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ABSTRACT 

This thesis study employs textural classification techniques applied to four different data groups: (1) 
visible light photography, (2) high-resolution drill core line scan imaging (3) scanning electron 
microscopy backscattered electron (SEM-BSE) images, and (4) 3D data from X-ray 
microtomography (μXCT). Eleven textural classes from Aitik ores were identified and 
characterized. The distinguishing characteristics of each class were determined such as modal 
mineralogy, sulphide occurrence and Bond work indices (BWI). The textural classes served as a 
basis for machine learning classification using Random Forest classifier and different feature 
extraction schemes. Trainable Weka Segmentation was utilized to produce mineral maps for the 
different image datasets. Quantified textural information for each mineral phase such as modal 
mineralogy, mineral association index and grain size was extracted from each mineral map.  

Efficient line local binary patterns provide the best discriminating features for textural classification 
of mineral texture images in terms of classification accuracy. Gray Level Co-occurrence Matrix 
(GLCM) statistics from discrete approximation of Meyer wavelets decomposition with basic image 
statistical features (e.g. mean, standard deviation, entropy and histogram derived values) give the 
best classification result in terms of accuracy and feature extraction time. Differences in the 
extracted modal mineralogy were observed between the drill core photographs and SEM images 
which can be attributed to different sample size. Comparison of SEM images and 2D μXCT image 
slice shows minimal difference giving confidence to the segmentation process. However, 
chalcopyrite is highly underestimated in 2D μXCT image slice, with the volume percentage 
amounting to only half of the calculated value for the whole 3D sample. This is accounted as 
stereological error. 

Textural classification and mineral map production from basic drill core photographs has a huge 
potential to be used as an inexpensive ore characterization tool. However, it should be noted that 
this technique requires experienced operators to generate an accurate training data especially for 
mineral identification and thus, detailed mineralogical studies beforehand is required. 

Keywords: ore texture, texture classification, Machine Learning, drill core photography, scanning electron 
microscope, X-ray microtomography, mineral mapping, stereology 
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GENERAL ABBREVIATION 
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Elements 
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Methodology 
EMC Element to mineral conversion  
SEM Scanning Electron Microscope 
BSE Backscattered electrons 
EDS Electron Dispersive Spectroscopy 
AG Autogenous Mill 
XRD X-ray Diffraction 
XRM X-ray Microscope 
μXCT X-ray Computed Microtomography 
 
Others 
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RGB  Red, Green and Blue Channels      
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1 INTRODUCTION 

Depleting resources, lower ore grades, fluctuating commodity prices, and high environmental and 
socio economic demands are the major challenges that the mineral industry are currently 
undertaking. In lieu of this, mineral exploration industry strives to reduce risks and costs during the 
exploration stage. This leads to the emergence of ‘geometallurgy’ as a concept of understanding 
variability within a deposit and provide a production forecast, which in effect minimize technical 
and financial risk of an evaluated project.  
 
Geometallurgical characterization requires determination of quantifiable information on the feed 
characteristics such that it can be integrated in a block model. Mineral processors typically provide 
numerical parameters, e.g. ore crushability, grindability, and recovery data, which can easily be 
integrated to a simulation model. However, logging of geological attributes are mostly descriptive, 
categorical and sometimes subjective. Ore textures can also be investigated and quantified using 
microscopic techniques but these are too costly and unfeasible to be done on several drill cores. A 
quick and quantified approach is thus necessary to link the geological attributes to their processing 
parameter counterparts.  
 
Advances in digital imagery and image analysis technique provide an opportunity to extract 
numerical textural data from drill cores such as grain size, shape and modal mineralogy. Thinking 
ahead, the geometallurgical approach is to extract features that not only can quantify ore textures 
from drill cores but also predict their metallurgical performance.  
 
This study is a part of a larger research program, PREP (Primary Resource Efficiency by Enhanced 
Prediction) and a CAMM (Center for Advanced Mining and Metallurgy) project running within 
Luleå University of Technology. This program aims at integrating modelling and simulation 
environment in generating comprehensive model-based prediction for mineral beneficiation. It also 
seeks to enhance the process control by developing tools for mineralogical and textural 
characterization in a geometallurgical perspective which can be potentially used as an on-line 
analysis tool for the mining industry. This master thesis will focus on quantifying textural attributes 
using high-resolution digital images, advanced 2D and 3D microscopy techniques, image analysis 
and machine learning tools. The results will be used to provide input parameters for process 
simulation. 
 
1.1 State of the Art 

Textural classification of ore minerals have been done by numerous authors with different 
methodologies,  e.g. manual drill core logging, microscopic studies, image analysis of drill cores, and 
recently, 3D analysis of  cores (Miller and Becker 2016; Bojcevski 2004; Bonnici 2012; Donskoi et 
al. 2016; Gaspar 1991; Koch et al. 2017; Lund 2013; Richmond and Associates 2005; Soufiane and 
Keskes 2017; Vink 1997). Further works were applied on extracting quantifiable textural 
information which can be utilized for geometallurgical modelling and mineral processing simulation. 
Nguyen (2016) texturally classified drill core images through image analysis and utilized these to 
predict comminution model parameters. Koch (2017) simulated breakage in intact textures to 
produce particle data which can be utilized in the process model.  
 
