd content as 15%, with local variations and specific 

distribution patterns. It is commonly associated with plagioclase (Pl), quartz, K-feldspar and 

muscovite. Pl, with an average content of 35%, occurs homogeneously in most of the 

pegmatites with Ab as dominant feldspar. Average Qtz content is around 32%, occurring as 

anhedral crystals generally grey in colour. Kfs is usually perthitic microcline, commonly grey, 

white or sometimes pinkish in colour, with an average content of 5%. Finally, Ms represents 

about 11.8% of the pegmatite dykes, commonly displaying subhedral to anhedral crystals that 

vary from colourless to silver and green, configuring books or “scaly” aggregates (Al-ani and 

Ahtola 2008). 
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2.8.2 Mineral Resources and Ore Reserves 

Mineral resources and ore reserve estimations have been made in accordance with the JORC 

code. Table 6 presents the mineral resources estimation and their category by deposit. These 

values have been estimated considering 0.5 wt.% Li2O as cut-off grade, except for Emmes 

deposit which is reported at a cut-off grade of 0.70 wt.% Li2O. A total of 9.47 Mt grading 1.16 

wt.% Li2O are reported as measured and indicated mineral resources. Including the category 

of inferred mineral resources, the total mineral resources of the company are 10 million tonnes 

(Keliber 2017; Keliber 2018). It must be specified that although the pegmatite deposits within 

the Keliber Lithium Project are made up of dykes with varying thicknesses, only those with a 

thickness greater than 5 m were considered for mineral resources estimation. 

Table 6. Mineral resources estimation by deposit at Keliber Li Project (updated to May 2018. Source: Keliber 
2018). Note: Mineral resources in millions of metric tonnes and Li2O grade in wt.% Li2O. 

Mineral 
Resources 

Syväjärvi Rapasaari Länttä Outovesi Emmes Leviäkangas Total 

Mt Li2O Mt Li2O Mt Li2O Mt Li2O Mt Li2O Mt Li2O Mt Li2O 

Measured 0.79 1.32 - - 0.42 1.09 - - - - - - 1.21 1.24 

Indicated 1.98 1.20 4.43 1.13 0.91 1.02 0.28 1.43 1.08 1.22 0.19 1.14 8.26 1.15 

Sub-total 2.17 1.24 4.43 1.13 1.33 1.04 0.28 1.43 1.08 1.22 0.19 1.14 9.47 1.16 

Inferred 0.06 0.9 0.17 1.46 - - - - - - 0.3 0.3 0.53 1.08 

               

          Grand total 10.00 1.16 

Ore reserves have been reported considering a cut-off grade of 0.45 wt.% Li2O for open pit 

reserves and a 0.70 wt.% Li2O cut-off grade for underground reserves. Total reserves (proven 

and probable) are 7.408 million tonnes at 1.04 wt.% Li2O. Considered ore loss is 5% and waste 

rock dilution is 15% for all the estimations. Table 7 shows the ore reserves estimated for the 

Syväjärvi, Rapasaari Länttä, Outovesi and Emmes deposits. 

Table 7. Ore reserves estimation by deposit at Keliber Li Project (updated to May 2018. Source: Keliber 2018). 
Note: Mineral resources in thousands of metric tonnes and Li2O grade in wt.% Li2O. 

Ore reserve class 
Syväjärvi Rapasaari Länttä Outovesi Emmes Total 

kt Li₂O kt Li₂O kt Li₂O kt Li₂O kt Li₂O kt Li₂O 

Open pit 
Reserves 

Proven 734 1.26 - - 164 0.96  - - - 898 1.02 

Probable 1,021 1.12 2,410 1.00 86 0.84 222 1.08 - - 3,739 1.03 

Sub-total 1,755 1.18 2,410 1.00 250 0.92 222 1.08 - - 4,637 1.07 

              

Underground 
Reserves 

Proven - - - - 247 0.83 - - - - 247 0.83 

Probable - - 1,081 1.09 580 0.85  - 863 1.01 2,524 1.01 

Sub-total - - 1,081 1.09 827 0.85 - - 863 1.01 2,778 0.99 

              

 Total Reserves 1,755 1.18 3,490 1.03 1,077 0.86 222 1.08 863 1.01 7,408 1.04 

2.8.3 Spodumene Beneficiation 

The objective of the spodumene concentration at Keliber Project is to produce a flotation 

concentrate containing 4.5 - 6.0 wt.% Li2O for further lithium carbonate production processes. 
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Spd beneficiation includes crushing, grinding, optical sorting, size classification, magnetic 

separation, gravity concentration, pre-flotation with two-stage desliming cyclone units, 

spodumene flotation and concentrate dewatering (Figure 11) (Keliber 2018). 

  

Figure 11. Simplified flowsheet for spodumene beneficiation and lithium carbonate production (modified from 
SWECO 2016; Keliber 2018) (Flowsheet designed in HSC Chemistry 9 by Outotec 2018a).  

The crushing circuit is aimed to produce ore product size of P80 -10mm followed by an 

Outotec TOMRA optical sorting system for the separation of light colour Spd pegmatite (ore) 

and dark colour waste. Subsequently, a single stage ball mill grinding in closed circuit with 

hydrocyclones grinds the ore to produce a target size P80 125 µm. The cyclone overflow 

gravitates to magnetic separation where magnetic minerals such as magnetite as well as 

process iron are separated, while the non-magnetic slurry is pumped to the first desliming 
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cyclone of the pre-flotation circuit. Cyclone underflow is collected and sent to the gravity 

concentration stage, where columbite and tantalite are recovered. This process is done by a 

spiral separator that feeds a shaking table, aiming the production of a gravity concentrate with 

a Ta content over 15% (SWECO 2016). 

A pre-flotation stage will be operated as a reverse flotation where concentrate (calcite ± 

apatite ± mica ± hornblende) is rejected and flotation tailings will be pumped to the second 

desliming cyclone. The Spd flotation stage is expected to recover 90% of the Li2O into a 

flotation concentrate. It will be done in a circuit that includes two stage desliming cyclones, a 

rougher flotation and a four-stage cleaning circuit for final Spd concentrate. The process 

finishes with dewatering and filtration to produce a final concentrate with about 8 to 10% 

moisture content (SWECO 2016). 

2.8.4 Lithium Carbonate Production 

The lithium carbonate production process consists of Spd calcining (conversion), pressure 

leaching, bi-carbonation, polishing filtration and ion exchange, Li2CO3 crystallisation, followed 

by leach residue dewatering (Keliber 2018).  

The chemical plant will be located in the Kokkola Industrial Park (KIP). The Spd filtered 

concentrate will be transported by trucks from the concentrate storage in Kaustinen to the 

lithium carbonate production plant in Kokkola, where the α-spodumene is converted to 

leachable β-spodumene in a rotary furnace at a temperature of 1,050°C. It consists of two 

preheating stages and calcination in a rotary kiln. In the pulping stage, β-Spd is pulped with 

water and sodium carbonate (Na2CO3) is simultaneously fed and dissolved in warm solution. 

The slurry is pumped into preheating and pressure leach autoclave (soda leaching) where β-

Spd reacts to produce lithium carbonate and leaching solid residue (analcime) (SWECO 2016; 

Keliber 2018).  

Subsequently, the slurry is fed to cooling towers for cooling down the material to 30°C 

before bi-carbonation autoclave, where lithium carbonate reacts to soluble LiHCO3 in presence 

of carbon dioxide and water. Lithium remains in solution and the slurry is fed to a pressure 

filter to polishing filtration before solution purification (SWECO 2016; Ataide Salvador 2017; 

Keliber 2018). Polished bicarbonate solution is fed to lithium carbonate salt crystallisation via 

ion exchange to remove multivalent metal ions with a cation exchange resin. Lithium 

carbonate is then crystallised from bicarbonate solution by evaporation in a series of reactors 

at 95°C. The product is finally packed in big bags and the leach residue is sent to a dewatering 

process and delivered in bulk as analcime product (SWECO 2016; Keliber 2018).  

  



Textural and Mineralogical Characterization of Li-pegmatite Deposit 

28 

Chapter 3 

Materials and Methodology 

This study seeks the linking of the macroscopic and microscopic textural properties of the 

minerals that make up the Li-pegmatite deposits in the Kaustinen area. To achieve this, two 

main stages for data collection and analysis were considered.  

The first stage corresponds to a site visit to the Keliber Lithium Project in Finland. This visit 

was aimed to recognise the main geological features present in the area and the examination 

of drill cores from the Syväjärvi and Rapasaari deposits. Representative drill cores of the main 

mineralogical and textural variations were selected and transported to the laboratories of the 

Luleå University of Technology. A total of six drill core boxes from the drill hole S-1, 

equivalent to 27.30 meters, were selected as representative for the Syväjärvi deposit. In 

addition, ten boxes from the holes Ra-39, Ra-88 and Ra-94 were selected as representative of 

the Rapasaari deposit (45.85m in total) (Table 8). 

Table 8. Representative drill cores selected from the Syväjärvi and Rapasaari deposits. 

Deposit Drill hole Drill core box From (m) To (m) Total (m) 

Syväjärvi S-1 

L-11 50.95 55.55 

27.30 

L-12 55.55 60.00 

L-13 60.00 64.70 

L-14 64.70 69.10 

L-26 119.00 123.55 

L-27 123.55 128.15 

Rapasaari 

Ra-39 

L-17 82.60 87.20 

45.85 

L-18 87.20 91.85 

L-19 91.85 96.40 

Ra-88 

L-23 110.00 114.45 

L-24 114.45 119.10 

L-25 119.10 123.60 

L-26 123.60 128.05 

Ra-94 

L-24 114.00 118.90 

L-25 118.90 123.60 

L-26 123.60 128.00 

Through this stage, it was also possible to know the ore classification made by the geologists 

of the project. Such classification is based on the general lithological terms presented in Table 

9:  

Table 9. Lithological terminology for ore classification at Keliber Lithium Project. 

Nomenclature Lithology Description 

SPG Spodumene pegmatite General term to designate the pegmatitic ore. 

MPG Muscovite pegmatite 
It includes both primary muscovite pegmatites 
and pegmatites with high Ms content due to 
alteration of Spd. 
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PG Pegmatite 
Refers to massive pegmatite bodies 
characterized by quartz and feldspar. Also 
referred to as barren pegmatite.  

KL Mica schist 
Indicates the presence of metamorphic rocks 
belonging to the country rocks.  

PP Plagioclase porphyry 
Associated to porphyries belonging to country 
rocks.  

In addition, geological, chemical and processing databases, based on results from previous 

investigations were provided by the company. 

The second stage refers to the techniques and procedures that make up the methodology 

on which this study is based. This methodology can be divided into three main parts, each of 

them aimed to address a specific objective.  

3.1 Background Data 

Two databases were supplied by Keliber Project, containing information about geological 

features, chemical assays and processing behaviour.  

The first database corresponds to the chemical analyses of the drill cores selected, together 

with the ore classification made by the geologists of the project. The second database 

corresponds to the compilation of results from previous investigations made on the rocks that 

make up the Li-spodumene in the Kaustinen area. This database contains the chemical 

composition of the feed and Li2O flotation recovery from a series of samples from both 

Syväjärvi and Rapasaari deposits. Flotation tests correspond to laboratory batch flotation tests 

with ore samples, some of them including wall-rock dilution.  

Both databases will be the basis for further analyses and discussions made on the ore 

textural classes defined in this study.  

Additional information received from Keliber corresponds to the results of the optical 

sorting analyses for the separation and classification of the materials that make up the deposits 

of Syväjärvi, Rapasaari and Länttä. These analyses were carried out by Outotec (2018b) and 

were aimed to establish whether TOMRA Sorting Mining Sensors were capable to separate the 

spodumene pegmatite (ore) from the so-called barren pegmatite and the very dark country 

rock (waste). This system is based on the combination of near-infrared spectrometry, colour 

camera, multi-channel laser, and X-ray transmission (XRT) for the detection and sorting of the 

analysed materials.  

Finally, Ataide Salvador (2017) analysed twenty-four pegmatite samples (at different size 

fractions and from different processing stages) by MLA, aiming the characterization of the 

metallurgical variability of the materials at Keliber Project. From these analyses, twenty-eight 

mineral phases were identified as making up the ore (Appendix 5). This mineral list will be 

used as a reference for mineral identification by SEM-EDS performed in this study.  
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3.2 Methodology 

The methodology proposed in this study has been divided into three essential parts. Each 

of these parts has been designed to develop a specific objective. Thus, the aim of this 

methodology is to offer a textural classification system for the two studied deposits, the 

quantification of the spodumene and Li2O content in drill cores from both deposits and, finally, 

to establish a metallurgical meaning for each proposed textural class. Figure 12 outlines the 

main processes and techniques applied during the application of each part of this 

methodology, as well as the information obtained from each of them.   

 

Figure 12. Schematic methodology - Parts, techniques and output information. 

Part I – Ore Textural Characterization 

3.2.1 Drill Core Logging 

Drill core logging was employed for the identification of the main mineral characteristics 

in macro-scale (e.g. main mineral phases, crystal length, development of crystals faces), and 

the classification of the textural features present in both Syväjärvi and Rapasaari deposits. The 

textural classification was based on several factors: (1) presence of spodumene as the main 

mineral phase. (2) Spd crystal length. (3) Relative crystal orientation (foliation), and (4) main 

mineral associations. These parameters led to the identification of twelve textural classes. 

3.2.2 Sample Preparation 

Initially, the drill cores were cleaned, air-dried and visually logged for the identification of 

textural features.   
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Representative samples from each defined textural class were then extracted. These 

samples correspond to fragments of approximately 3.5 cm in length, which were prepared for 

SEM-EDS analyses. This preparation included the assembly of the samples in epoxy resin 

blocks, polishing and carbon coating.  

Finally, the drill cores were imaged by using a DSLR camera under stable light conditions 

(Part II).  

3.2.3 Scanning Electron Microscopy - EDS 

SEM-EDS was applied after the macroscopic mineral and textural characterization made by 

drill core logging. This technique aimed to obtain data related mineral phases and their 

relationship in microscopic scale (Figure 13).  

 

Figure 13. Application of SEM-EDS. A – Epoxy polished sample. B – Carbon coated sample and interest sites 
map. C – BSE image of Spd pegmatite.  

These analyses were performed in the SEM laboratory at the Luleå University of 

Technology, by using a device Merlin SEM - Zeiss Gemini. This equipment was operated in 

combination with an INCA-Oxford Instruments software that allowed the recognition of 

minerals that make up the different textures. Moreover, it was also possible to obtain BSE 

images of mineral phases. It was done thanks to the pre-definition of the ‘interest sites’ map 

on the sample to facilitate the location within the sample and its scanning. Images were taken 

at 120x magnification and accelerating voltage of 20 kV. 

Part II – Automated Mineral Mapping 

The drill core automated mineral mapping process was performed in four main steps: (1) 

Drill cores image acquisition by using a digital single reflex camera. (2) Pre-processing of the 

image for its subsequent image analyses. (3) The third step refers to the automated mineral 
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classification of the drill core images. (4) And the final step corresponds to the post-processing 

of the images. These steps are briefly described below:  

3.2.4 Digital Single Lens Reflex Photography (DSLR) 

Digital single-lens reflex photography was applied for acquiring drill core images, which 

will be the feed data for further image analysis techniques. DSLR is an imaging acquisition 

technique that combines the optics and mechanics of a single-lens reflex camera with a digital 

imaging sensor. In this camera design scheme, the light travels through the lens to a mirror 

that alternates to send the image to an image sensor. The device used is a Canon EOS REBEL 

T3 (Canon EOS 1100D), coupled with a Canon EFS 18-55 mm lens. This camera has a 22.2 x 

14.8 mm CMOS sensor, which provides a pixel area of 26.94 μm2 (pixel size 5.19 μm). The 

camera was mounted in a support structure at 250 mm from the object to be imaged (minimum 

focusing distance for this lens), ensuring that the axis of the lens was perpendicular to the base 

of the structure. Light conditions were kept stable with two LED lamps. 728 images were 

acquired including drill cores from both deposits. Figure 14 shows the set-up for drill core 

image acquisition process, and Table 10 presents the complete camera settings and light 

conditions for acquiring these images.  

 

Figure 14. A - Image acquisition set-up. B - Halved drill core segment. C – Coarse Spd crystals on the flat 
surface of the drill core. 

Table 10. Drill core image acquisition settings - DSLR. 

Camera Canon EOS REBEL T3 
Sensor CMOS sensor 
Sensor dimensions (mm) 22.2 x 14.8 
Pixel area (μm2) 26.94 
Pixel size (μm) 5.19 
Shutter speed (s) 1/100 
Aperture f 5.6 
ISO 200 
Metering mode Evaluative 
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Colour space RGB 
Imaging format RAW & TIFF 

Lens Canon EFS 18-55 mm 
Focal length (mm) 250 

Illumination Flashlight LED E27 
Lighting units 2 
Colour Cool white 
Colour temperature (K) 6500 
Luminous flux (lm) 470 

3.2.5 Pre-processing -  Image Enhancement 

Once the images were obtained, they were subjected to a series of enhancing processes in 

order to prepare them for further image analysis approach. This enhancement was made 

through the creation of a Matlab (Mathworks 2016) script that performs the following 

processes: (1) Reads each image. (2)  Edge cutting and deleting the graphic scale to minimize 

image areas with no drill core information. (3) Saturation and contrast enhancing. (4) 

Sharpening enhancing. (5) Cropping of each image into six sub-images (1310 x 1039-pixel 

patches) for improving the efficiency of further processes. (6) extracting basic statistical and 

spatial data from each patch for the subsequent image reconstruction. (7) Saving of each 

extracted patch as a tagged image file format (TIFF). A total of 4,368 patches were generated. 

Figure 20 exemplifies an input image and the output patches derived from this image-

enhancing script.   

 

Figure 15. Image enhancement process. Image on the left represents a portion of a drill core from Syväjärvi 
deposit. RGB image (4272 x 2848 pixels) taken with DSLR camera (input image). Image on the right shows the 

result patches (1310 x 1039 pixels) after applying the enhancement script (output images).  

3.2.6 Mineral Classification Model 

After the drill core images were acquired and pre-processed, image processing and image 

analysis techniques were performed to generate mineral maps. Mineral mapping, in this 

study, is understood as the representation, by mineral classes, of the elements present in an 

image. Each pixel within the image is classified based on the properties of the mineral classes 

previously defined by the user. 
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This process aimed the generation of mineral maps based on the automatic mineral 

segmentation of the pre-processed images (patches).  

3.2.6.1 Mineral Segmentation 

Mineral segmentation process was carried out through the implementation of the Fiji-

ImageJ software. This software is an open-source focused on the combination of powerful 

software libraries with scripting languages to enable rapid prototyping of image-processing 

algorithms (Schindelin et al. 2012; Schneider et al. 2012). By using the 2D Trainable Weka 

Segmentation plugin, it was possible to run several feature extraction models, which led to the 

mineralogical discrimination and final segmentation of image patches.  

Due to the wide variation in properties such as brightness, colour and saturation, showed 

by minerals such as Spd, Ms, Qtz, Pl and Kfs, it was necessary to create a training image which 

could cover as many mineral appearance variations as possible. This image was created by 

merging sixteen patches containing different mineral appearances, representative from each 

textural class (Figure 16).  

 
Figure 16. Training image for mineral segmentation (5,244 x 4,160 pixels). This image contains representative 

mineral appearance variations from each mineral class 

The mineral segmentation model is based on seven feature extraction operations: hue, 

saturation, brightness, hessian, difference of gaussians, membrane projections and 

neighbours. These operations are aimed to identify the main features of eight defined mineral 

classes (Appendix 6). The definition of mineral classes was based on the appearance of the 

minerals and the software capabilities for performing the selected feature extraction 
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operations. Table 11 presents the description of the eight mineral classes, as well as the number 

of pixels (within the training image) for building each class and the colour legend for 

segmented images. The classifier used was Fast Random Forest with 200 trees. Membrane 

thickness was maintained in 1, membrane patch size was established as 4, minimum and 

maximum values for sigma were defined as 1 and 4, respectively. The classes were balanced 

to establish the same probability for each of them. Finally, this segmentation model was 

applied to the patches previously described. Figure 17 shows the training image after being 

segmented by this model.  

Table 11. Description of mineral classes for segmentation and colour legend. 

Mineral class Description Pixels Colour 

Spodumene Represents the all the pixels classified as Spd 2,043,574  

Mica Represents the muscovite content within the image 315,422  

Feldspar This class contain both Pl and Kfs within the image 225,360  

Quartz Represents all the pixels classified as Qtz 227,192  

Garnet This class indicates the pixels classified as Grt 9,475  

Mica schist 
This class represents a complete lithology. Mica schists from the 
country rocks 

262,404  

Amphibole Pixels classified as amphibole mainly in images from porphyries 13,660  

Background 
Not a mineral class. Pixels at the border of the image with no drill 
core data 

139,924  

 

 

Figure 17. Segmented training image (5,244 x 4,160 pixels) - Eight mineral classes. 
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3.2.7 The ‘Stitching’ Process 

Segmented patches were obtained after the application of the segmentation model. These 

patches were ‘stitched back’ to reconstitute complete images, now fully classified. This process 

was performed through to the creation of a second script in Matlab for image reconstitution 

(Figure 18).  

 

Figure 18. Image reconstitution. Image on the left represents segmented image patches (input patches). Image on 
the right shows the fully classified image (mineral map) after the stitching process. 

3.2.8 Morphological and Stereological Corrections 

Once the images were classified, they were subjected to three main processes through a 

final Matlab script: (1) creation of mineral binary images, (2) morphological correction and (3) 

stereological correction. 

Mineral binary images represent the basis for the estimation of Spd content in the imaged 

drill core fragments. To achieve this, once the binary images were generated, the script 

performs a morphological process based on the smoothing of the objects within the image, 

followed by the removing of isolated pixels. This process is known as ‘opening’ and is based 

on erosion followed by dilation (Nederbragt et al. 2005). Figure 19 shows an example of an 

opening process on a simple binary image.  

 

Figure 19. Example of opening on a simple binary image. Blue squares represent the new pixels resulting 

after each step. 

The final process applied to the binary images corresponds to stereological correction, 

based on the estimation of the volume-equivalent projected spheres. This process tends to 

correct the error associated with the estimates derived from sectional analysis and leads to the 

estimation of the Spd proportion within each imaged drill core fragment. 
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3.2.9 Hyperspectral Analysis 

Spodumene content was also estimated through hyperspectral analysis. Results from this 

process were used as reference data to evaluate the performance of the automated mineral 

mapping and Spd estimations from image analysis techniques. For this comparison, Keliber 

Project supplied the preliminary results from hyperspectral analyses made on selected drill 

cores from Syväjärvi and Rapasaari deposits. This process was carried out by using the 

Intellicore software, which allows the visualization of drill core hyperspectral images at 

different wavelengths. Moreover, it is possible to generate hyperspectral mineral maps and 

estimate the Spd content within each imaged drill core fragment (Figure 20).  

 

Figure 20. Hyperspectral drill core images from Syväjärvi deposit. Drill hole S-1 L-12. A - RGB image. B – 
LWIR mineral map. Spd shown by blue pixels.  

Part III – Textural Classes & Processing Behaviour 

In order to establish the link between the intrinsic ore textural properties and their 

behaviour during processing, a forecasting model based on machine learning techniques was 

created. It was done by means of the implementation of the Weka software, which is an open-

source based on collections of machine learning algorithms for data mining tasks. 

3.2.10 Machine Learning Classification Model 

A supervised approach was implemented to design this model, by using the two databases 

provided by Keliber Oy as essential elements (training- and test-sets). This approach uses a 

training dataset, provided by the user, to identify patterns and regularities within the output 

dataset. This was carried out by using Random Forest as classifier in Weka. The objective is to 

produce a model capable of forecasting the Li2O flotation recovery associated with each ore 

textural class defined in Part I of this methodology, based on the Li2O and MgO content in the 

feed. This process led to establishing a metallurgical meaning to the ore textural variation.    
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Chapter 4 

Results  

The exploratory analysis of the databases supplied by Keliber Oy led to the initial view of 

the behaviour of Li2O and MgO contained in the deposits of Syväjärvi and Rapasaari.  

Figure 21 shows the average Li2O content associated with the lithological nomenclature 

used by the geologists of the project, with error bars indicating the standard deviation (± std.). 

According to these data, the Spd-pegmatites from the Syväjärvi deposit present an average 

Li2O content of 1.68 wt.%, with maximum and minimum values of 3.10 wt.% and 0.86 wt.%, 

correspondingly. While the Spd-pegmatites from the Rapasaari deposit exhibit a slightly lower 

lithium oxide content equal to 1.39 wt.% Li2O, with 2.50 and 1.02 wt.% corresponding to 

maximum and minimum values, respectively.   

A similar situation is noticed for the lithologies classified as muscovite pegmatites, showing 

average Li2O content of 0.56 wt.% for the Syväjärvi deposit, and a slightly lower concentration, 

equal to 0.33 wt.% Li2O, in the Rapasaari area. On the other hand, rocks classified as barren 

pegmatite, mica schist and plagioclase porphyry have similar Li2O concentrations in both 

deposits.  

 

Figure 21. Li2O content discriminated by lithology. Blue bars represent Syväjärvi deposit and orange bars 
represent Rapasaari deposit. Red line indicates the cut-off grade 0.5 wt.% Li2O (SPG: spodumene pegmatite; 

MPG: muscovite pegmatite; PG: barren pegmatite; KL: mica schist; PP: plagioclase porphyry). Error bars denote 
standard deviation (i.e. ± std). 

Similarly, the plotting of the metallurgical data allows us to obtain an early understanding 

of the chemical composition of the samples and its implications for further flotation 



Textural and Mineralogical Characterization of Li-pegmatite Deposit 

39 

performance (Figure 22). It is possible to notice – as expected – a proportional relationship 

between the Li2O content in the feed and Li2O flotation recovery. In contrast, MgO exhibits an 

inverse behaviour. Thus, as the ore dilution increases, the MgO content increases, which seems 

to negatively influence the final Li2O flotation recovery.  

 

Figure 22. Li2O recovery from flotation tests. A - Li2O recovery compared with Li2O content in the feed. B - 
Li2O recovery compared with MgO content in the feed. Note: concentrate grade fixed at 4.5 wt.% Li2O. 

Flotation tests are laboratory batch flotation tests with ore samples.  

These analyses, although useful, are not sufficient to explain the complete mineral and 

textural features and their effects on downstream processes. This situation requires the 

creation of a classification model based on mineral textures. Thus, textural classes will be able 

to describe the main mineral features within the ore. Moreover, this model should give 
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information about the Li2O content and their relationship with the ore variability during the 

processing stages. 

Part I – Ore Textural Characterization 

4.1 Textural classes 

The textural classification has been carried out through the identification and 

discrimination of the macroscopic features present in both ore and host rock. It was achieved 

by applying traditional drill core logging on the selected drill cores from Syväjärvi and 

Rapasaari deposits.  

Textures were defined based on the presence of spodumene as main mineral phase within 

the pegmatites, Spd crystal length, fabric and common mineral associations.  

For this classification, the term foliation, associated with the textural type, was employed 

to describe a classic planar penetrative structure due to repetitive mineral layering (e.g. 

schistosity), as well as to indicate the preferential orientation of mineral crystals displayed for 

some Spd-pegmatites. Alternatively, the term isotropic is used to indicate the mineral phases 

that make up the drill core do not display any preferential orientation.  

The terminology employed for defining textural sub-types is defined as follows: coarse, 

medium and fine grain respectively refer to crystal lengths within the ranges > 4 cm, between 

2 and 4 cm, and less than 2 cm. The term banded is associated to intercalations of quartz-

feldspar and mica-rich layers displayed for some granites and Ms-pegmatites. Veiny refers to 

the presence of quartz-feldspar veins. The term granular is associated with granites and Ms-

pegmatites characterized by crystal aggregates with no preferential orientation (i.e. with no 

foliation). Finally, the term massive is used to indicate the presence of intergrowths mainly 

composed of anhedral masses of quartz and feldspar.  

This classification scheme led to the division and classification of both deposits into twelve 

textural classes (Table 12). Classes C1 to C6 were defined to describe the specific textural 

features present in the actual Spd-pegmatite ore. Textures C7 to C10, previously generalised 

as Ms- and barren pegmatites, are intended to give information about the textures surrounding 

the ore zone. Moreover, textures C11 and C12 are associated with lithologies belonging to the 

country rocks, i.e., porphyries and mica schists. The description of the main features present 

in each textural class is presented in Table 13. 
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Table 12. Drill core textural classification scheme for Syväjärvi and Rapasaari deposits – Based on drill core logging. 
(See mineral abbreviation list). 

Zone Ore type 
Texture 

type 
Typical lithology Association minerals 

Li-bearing 
mineral 

Spd crystal 
distribution 

Spd grain 
size (cm) 

Texture 
Sub-type 

Texture 
class 

Pegmatite 

Spd 
pegmatite 

Foliated 
Spodumene 
pegmatite 

Spd – Ab – Qtz – Kfs – 
Ms ± Bt ± Ap ± Py ± 
Apy ± Sp ± Tur ± Grt 

Spd 
Preferentially 

oriented 

> 4 
Coarse 
grain 

C1 

2 – 4 
Medium 

grain 
C2 

< 2 Fine grain C3 

Isotropic 
Spodumene 
pegmatite 

Spd – Ab – Qtz – Kfs – 
Ms ± Bt ± Ap ± Py ± 
Apy ± Sp ± Tur ± Grt 

Spd 

Randomly 
distributed 

(Not 
preferentially 

oriented) 

> 4 
Coarse 
grain 

C4 

2-4 
Medium 

grain 
C5 

< 2 Fine grain C6 

Barren 
pegmatite 

Foliated 

Muscovite granite / 
Muscovite 
pegmatite 

Qtz – Ms – Ab ± Spd ± 
Py 

Spd 
Disseminated 

altered crystals 
0.1 – 0.7 Banded C7 

Quartz-feldspar 
veins 

Ab – Qtz – Ms ± Spd ± 
Bt ± Hbl ± Tur ± Grt ± 

Ap 
Spd 

Disseminated 
altered crystals 

0.1 – 0.7 Veiny C8 

Isotropic 

Muscovite granite / 
muscovite pegmatite 

Ms – Ab – Qtz ± Spd Bt 
± Py ± Apy ± Sp 

Spd 
Disseminated 

altered crystals 
0.1 – 0.7 Granular C9 

Quartz-feldspar 
pegmatite 

Qtz – Ab ± Spd ± Kfs ± 
Ms 

Spd 
Disseminated 

altered crystals 
0.1 – 0.7 Massive C10 

Host rock n.a. Foliated 

Andesite porphyry 
Pl – Hbl – Qtz ± Bt ± 
Chl ± Py ± Apy ± Sp 

n.a. n.a. n.a. n.a. C11 

Mica schist 
Qtz – Pl – Ms ± Bt ± 

Apy ± Sp 
n.a. n.a. n.a. n.a. C12 
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Table 13. Description of textural classes for Syväjärvi and Rapasaari deposits – Based on drill core logging.  
Note: Same graphic scale for all the drill core photos. 

Texture 
class 

Texture description Drill core photo 

C1 

Exceptionally coarse grain spodumene crystals typically euhedral to 
subhedral, preferentially oriented. Spd crystals are greyish-green over 4 
cm in length (sometimes as mega-crystals ≥ 10 cm), oriented in such a 
way that they define the foliation of the rock.  

 

C2 
Characterized by very coarse-grained spodumene crystals with length 
varying between 2 and 4 cm. Spd crystals are euhedral to subhedral, 
typically greyish-green in colour and show preferential orientation. 

 

C3 
Coarse-grained greyish-green spodumene crystals less than 2 cm in 
length. Spd crystals are subhedral to anhedral and show preferential 
orientation defining the foliation of the rock.  

 

C4 

Extraordinarily coarse grain spodumene crystals typically euhedral to 
subhedral. Spd crystals are greyish-green in colour and over 4 cm in 
length (sometimes as mega-crystals ≥ 10 cm). They do not display 
preferential orientation.  

 

C5 
Very coarse-grained spodumene crystals with length varying between 2 
and 4 cm. Spd crystals are euhedral to subhedral, typically greyish-green 
in colour and do not show preferential orientation.  

 

C6 
Coarse-grained greyish-green spodumene crystals less than 2 cm in 
length. They are typically subhedral to anhedral with no preferential 
orientation.  

 

C7 
Coarse-grained and light-coloured rock. Characterized by silvered to 
pearly Ms crystals preferentially oriented, alternating with Qtz-Fsp 
bands.  

 

C8 

Light-coloured veins mainly composed by Qtz and Ab. They are 
commonly present in the contact zones between pegmatite dykes and 
host tock, or between Spd-pegmatites and Ms-pegmatites or quartz-
feldspar pegmatites. 

 

C9 
Coarse-grained pegmatite with silvery Ms crystals exceeding 1 cm in 
length. Spd can be present as disseminated fine crystals or as 
partly/completely altered crystals. 

 

C10 

Light-coloured and very coarse-grained pegmatite composed by Qtz, Ab, 
Kfs and Ms. These minerals commonly occur as intergrowths of anhedral 
mineral masses. Fine disseminated colourless Spd crystals are also 
present. 

 

C11 

Dark to light grey porphyritic rock with distinctive white to greyish 
subhedral Pl and greenish Hbl phenocrysts, surrounded by a fine-
grained dark grey-greenish matrix composed by Qtz-Fsp-Bt-Chl. 
Phenocrysts typically display preferential orientation. 

 

C12 
Fine to medium-grained (< 3 mm) strongly foliated rock. Made up of 
alternating dark flat minerals (Bt, Chl) and light-coloured minerals (Qtz, 
Fsp, Ms).  

 

 Graphic scale  
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4.2 Mineralogy 

Table 14 describes the main features displayed by the mineral phases identified in the 

twelve textural classes. These features were established both in macro- and micro-scale, 

through drill core logging and SEM-EDS analyses: 

Table 14. Main features of the mineral phases identified by drill core logging and SEM-EDS. 

Mineral Description 

Spodumene 

Grey, greenish and sometimes colourless crystals, generally elongated or bladed, associated with 
Ab, Qtz, Kfs and Ms in Spd-pegmatites. It commonly intergrowths with Kfs. Spd crystals stand 
out among the other minerals due to their length and colour, resembling large phenocrysts - 
eventually mega crystals - surrounded by a coarse-grained granitic matrix. External crystal 
borders are frequently well- (euhedral) or partly-developed (subhedral). The main concentration 
of this mineral occurs within the intermediate zone (C1 to C6). Presence of anhedral Spd crystals 
is not rare in Ms-pegmatites or granites (C7). Moreover, in the wall zone, it is common to find 
alteration pseudomorphs, where Spd crystals are completely or partly transformed to mica, but 
the original Spd crystalline form is preserved (C9). Inclusions of Tur are common.  

Plagioclase 

Plagioclase is widely distributed in all the textural classes. In rocks classified as Spd-pegmatite 
(C1 to C6), the dominant plagioclase species is Albite, with a measured average chemical 
composition of 8.12% Na, 50.04% O, 9.82% and 32.02% Si, occurring as white anhedral crystals 
commonly intergrowing with quartz and Kfs. In granitic rocks (texture C7) and Ms-pegmatites 
(C9), Pl is generally present as anhedral crystals or defining bands together with quartz. Large 
masses of Pl intergrowing with Qtz and Kfs, define the core of the pegmatitic dyke (C10). In 
plagioclase porphyries from host rocks (texture C11), Pl is present as phenocrysts surrounded by 
a fine andesitic matrix. Alteration of Pl leads to the formation of clay coatings on the surface of 
the drill cores. 

Microcline 

K-feldspar is present in the Spd-pegmatites (textures C1 – C6), occurring as large greyish-pinkish 
subhedral to anhedral crystals. It is commonly found intergrowing with Pl, with whom defines a 
classic perthitic texture (white Ab lamellae within Kfs crystals). Average composition by SEM-
EDS is 10.48% K, 48.17% O, 14.96% Al, 28.28% Si with 0.24% Na. 

Quartz 
Quartz is present in all the textural classes defined for the classification of the analysed pegmatite 
deposits. It generally occurs as interstitial anhedral masses. Intergrowths with other mineral 
phases are common. 

Muscovite 

Muscovite commonly occurs as book aggregates of yellow, pearly or silvery crystals. It is 
associated with Spd, Qtz, Pl and Kfs in Spd-pegmatites (C1 to C6). It commonly defines bands, 
accompanied by Bt, in granites (C7), or as large pearly crystals (sometimes exceeding 3 cm in 
length) in Ms-pegmatites (C9). It is also present in schists from the country rocks (C12), making 
up layers of platy minerals along with biotite. 

Garnet 
Accessory mineral in all the rocks that make up the pegmatitic dyke (C1 to C10). This appears as 
pinkish rounded crystals, with an average diameter between of 1 to 4 mm. 

Apatite 

Apatite is also present in all the textural classes in which the pegmatitic dyke is divided (C1 to 
C10). It commonly appears as greenish-blue elongated crystals, with average grain sizes between 
0.1 and 2 mm. SEM-EDS analysis allowed to establish the composition of this mineral phase as 
high-fluorine apatite (fluorapatite): 18.88% P, 6.17% F, 33.67% Ca, 38.98% O with lower amounts 
of Fe (0.43%) and Mn (2.18%). 

Sulphides 

The main sulphides identified in the studied Spd-pegmatites correspond to pyrite, arsenopyrite 
and sphalerite. These are disseminated within the pegmatitic rocks (C1 to C6). They commonly 
occur as small golden anhedral (Py), silvery (Apy) and silvery-brownish (Sph) crystals. Inclusions 
of small columbite-tantalite crystals are common. 

Amphibole 
Amphibole is characteristic in porphyritic rocks associated with the host-rock zone (C11). It 
occurs as phenocrysts phase, commonly accompanied by Pl phenocrysts, which are surrounded 
by a fine andesitic matrix. It is common to find amphibole crystals being altered to biotite.  

Biotite 
Biotite is mainly associated with the schists and porphyries that characterize the host rocks (C11 
and C12). In schists, Bt is the main mineral phase defining the micaceous dark bands. In 
porphyritic rocks, Bt occurs as a product of the alteration of amphibole phenocrysts. 
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4.2 Spatial Distribution of Textural Classes 

Drill core logging also allowed us to establish the main spatial relationships between 

textural classes. Figure 23 presents a scheme based on an idealised pegmatite dyke, created to 

illustrate said spatial characteristics. This ideal pegmatite is designed as a sequence of several 

concentric zones with characteristic mineral and textural features. It follows the idea of an 

idealised concentric pegmatitic body initially proposed by Cerny (1991) and Fetherston (2004).  

This spatial model is based on the definition of five main concentric zones within the 

mineral deposit. (1) The host rock zone refers to the rocks surrounding the pegmatitic body in 

both deposits (classes C11 and C12). (2) Boundary zone is aimed to indicate the contact zone 

between the country rocks and the pegmatitic body. This zone is characterized by the presence 

of granites with a high content of micas and a banded fabric (C7). (3) The wall zone indicates 

the transition region between muscovite pegmatites and the Spd-pegmatite ore. This zone is 

characterized by the presence of quartz-feldspar veins (C8) and Ms-pegmatites (C9). (4) The 

intermediate or ore zone is characterized by the presence of Psd-pegmatites (classes C1 to C6). 

(5) The central area of the pegmatitic dyke, called the core zone, is characterized by 

intergrowing masses of quartz and feldspar (C10). 

 

Figure 23. Idealised spatial distribution of textural classes within the pegmatite - Top view of an ideal Spd-
pegmatite dyke (in accordance with Fetherston 2004 and Ĉerný 1991 in Bradley and McCauley 2013). C1 to 

C12 refer to textural classes proposed in this study. 

The Spd content, as well as its crystal length, is greater in the inner part of the ore zone 

(green areas in Figure 23), decreasing both towards the contact with the wall zone and towards 

the contact with the core zone. Alternatively, the preferential orientation exhibited by Spd 

crystals is stronger close to the wall zone and decreases towards the contact with the core zone, 

where Spd is characterised by fine isotropic crystals.  

The identification of the main mineral, textural and spatial characteristics of each textural 

class allowed the creation of the decision tree presented in Figure 24. This proposal is a graphic 
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tool for the rapid textural classification of drill cores from the Syväjärvi and Rapasaari 

deposits. It asks for the most evident macro-features to provide simple visual paths for the 

definition of the different textural classes.  

It initially considers the so-called zone within the mineral deposit that is intended to be 

characterized, seeking the effective discrimination between the pegmatitic body and the 

country rocks. The next step is the definition of the textural type, where the foliation of the 

rock (considered both by penetrative planes of platy phyllosilicates and preferential 

orientation of some crystals) is the key element. Then, the tree asks for the lithology of the 

country rocks. At this stage of the classificatory process, it is possible to make the 

differentiation between country rocks (porphyritic and schists), or between foliated and 

isotropic pegmatites. 

 
Figure 24. Decision tree for macro-scale ore textural classification of the Syväjärvi and Rapasaari deposits 

Afterwards, the decision tree evaluates the most evident mineral associations. These are 

key factors for the correct discrimination between pegmatite types. Finally, for Spd-

pegmatites, the texture sub-type is defined through the evaluation of the average length of 

spodumene crystals.  

With this tool, the textural classes proposed in this study would be easily applied during 

drill core logging at Keliber Project. However, the correct ore textural classification requires 

well-trained staff with a deep knowledge of the mineralogical and spatial details of each 

textural class.  
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Part II – Automated Mineral Mapping  

Figure 25 shows the main stages of the image processing methods applied to the images 

representing the selected drill cores. Figure 25-A corresponds to an imaged drill core fragment, 

classified as a Spd-pegmatite (class C1) from the Syväjärvi deposit. This is the product after 

the application of the initial pre-processing (image enhancing) script.   

 
Figure 25. Image processing stages. A – Spd-pegmatite classified within the textural class C1 from Syväjärvi 
deposit. RGB image after enhancing process. B – Mineral map obtained by applying the mineral segmentation 
model. Eight mineral classes. C – Resulting binary image representing Spd (white pixels) within the imaged 

drill core.  
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Figure 25-B shows the mineral map, based on eight mineral phases, generated after the 

application of the mineral segmentation model in Fiji-ImageJ and the ‘stitching´ script. Finally, 

Figure 25-C shows the binary image corresponding to the pixel areas identified to belong to 

Spodumene class. 

The final objective of this process is the estimation of the Spd content within the analysed 

images, which is representative of the Spd content in the respective drill core fragment. For 

instance, for the drill core fragment shown in Figure 25, the Spd content is estimated to be 

23.20 vol.%. Moreover, considering the spodumene density as 3.1 g/cm3, and an average 

density of 2.65 g/cm3 for other minerals phases (average density of a granitic rock), it is 

possible to estimate the Li2O content for this drill core fragment as 2.04 wt.% Li2O. 

This process was applied to drill core images that had already been classified by textural 

class. This led to the estimation of the average spodumene content associated with each texture 

(Table 15). Similarly, Figure 26 presents the average Li2O wt.% content per class.  

Table 15. Average spodumene content per textural class – Image analysis approach (values in vol.% Spd). 

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 

23.21 18.74 25.32 20.87 22.43 17.67 12.25 14.26 14.85 7.12 7.45 11.54 

 

 

Figure 26. Average Li2O content per textural class – Image analysis. Red line indicates the cut-off grade 
considered for Keliber Project. (values in wt.% Li2O). Error bars denote standard deviation (i.e. ± std). 

As expected, the highest Spd concentrations, and therefore of Li2O content, corresponds to 

the textural classes associated with the Spd-pegmatite ore. Thus, classes C1 to C6 present an 

average Spd content of 21.37 vol.%, equivalent to 1.88 wt.% Li2O.  

Discordantly, high Spd values are estimated for lithologies which were initially 

characterized for their low Spd content, such as micaceous granites (C7), massive quartz-

feldspar pegmatites (C10), and country rocks (C11 and C12). The same situation seems to be 
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associated with Spd and Li2O content estimations from images belonging to classes C8 and C9. 

The segmentation model for mineral mapping process seems to generate the general 

overestimation of Spd within the above mentioned textural classes. This condition could be 

associated with mineral segmentation errors during mineral mapping.  

Estimations of the average Spd content by hyperspectral analysis were used as reference 

values for comparing and assessing the results from image analysis approach performed in 

this study. Table 16 presents the average Spd content per textural class estimated by 

hyperspectral methods. 

Table 16. Average spodumene content per textural class – Hyperspectral analysis (values in vol.% Spd). 

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 

21.75 15.73 13.18 13.35 16.88 13.09 4.90 8.40 9.84 0 0 0 

In general, values estimated with image analysis technique have been overestimated with 

respect to those obtained from hyperspectral methods. For classes C1 to C9, an average 

overestimation of 5.83 vol.% Spd is reported. This tendency is more evident in textual classes 

C10 to C12, in which an average overestimation of 8.70 vol.% Spd is reported. Moreover, the 

calculation of the R2 between these results allows us to suggest that they are strongly correlated 

(Figure 27). A correlation coefficient equal to 0.823 suggests that, even though overestimated, 

the estimates made with image analysis are valid compared to those obtained from 

hyperspectral techniques. 

 

Figure 27. Comparison between spodumene content obtained from image analysis techniques and hyperspectral 
analysis. 

Final estimates of Li2O from image analysis techniques were compared against the chemical 

data initially supplied by the company. This comparison allowed to evaluate the validity and 

accuracy of the obtained values (Figure 28-A). Once again, a tendency to overestimate Spd and 

Li2O content is notorious. This behaviour is particularly evident in the textures C7, C9, C11 

and C12, in which the mineral segmentation process presented special difficulties to effectively 
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classify the images, leading to pixel misclassifications and Spd overestimations (further 

discussed).  

The correlation coefficient was calculated to assess the validity of the estimations of Li2O 

content (Figure 28-B). The R2 = 0.858 suggests that although the estimates are not exactly equal 

to the values considered as the real ones, they show a strong relationship and, therefore, the 

estimations are valid. In this way, it was possible to verify that the procedure proposed here 

is reliable and coherent. 

 

Figure 28. Comparison between Li2O content estimated by image analysis and initial chemical assays.  

Part III – Textural Classes & Processing Behaviour 

As discussed in previous sections, each ore textural class must represent distinctive ore 

behaviours during mineral processing stages. To understand these implications, a machine 

learning model for predicting the Li2O recovery was designed. 
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This model is based on the identification of patterns between textural classes, chemical 

composition of the feed and final Li2O flotation recovery, both for Syväjärvi and Rapasaari 

deposits. Therefore, the metallurgical database (consisting of Li2O and MgO content in the 

feed, along with Li2O flotation recovery from laboratory batch flotation tests) was categorised 

according to textural classes (from C1 to C12) based on the description of the tested material. 

This database was then used to train the model in Weka. 

In order to have an extensive test-set, the initial chemical database was classified by texture 

and then used to populate chemical values for further Li2O flotation recovery predictions. This 

process was carried out as follows: (1) Determining the mean and standard deviation for Li2O 

content per textural class. (2) Determining the mean and standard deviation for MgO content 

per textural class. (3) Populating aleatory values for Li2O per textural class, based on the 

previously determined mean and standard deviation values. Thus, an extensive database for 

Li2O was obtained, which follows a normal distribution with centre µ = mean, distributed 

within the range ± 3𝜎 (with 𝜎 = standard deviation). (4) the same process was followed for 

populating MgO values. This led to obtain 9,500 entries with textural class, Li2O content and 

MgO content, which configure the test-set for this machine learning model. Finally, Random 

Forest classifier was chosen due to its higher adaptability and lower sensitivity to abrupt 

changes in the data.  

Results obtained from the application of this model are illustrated in Figure 29, with error 

bars indicating standard deviation (± std). Based on these data, the higher Li2O flotation 

recovery is associated with textures C1 to C6, which correspond to Spd-pegmatites (expected 

scenario). On the other hand, the lowest recovery values are associated with textural classes 

characterized by their low Spd content, i.e., C7, C10, C11 and C12. Assuming that Li2O is 

entirely associated with spodumene.  

 

Figure 29. Forecasting of Li2O flotation recovery per textural class - Machine learning model. Error bars denote 
standard deviation (i.e. ± std). 
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Intermediate recovery values were obtained for textures C8 and C9. These two textural 

classes are associated to zones within the pegmatitic body characterized by quartz-feldspar 

veins that indicate the contact between the ore and host rocks (C8), and areas where the 

spodumene seems to be altered and replaced by micas (C9). The behaviour of both textural 

classes could suggest the mixture between the Spd-pegmatites and country rocks, generating 

the ore dilution, which means a decrease of the final Li2O flotation recovery.  

A correlation coefficient of 0.99 suggests a strong relationship between the metallurgical 

dataset and the forecasted values. Moreover, the obtained low root mean squared error 4.85, 

and the low relative absolute error of 13.52% suggest that the model is accurately forecasting 

the recovery per the textural class. Table 17 presents the summary statistics associated with 

the application of this model.  

Table 17. Li2O flotation recovery forecasting. Summary statistics - Random Forest classifier. 

Correlation coefficient 0.99 

Mean absolute error 3.06 

Root mean squared error 4.85 

Relative absolute error 13.52% 

Root relative squared error 15.59% 

Additionally, the calculation of the F-score offers an alternative for assessing the accuracy 

of the model. The obtained average weighted F-score is equal to 0.96, which suggests that the 

model is highly accurate, and its performance is adequate for forecasting the Li2O flotation 

recovery from spodumene flotation. This will be discussed in more detail in Chapter 5.2.1. 
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Chapter 5 

Performance Assessment 

5.1 Automated Mineral Mapping 

Crucial processes for the production of mineral maps are the definition of the mineral 

classes and the selection of the feature extraction schemes. As explained in previous sections, 

both factors are project-dependent and their capacities to adapt to the conditions of the 

training dataset must be evaluated.  

5.1.1 Mineral Classes 

Spodumene, mica, quartz and K-feldspar are difficult to differentiate due to their 

similarities (e.g. colour and brightness) but mainly because they do not exhibit a constant 

appearance in the images. The strategy to overcome this appearance variation was the 

construction of a training image covering the greatest possible variability between textural 

classes.  

Several sets of mineral classes were defined, seeking the greatest possible adjustment to the 

mineral phases that had previously been identified (Part I). As expected, the time required for 

the segmentation of the training image is proportional to the number of mineral classes. Figure 

30 shows the relationship between the number of mineral classes and the time required for the 

segmentation of the training image, using the feature extraction scheme defined by default in 

Fiji-ImageJ (brightness, hue and saturation) and Random Forest with 200 trees as classifier.  

 

Figure 30. Relationship between mineral classes and training time. 
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Initially, eleven mineral classes were defined. These corresponded to the ten mineral phases 

identified in section 4.2, along with an additional class representing the areas of the image that 

do not contain drill core information (background). This set of mineral classes was discarded 

because it requires about 45 minutes to be trained. Alternatively, by defining only two mineral 

classes (spodumene and others), the time required to train the model drops to 3 minutes. The 

selected set consists of eight classes: spodumene, mica, feldspar (including plagioclase and K-

feldspar), quartz, garnet, mica schist, amphibole and background. This set takes around 10 

minutes to be applied in the training image under the previously mentioned settings.    

Given the selected set of mineral classes for image segmentation, special attention should 

be placed on the selection of features that facilitate the identification of spodumene, mica, 

feldspar and quartz. This is due to the similarity between these mineral classes in different 

textural classes. Additionally, discrimination between spodumene and mica schist must be 

carefully addressed due to their similar textural features in the images. 

5.1.2 Feature Extraction Scheme 

The correct segmentation of the images in their constituent elements or regions depends on 

the effective identification of the features associated with each mineral class. Due to this, 

several schemes were executed in Fiji-ImageJ to evaluate their performance during the 

segmentation of the images. Random Forest with 200 trees was used as classifier. Since the 

analysed images are RGB, brightness, hue and saturation correspond to features implemented 

by default.  

Table 18 presents the parameters considered for assessing the performance of the feature 

extraction schemes. Initially, the training dataset was defined on the training image described 

in previous sections, which was later used to extract the features of each mineral class. The 

cross-validation of these data allowed the estimation of root mean squared error (RMSE), in 

addition to the percentage of correctly and incorrectly classified elements. The out-of-bag error 

(OOB) assess the classification with Random Forest and can be considered as a complementary 

tool to the cross-validation. Additionally, times required to train and apply each scheme were 

determined. Training time was established as the time required for training the model on the 

training dataset (training image 5,244 x 4,160 pixels). Segmenting time corresponds to the time 

required for applying the segmentation scheme on a single image patch (1,310 x 1,039 pixels). 

The first step was the evaluation of the capabilities of each feature extraction procedure 

individually. Features determined by default require only 10 minutes to be trained in the 

training dataset, plus 5 minutes to be applied in each image patch. However, this scheme was 

discarded due to its low accuracy, with only 66.06% correctly classified instances. Therefore, 

it was necessary to inspect more complex procedures, and even, combinations of them.  

Hessian, difference of gaussians, membrane projections and neighbours presented a better 

performance in the training dataset. These features reported training times between 17 and 20 

minutes, in addition to low OOB errors between 9.55 and 12.18%. An average of 84.56% of 

instances are correctly classified when these features are applied individually.  
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Table 18. Feature extraction schemes - Classification performance.  

Feature extraction schemes 
OOB 
(%) 

RMSE 
Correctly 

classified (%) 
Incorrectly 

classified (%) 

Training 
time 
(min) 

Segment. 
time 
(min) 

Brightness, hue and 
saturation 

30.67 0.27 66.06 33.93 10 5 

Hessian 10.26 0.15 89.25 10.74 19 10 

Difference of gaussians 12.18 0.17 80.52 19.48 17 8 

Membrane projections 10.59 0.13 83.10 16.89 20 11 

Neighbours 9.55 0.11 85.36 14.63 20 10 

Gaussian blur 15.63 0.19 74.52 25.47 19 10 

Sobel filter 14.89 0.18 76.48 23.51 20 10 

Anisotropic diffusion 11.52 0.14 87.41 12.59 22 12 

Lipschitz filter 12.40 0.18 82.42 17.58 17 8 

Kuwahara filter 15.69 0.20 71.44 28.55 15 7 

Gabor filter 11.93 0.15 89.52 10.48 17 8 

Structure filter 17.74 0.23 71.52 28.47 17 8 

Entropy 19.57 0.24 69.98 30.02 17 8 

Brightness, hue, saturation, 
difference of gaussians, 
neighbours 

6.97 0.08 97.62 2.38 47 14 

Brightness, hue, saturation, 
hessian, difference of 
gaussians, anisotropic 
diffusion, membrane 
projections, lipschitz filter, 
gabor filter, neighbours 

3.52 0.05 99.72 0.28 75 29 

Brightness, hue, saturation, 
hessian, difference of 
gaussians, membrane 
projections, neighbours 

5.02 0.07 98.99 1.01 52 17 

When these feature extraction procedures are applied together, they present a remarkable 

greater accuracy and adaptability to the training dataset, but the required times (training and 

segmentation) increase considerably.  

The selected scheme is formed by a set of seven features: brightness, hue, saturation, 

hessian, difference of gaussians, membrane projections and neighbours. This scheme presents 

an OOB error of 5.02% and offers 98.99% accuracy during pixel classification. Although other 

schemes offer greater precision, this one was selected due to its remarkable lower time 

required for training and application. Additionally, the visual evaluation of its segmentation 

results led to understand its capabilities for identifying mineral appearances and patterns. For 

instance, saturation, brightness, hue and hessian are effective in discriminating between 

spodumene, quartz, mica and feldspar based on the calculation of such features pixel by pixel. 

Alternatively, operations such as difference of gaussians, membrane projections and 

neighbours are based on the relationship between pixel neighbourhoods for identifying linear 

patterns. They are especially effective for identifying 'grooves' in Spd crystals and foliation in 

mica schists. 
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5.1.3 Limitations 

5.1.3.1 Training Dataset 

As previously stated, the training data set should contain as many mineral and textural 

variations as possible. Several mineral classes show similar responses in properties such as 

brightness, hue and saturation (e.g. spodumene, mica, feldspar and quartz). Moreover, crystal 

patterns can be identified by feature extraction schemes based on pixel neighbourhoods 

applied in extensive training datasets. Therefore, training data must be carefully and precisely 

selected, as well as being extensive enough to cover as many mineralogical variations as 

possible. However, the manipulation of extensive training images involves large 

computational requirements as well as time to train the models.  

The efficient production of mineral maps depends, to a large extent, on the skills of the 

operator to train the segmentation model. Thus, it is necessary that the professional in charge 

of the training dataset has a deep knowledge of the mineralogy and textural features of the 

rocks that make up the studied deposits. 

5.1.3.2 Segmentation Artifacts 

Image artifacts were common during the application of this methodology, leading to the 

misclassification of the analysed images. Six major conditions for obtaining artifacts have been 

identified. These are associated with three main factors: (1) Intrinsic characteristics of the 

minerals. For instance, fractures in Spd crystals and similar textural features shown by mica 

schist and Spd. (2) Illumination conditions during drill core imaging. (3) Drill core conditions, 

such as saw marks or clay coatings. Table 19 schematises the main image artifacts as well as 

some proposed corrective actions to reduce their influence on the segmentation process. 

Table 19. Image artifacts associated with mineral mapping. Artifacts and recommended correction.  
Note: the scale is different for each case.  

Artifacts Original image Segmented image Correction 

Spd crystal 
fractures 

Fractures classified as quartz 

More training data on 
these features (a common 
condition in Spd crystals). 

  

 

Presence of 
spodumene 
and mica 
schist 

Areas within mica schist classified as spodumene 

More training data on 
these mineral classes / To 
create a segmentation 
model only for country 
rocks. 
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Illumination 
conditions 

Anhedral spodumene classified as mica 
To control brightness 
ensuring uniform 
illumination / More 
training data.   

 

Saw marks 

Saw marks classified as background and spodumene 
Drill core photography in 
wet conditions / More 
training data including 
these marks / Remove 
drill cores with saw 
marks.   

 

Complete drill 
cores 

Complete drill core erroneously classified 

Remove drill cores that 
are complete and only 
apply the model to the 
halved ones. 

  

 

Clay coating 
on drill core 
surface 

Clay coating classified as spodumene 

Drill core photography in 
wet conditions / More 
training data.   

 

5.1.3.3 Computational Requirements 

Automated generation of mineral maps was based on the application of several image 

processing and image analysis techniques, which are known for demanding important 

computational capacities and time. These computational requirements are usually crucial to 

evaluate the performance and efficiency of a model. 

The mineralogical classification of complete RGB drill core images (4,272 x 2,848 pixels) can 

take about 3 hours to generate a mineral map. Therefore, the strategy followed in this study 

included the division of these images into smaller RGB patches (1,310 x 1,039 pixels), leading 

to the improvement of the time consumption. Subsequently, the segmented patches were 

‘stitched’ to obtain fully classified images (complete mineral maps). This process was 

implemented by using Matlab and Fiji-ImageJ in a high-performance computer (Table 20). 

Table 20. Device specifications - Computer used for the application of mineral mapping processes. 

Windows edition Windows 10 

Processor 
Intel® Xeon® CPU E5-2650 v3 
Two units 2.30 GHz processor 

Installed memory (RAM) 256 GB 

System type 64-bit Operating System 

The proposed strategy allowed to reduce the time required for the mineral segmentation of 

each image patch to around 17 minutes. Additionally, the implementation of the algorithms 

used to generate patches, reconstitution of mineral maps and morphological and stereological 

corrections took about 1.5, 0.25 and 2 minutes, respectively. Thus, the implementation of this 
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model took about 1 hour and 45 minutes per mineral map. The time needed to train and create 

the model has not been considered.   

5.2 Textural Classes & Processing Behaviour 

5.2.1 Model Performance 

Cross-validation was used to evaluate the performance of the proposed model for 

forecasting the Li2O flotation recovery per textural class. Table 21 presents the summary 

statistics obtained from this process. The high correlation coefficient suggests that the pattern 

between the values used to train the model and the output data is strong, even considering the 

partitioning of the data generated during the cross-validation.  

Comparing to the errors estimated from the application of this model (Chapter 4 - Part III), 

parameters such as relative absolute error and root mean squared error are greater after cross-

validation. The relative absolute error increases from 13.52 to 35.91% and the root mean 

squared error goes from 4.85 to 12.47. This indicates that the accuracy of the predictions is 

highly influenced by the reduction of the training dataset during cross-validation. Thus, it is 

necessary to improve the robustness of the model. 

Table 21. Li2O flotation recovery forecasting. Cross-validation summary statistics - Random Forest classifier. 

Correlation coefficient               0.92 

Mean absolute error 8.15 

Root mean squared error 12.47 

Relative absolute error 35.91% 

Root relative squared error 40.04% 

The calculation of the F-score (or F-measure) allows a more detailed analysis of the 

performance of the proposed model, as well as the assessment of the accuracy of the results. It 

is widely used in machine learning because it considers both precision and recall to compute 

the score. For this analysis, precision (or confidence) denotes the proportion of predicted 

positive cases that are correctly real positives. Conversely, recall (or sensitivity) is the 

proportion of real positive cases that were correctly predicted positive. Then, the F-score is 

defined as the harmonic average of the precision and recall, reaching its best value at 1 (perfect 

precision and recall) and worst at 0 (Sasaki 2007; Powers 2011). The obtained weighted average 

F-measure for the machine learning model proposed in this study is equal 0.96. It suggests that 

the model can accurately forecast the Li2O recovery, based both on ore textural classes and 

feed chemical composition. Appendix 7 reports the detailed accuracy by prediction class 

associated with the application of this model.  

5.2.2 Limitations 

The performance of this prediction model is directly dependent on the quality of the 

metallurgical data used for its training. Therefore, the refinement of the model with a more 

extensive and texturally classified metallurgical dataset could lead to obtaining more accurate 

predictions for the Li2O recovery.   
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Chapter 6 

Discussion and Conclusion 

6.1 Discussion 

The textual classification of the Syväjärvi and Rapasaari Li-pegmatite deposits was 

addressed through a methodology composed of three parts. The first part was aimed to offer 

mineralogical, textural and spatial information of the rocks that make up these deposits. The 

second part was designed to quantify the spodumene and Li2O content associated with each 

textural class. The third part was based on machine learning models to offer insights on the 

behaviour of each textural class during spodumene flotation.  

Ore Textural Characterization 

Twelve textural classes have been proposed to classify the rocks that characterize the 

studied Spd-pegmatite bodies. This proposal seeks to provide detailed information on the 

minerals features at different scales. Thus, six textural classes describe the Spd-pegmatite ore 

(C1 to C6), four classes describe the main features of the pegmatitic rocks with low Spd content 

(C7 to C10), and two classes indicate the presence of country rocks (C11 and C12). Drill core 

logging and SEM-EDS allowed the identification of ten major mineral phases as main 

constituents of the textural classes. These phases agree with those previously identified by 

Ataide Salvador (2017) (Table 14, Appendix 5). Additionally, this methodology led to 

establishing the main mineralogical associations that characterize each textural class. In the 

case of the ore zone (C1 to C6), the main mineral association corresponds to Spd + Ab + Qtz + 

Kfs ± Bt, with Ap, Tur and Grt as main accessories.  

The textural zoning model presented in this study (Figure 23) is aimed to offer spatial 

information on the distribution of the rocks that make up the ore deposit. The implementation 

of this model could give important spatial insights for projects at different stages. This model 

could improve the understanding of the deposits, which represents an important source of 

information for decision making during the early exploration stages, or during the designing 

a production plan.  

The application of this textural classification methodology would result in the obtaining of 

much more detailed information related to ore properties and its behaviour (compared with 

the general lithological classification nomenclature initially used). However, the textural 

classes must be constantly refined and adjusted according to the new data collected in the 

project.  

Automated Mineral Mapping 

Image analysis represents an inexpensive but powerful tool for quantifying the Li2O content 

in Spd-pegmatites. It allows us to obtain early information on the mineral content within the 
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studied drill cores. However, the methodology proposed in this study requires to be applied 

by ‘expert’ staff and the models must be continuously refined. 

Optical sorting and hyperspectral core imaging are approaches available for mineral 

classification and separation. However, their implementation implies several drawbacks. For 

instance, studies carried out by Outotec (2018b) conclude that the TOMRA optical sorting 

system is able to perform an efficient separation between the rocks that make up the pegmatitic 

body (C1 to C10 in this study) and the country rocks (C11 and C12). This separation is based 

on the strong colour contrast between those lithologies. Moreover, this technique is able to 

detect differences between Spd-bearing pegmatites (C1 to C6) and pegmatitic rocks with low 

spodumene content (C7 to C10). However, this separation is not completely accurate due to 

their similar optical properties. On the other hand, hyperspectral analysis (applied in this 

study as a reference for comparison) is a time-demanding technique, highly sensitive and 

whose results are directly dependent on the interpretations made by an operator who, 

sometimes, is not familiar with the mineralogy of the studied deposits. Finally, the image 

analysis techniques applied in this study are based on the automated production of mineral 

maps, through classification models that are initially trained by an ‘expert’. However, the 

creation of the segmentation model and its subsequent refinement are time-consuming tasks.  

Minerals that make up the analysed drill cores present similar properties such as colour, 

brightness and saturation. This is evident in the wide similarities of appearance between 

different mineral phases (Figure 16). Therefore, the mineral segmentation model had to be 

created with a large amount of training data. Thus, it was necessary the creation of a large 

training image (5,244 x 4,160 pixels), formed by image patches containing information about 

the appearance of minerals according to each textural class. This strategy allowed us to define 

a more extensive training dataset, but it required much more time to train the model. Thus, 

the definition of the mineral classes played a strategic role in optimizing time demands. 

Accordingly, eight mineral classes were defined: spodumene, mica, feldspar, quartz, garnet, 

mica schist, amphibole and background. The segmentation of the training image, using the 

feature extraction offered by default in Fiji-ImageJ, takes about 10 minutes using a high-

performance computer (Table 20). Therefore, since the selection of mineral classes directly 

influences the time consumption during mineral mapping, it should be a fundamental factor 

in assessing the applicability of a segmentation model.  

In this study, the use of brightness, hue and saturation (HSV colour space; default features 

in Fiji-ImageJ for segmenting colour images) is not sufficient for the correct discrimination of 

mineral classes. This is due to similar responses within drill core images shown by several 

mineral phases. As a consequence, more complex features had to be implemented. The scheme 

used is based on seven feature extraction processes: brightness, hue, saturation, hessian, 

difference of gaussians, membrane projections, and neighbours. The first four methods are 

intended to discriminate between spodumene, mica, feldspar and quartz, based on the 

calculation of those properties pixel by pixel. Moreover, difference of gaussians, membrane 

projections, and neighbours are efficient in the identification of linear patterns and by 

considering pixel neighbourhoods. This feature extraction scheme presents a high precision, 

with 98.99% of the instances correctly classified. However, the visual evaluation of mineral 

maps allows us to identify some classification issues, which can be reflected in the tendency 
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to overestimate spodumene and Li2O in some textural classes. The main sources of pixel 

misclassification are associated to six major image artifacts: fractures in Spd crystals, textural 

similarity between large spodumene crystals and mica schist, lighting conditions during drill 

core imaging, saw marks, not halved (complete) drill cores, clay coatings on drill core surfaces.  

Different feature extraction procedures, or combinations of them, can be explored to refine 

the proposed model. However, the ability of these methods to adapt to the nature of the images 

and the defined mineral classes must be evaluated. The implementation of convolutional 

neural networks (CNN) could be an option for the automated selection of the features to be 

extracted. CNNs are primarily used to solve difficult image-driven pattern recognition tasks 

and are mainly composed of a high number of interconnected computational nodes ('neurons') 

that self-optimize through learning (O’Shea and Nash 2015). Future efforts should be focused 

on this topic, for assessing its capability for the refinement of image analysis models based on 

machine learning.  

Textural Classes & Processing Behaviour 

Machine learning represents a powerful option to understand the behaviour of the ore that 

makes up the deposit, based on its textural variations. The methodology proposed in this 

study links the chemical composition of drill cores, texturally classified, with their expected 

performance during subsequent Spd flotation processes. However, the effectiveness of the 

model depends entirely on the quality of the metallurgical data used as training dataset. 

Therefore, a stage of model refining is necessary, using more extensive chemical and 

metallurgical databases, focusing on ore textural classification. 

6.2 Conclusion 

Mineralogical and textural ore characterization is crucial for obtaining valuable information 

about the behaviour of the ore during downstream processing stages. In this study, textures 

act as the bridge that unites the ore properties and final flotation recovery.   

Methods applied in this study represent a series of inexpensive but powerful tools to obtain 

information about the materials that make up the studied deposits. The textural classification 

model allows the collection of mineralogical information at different scales and its spatial 

distribution within the ore deposit. The image analysis model for the production of mineral 

maps offers an effective method for estimating the Li2O content associated with each texture. 

Finally, the machine learning model for forecasting of Li2O flotation recovery gives 

information about the processing implications of each textural class during subsequent 

mineral processing steps.  

The models proposed in this study were designed to characterize the textural properties of 

two specific deposits (i.e. Syväjärvi and Rapasaari deposits), based on their mineralogical and 

textural similarities. However, the proposed methodology can be generalised and applied as 

a guideline for the geometallurgical characterization of other pegmatite deposits, both in the 

Ostrobothnia region and in other pegmatite provinces worldwide. Yet, this methodology must 

be refined and adjusted to each specific case. 
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This study could represent the starting point for designing a geometallurgical program, 

based on textural properties of the Spd-pegmatites in the Keliber Lithium Project. The results 

here obtained could be integrated to create a process model that describes the metallurgical 

performance of the ore at each stage of the mineral beneficiation process. This would be the 

basis to develop a management program for designing an optimal production plan. 

This methodology is capable to take information from drill cores and transform it into 

mineral processing performance data. However, implementation of these methods requires 

well-trained personnel with experience and deep knowledge in the mineralogical and textural 

features present in the studied ore deposits. 

6.3 SWOT Analysis 

A SWOT analysis is an analytical approach commonly used to identify several key 

characteristics of a specific business or project: strengths, weaknesses, opportunities and 

threats (SWOT). The first element addresses things that the project does especially well. The 

second element refers to the critical challenges or disadvantages in relation to other projects 

or techniques. Opportunities cover everything the project could do to improve the processes 

at Keliber Project. The final element, threats, indicates everything that poses a risk to either the 

project itself or its likelihood of success (Shewan 2017). The SWOT parameters identified for 

the methodology presented in this study are summarised in Table 22.  

Table 22. SWOT elements related with the implementation of this project. 

Strengths Weaknesses 

Inexpensive process for an early identification of 
mineral features present in the ore. 

Rapid classification of the rocks that make up the 
deposit based on their textural properties and 
distinctive behaviour during ore processing 
stages. 

Estimating the Spd and Li2O contents within drill 
cores at low cost and without great physical 
effort.  

Forecasting the behaviour of the ore during 
subsequent processing stages. 

High computational requirements for mineral 
segmentation of drill core images. 

Several conditions influence the erroneous 
classification of image pixels into mineral classes 
(artifacts). 

Opportunities Threats 

Refining the model for producing mineral maps 
to obtain more accurate results.  

Refining the machine learning model for Li2O 
recovery forecast, by means of new and more 
extensive texturally classified data.  

Extending the models proposed in this study to 
other Li deposits within the Keliber Project.  

Designing of a geometallurgical program based 
on the textural characteristics of the ore proposed 
in this project.  

Results from the implementation of the 
methodology proposed in this study depend, to a 
large extent, on the knowledge and experience of 
the staff. 

Optical techniques for identification and mineral 
classification (optical sorting and hyperspectral 
analysis). 
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6.4 Project Applications 

The methodology developed in this project allows the collection of mineral and ore spatial 

information, as well as estimations of Li2O in both the ore and final Spd flotation concentrate. 

This information is generated through the direct analysis of drill cores and RGB images, which 

represents a rapid and low-cost option for retrieving valuable insights on the final mineral 

product.   

Application of these methods represents an important potential source of information for 

decision making in projects at any level. For instance, for projects in early exploratory stages, 

these methods offer an option for the complete textural characterization of the materials, 

leading to the improvement of the knowledge about the ore features. Similarly, it can optimize 

the production processes for mining projects that are already running. 

It is expected that the implementation of this project will lead to an increasingly 

optimisation of the processes at Keliber Project, which will be reflected in a future optimal 

lithium carbonate production. 

6.5 Recommendations 

Based on the experience obtained during the implementation of the methodology proposed 

in this study, future efforts should focus on: 

Evaluating and refining the textural classification model by using more drill cores from 

both pegmatite deposits.  

Refining the mineralogical segmentation model for mineral mapping. To achieve this, the 

following is suggested: 

- Evaluating its robustness by applying the model on a larger amount of drill core images. 

- To experiment new combinations of feature extraction methods to achieve a less 

sensitive model with less computational requirements. To evaluate the effectiveness of 

convolutional neural networks as an option for automated selection of features. 

- Dividing the images into smaller patches to increase the speed of the mineral 

classification process.  

- To experiment with drill core photography in wet conditions to obtain better contrast 

in the initial images and reduce image artifacts during segmentation (saw marks and 

clay coatings). 

- Creating an independent mineral classification model for country rocks.  

- To explore different techniques to identify and distinguish the different Li-bearing 

minerals. 

To extend the proposed methodology for the geometallurgical characterization of the other 

four deposits within the Keliber Lithium Project. 

Refining the machine learning model for Li2O forecasting per textural class. The 

implementation of texturally oriented metallurgical data for feeding the model can yield more 

significant predictions.  
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Appendices 

 

Appendix 1. Estimated world lithium resources (sources: BGS 2016 and references therein; 
USGS 2017) 

Country Deposit type Number of deposits Li contained (Mt) 
Bolivia Continental brines 1 9.00 

Chile Continental brines 3 7.50 

USA 

Pegmatites several 2.87 

Hectorite 1 2.04 

Geothermal brines 1 1.04 

Oilfield brines 1 0.89 

Continental brines 1 0.08 

Sub-total USA  6.90 

Argentina Continental brines 6 9.00 

China 
Continental brines several 4.00 

Pegmatites several 2.40 

Sub-total China  6.40 

D.R. Congo Pegmatites 1 2.30 

Australia Pegmatites 3 2.00 

Russia Pegmatites several 1.00 

Canada Pegmatites several 1.38 

Serbia Jadarite 1 0.95 

Brazil Pegmatites 2 0.19 

Mexico Hectorite 1 0.18 

Austria Pegmatites 1 0.13 

Zimbabwe Pegmatites 1 0.06 

    

World total   46.98 
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Appendix 2. Pegmatite classification scheme showing the correlation between pegmatite 
classes and families. HREE: heavy rare earth elements; LREE: light rare earth elements; LCT: 
lithium-cesium-tantalum family; NYF: niobium-yttrium-fluorine family; AB-U: pegmatites 

with U-Th-Zr bearing minerals. AB-BBe: B-rich pegmatites and/or pegmatites with Be-
bearing minerals. Shaded cells indicate the classification of the pegmatites in the Kaustinen 
Province (source: Černý and Ercit 2005; Černý, London, and Novák 2012; Cempírek and 

Novák 2006). 

Class Subclass Type Subtype Family 

Abyssal 

HREE   NYF 

LREE 
AB-U   NYF 

AB-BBe   LCT 

Muscovite-
Rare element 

REE   NYF 

Li   LCT 

Rare element 

REE 

Allanite-Monazite  

NYF Euxenite  

Gadolinite  

Li 

Beryl 
Beryl-Columbite 
Beryl-Columbite-Phosphate 

LCT Complex 

Spodumene 
Petalite 
Lepidolite 
Elbaite 
Amblygonite 

Albite-Spodumene   

Albite  

Miarolitic 

REE 

Topaz-Beryl  

NYF Gadolinite-
Fergusonite 

 

Li 

Beryl-Topaz  

LCT 
Spodumene  

Petalite  

Lepidolite  
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Appendix 3. Geological map of the Syväjärvi lithium pegmatite deposit. Plan projection of the 
drill core and RC drilling sites and locations of spodumene pegmatite boulders (map after 

Athola et al. 2010). 
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Appendix 4. Geological map of the Rapasaari lithium pegmatite deposit. Plan projection of the 
drill core and RC drilling sites and locations of spodumene pegmatite boulders (map after 

Kuusela et al. 2011). 
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Appendix 5. Mineral phases identified by MLA (Source: Ataide Salvador 2017). 

Group Mineral phase Chemical formula 

Spodumene Spodumene LiAlSi2O6 

Cookeite Cookeite LiAl4(Si3Al)O10(OH)8 

Petalite Petalite LiAlSi4O10 

Columbite-Tantalite-RE 

Columbite - Tantalite 
(Fe,Mn,Mg)(Nb,Ta)2O6;  

(Fe,Mn)(Ta,Nb)2O6 

Tapiolite (Fe,Mn)(Ta,Nb)2O6 

RE-minerals Not specified 

Apatite-Calcite 
Apatite Ca5(PO4)3(OH,F,Cl) 

Calcite CaCO3 

Li phosphates 
Sicklerite LiMn2+

0.75
 Fe2+

0.25(PO4) 

Montebrasite LiAl(PO4)(OH,F) 

Tourmaline Tourmaline NaFeAl6(BO3)3Si6O18(OH)4 

Quartz Quartz SiO2 

Plagioclase Plagioclase (Na,Ca)(Si,Al)4O8 

Microcline Microcline KAlSi3O8 

Micas 

Muscovite KAl2(Si3Al)O10(OH,F)2 

Biotite K(Mg,Fe)3AlSi3O10(OH,F)2 

Clay Not specified 

Other silicates 

Garnet (Mn,Ca)3(Fe,Al)2(SiO4)3 

Forsterite Mg2(SiO4) 

Titanite CaTiSiO5 

Epidote Ca2(Fe,Al)3(SiO4)3(OH) 

Amphibole Ca2(Mg,Fe)5Si8O22(OH)2 

Zircon ZrSiO4 

Fe – Sulphides 

Arsenopyrite FeAsS 

Pyrite FeS2 

Pyrrhotite FeS 

Sphalerite (Zn,Fe)S 

Process metal Fe 
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Appendix 6. Feature extraction processes available in Trainable Weka Segmentation plugin 
for Fiji-ImageJ software (Source: Arganda-Carreras et al. 2017). Note: features highlighted in 

green are the ones used for the segmentation process in this study. 

Features extraction 
process 

Description 

Hue, Saturation 
and Brightness 

Since input data are RGB images, Hue, Saturation and Brightness will be as well 
part of the features. 

Hessian 

Calculates a Hessian Matrix H at each pixel. Prior to the application of any filters, 
a Gaussian blur with varying sigma is performed. The final features used for 
pixel classification includes the calculation of the module, trace, determinant, first 
eigenvalue, second eigenvalue, orientation, gamma-normalized square 
eigenvalues difference and square of gamma-normalized square eigenvalues 
difference. 

Difference of 
gaussians 

Calculates two Gaussian blur images from the original image and subtracts one 
from the other. Sigma values are varied as usual, so feature images are added to 
the stack. 

Membrane 
projections 

Enhances membrane-like structures of the image through directional filtering. 
Multiple kernels are created by rotation. 

Neighbours 
It shifts the image in 8 directions by a certain number of pixel, sigma. Therefore, it 
creates 8n feature images. 

Gaussian blur 
Performs n individual convolutions with Gaussian kernels with the normal n 
variations of sigma. The larger the radius the more blurred the image becomes 
until the pixels are homogeneous.  

Sobel filter 
Calculates an approximation of the gradient of the image intensity at each pixel. 
Gaussian blurs with varying sigma are performed prior to the filter. 

Mean, Variance, 
Median, Minimum, 
Maximum 

The pixels within a radius of sigma pixels from the target pixel are subjected to 
the pertinent operation (mean, min etc.) and the target pixel is set to that value. 

Anisotropic 
diffusion 

the anisotropic diffusion filtering from Fiji with 20 iterations, sigma smoothing 
per iterations, a1=0.10, 0.35, a2=0.9, and an edge threshold set to the membrane 
size 

Bilateral filter 

It is very similar to the Mean filter but better preserves edges while 
averaging/blurring other parts of the image. The filter accomplishes this task by 
only averaging the values around the current pixel that are close in colour value 
to the current pixel. 

Lipschitz filter 

Implements Lipschitz cover of an image that is equivalent to a grayscale opening 
by a cone. The Lipschitz cover can be applied for the elimination of a slowly 
varying image background by subtraction of the lower Lipschitz cover (a top-hat 
procedure). 

Kuwahara filter 
A noise-reduction filter that preserves edges. This is a version of the Kuwahara 
filter that uses linear kernels rather than square ones. 

Gabor filter 
The Gabor filter is an edge detection and texture filter, which convolves several 
kernels at different angles with an image. 

Derivatives filter Calculates high order derivatives of the input image. 

Structure filter 
Calculates for all elements in the input image, the eigenvalues (smallest and 
largest) of the so-called structure tensor. 

Entropy 
It draws a circle of radius r around each pixel; gets the histogram of that circle 
split in numBins chunks; then calculates the entropy. 
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Appendix 7. Detailed accuracy by prediction class. Random Forest classifier. 

 Precision Recall F-Measure 
Prediction class 

(wt.% Li2O) 
 1.00 1.00 1.00 a = 0 

 1.00 1.00 1.00 b = 62.90 

 1.00 1.00 1.00 c = 66.90 

 0.33 1.00 0.50 d = 74.30 

 1.00 1.00 1.00 e = 75.00 

 1.00 1.00 1.00 f = 76.28 

 1.00 1.00 1.00 g = 76.40 

 1.00 1.00 1.00 h = 76.50 

 1.00 1.00 1.00 i = 76.60 

 1.00 1.00 1.00 j = 79.48 

 1.00 1.00 1.00 k = 81.08 

 1.00 0.50 0.67 l = 81.10 

 1.00 0.50 0.67 m = 81.60 

 1.00 1.00 1.00 n = 83.40 

 0.75 1.00 0.86 o = 83.48 

 1.00 1.00 1.00 p = 85.62 

 1.00 0.86 0.92 q = 87.00 

 1.00 1.00 1.00 r = 87.04 

 1.00 1.00 1.00 s = 87.10 

 1.00 1.00 1.00 t = 88.60 

 1.00 1.00 1.00 u = 88.90 

 1.00 1.00 1.00 v = 89.80 

 1.00 1.00 1.00 w = 90.17 

 1.00 1.00 1.00 x = 90.18 

 1.00 1.00 1.00 y = 90.30 

 1.00 1.00 1.00 z = 90.40 

 1.00 1.00 1.00 a' = 90.42 

 1.00 1.00 1.00 b’ = 92.10 

 1.00 1.00 1.00 c’ = 92.60 

     

Weighted Avg. 0.98 0.96 0.96 n.a. 

 