All these previous studies provide substantial information on extracting qualitative and quantitative 
textural information of drill cores. However, linking all the different methodologies, namely, 
logging, macroscopic and microscopic 2D and 3D analysis of drill cores, and applying them in one 
deposit have not been done. 
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1.2 Objectives 

The aim of this study is to develop a technique to identify, classify and quantify textures from drill 
cores in macroscopic and microscopic scale, which can be used to predict variability in the ore’s 
mineral processing behavior. This is done by fulfilling three objectives: 
 
Objective 1 
Determine the link between macro- and micro-textures in Aitik and compare with their metallurgical performance 
It is well established that mineral constituents of the ore and their textures highly influences the 
processing behavior of ores. These particles may behave differently in the process depending on 
their inherent characteristic. However, studies are typically implemented at particle level, i.e. 
microscopic scale, which can be expensive and time-consuming. By relating macroscopic against 
microscopic textural features, it is possible to link geological attributes with expected metallurgical 
performance. 
 
Objective 2 
Extract textural features from images which will allow automatic classification of different textural classes of Aitik 
ore 
Texture is an attribute perceivable by human eyes (bare or aided by magnifying tools). However, for 
a machine to automatically identify a texture based from images, it is important to be able to 
transform image data to unique features that are distinguishable for each class. Several feature 
extraction algorithms utilized in other disciplines, e.g. medicine and photography, can be applied for 
textural classification of drill cores.  
 
Objective 3 
Produce mineral maps where quantitative and additive textural information can be extracted 
The study by Koch (2017) shows that it is possible to generate particles from mineral maps of intact 
texture through breakage simulation. Liberation and particle size distribution data can then be 
extracted and utilized for process modelling. Given such, the study aims to produce mineral maps 
and extract intact textural information such as modal mineralogy, association index and grain size 
distribution, where particle generation can be applied. 
 
2 LITERATURE SURVEY 

2.1 Geometallurgy 

Although the concept of geometallurgy can be traced back from 1500s during the onset of mineral 
exploration, its emergence only occurred in the late 20th century (Jackson et al. 2011). From its initial 
simplistic definition of ‘geology+metallurgy’, the view on geometallurgy has become very broad and 
can be defined depending on the person’s perspective. Lund and Lamberg (2014) defines it as a 
cross-discipline approach which not only integrates geology, mining and metallurgy but also create 
spatially-based predictive model in processing plants. This definition is further extended to 
incorporate economic information which aims to maximize the value of an ore body while 
minimizing technical and operational risks (Dominy and O’Connor 2016; SGS Mineral Services 
2013).  
 
The rapid growth of geometallurgy over the last decade is brought by the advanced development of 
various measurement and analytical techniques which can be used for ore characterization. In 
addition, demand for a geometallurgical perspective increased due to a global decrease of mineral 
grades, complexity of ores, highly unstable commodity prices and tighter environmental 
requirements (Lishchuk 2016). The declining grade of mined ores is generally observed for most 
metallic ores, such as mined copper ores as shown in Figure 1.  
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Figure 1 Copper ore grades mined for world and major producing countries from 1900-2010. The rise in ore grade in Australia from 1972 
onwards is due to the start of the high grade Olympic Dam mine. (Schodde 2010) 

The prevalence of complex low grade ores presents a problem of lower recoveries in the processing 
plants. Fluctuations in feed grade which are typical for complex ores are difficult to handle 
especially for traditionally designed processing circuits. Each ore can also consist of different 
mineralogical and textural properties which may cause different response during ore to mineral 
beneficiation (Bonnici 2012; Lund 2013; Owen and Meyer 2013; Vink 1997). Geometallurgy tries to 
identify, quantify and model the variability within the ore, such that it can be directly translated or 
correlated to parameters which can be utilized in mine to mill processes. This decreases ‘surprises’ 
and allows forecasting and proper planning to optimize the operation. 
 
Current technologies are aimed for real-time ore characterization which can provide timely 
information for all relevant disciplines (geology, mining engineering, mineral processing, 
environmental and finance). By understanding the ores which will be processed, each department 
will be able to optimize their process and in effect can help produce an economic and sustainable 
operation for any mine. A more challenging problem is to geometallurgically characterize a huge ore 
deposit through sampling while still being statistically representative of the variability within the ore. 
Thus, a practical, fast, robust and cost-effective measurement and analysis is necessary. For 
example, Lund (2013) and Parian et al. (2015) developed methods to upgrade routine chemical 
assays data through element to mineral conversion technique and refinement of X-ray diffraction 
data, respectively. Automated drill core scanning for mineral identification are also now 
commercially available to give a fast hyperspectral analysis of drill cores and produce mineral maps, 
e.g., HyLogger, SisuROCK, and TerraCore (Schodlok et al. 2016; Specim 2013). However, these 
hyperspectral imaging software are more focused on identifying alteration minerals given the 
limitation of detectable wavelength spectrum (Ramanaidou and Wells 2011; Specim 2013). A study 
by Arqué Armengol (2015) shows that SisuROCK and SisuCHEMA is incapable of identifying 
sulphide minerals or distinguish different lithologies. In this study, misidentification of minerals 
were reported (e.g. sericite instead of quartz) and several limitations in mineral identification were 
observed (e.g. SisuCHEMA is limited to SWIR bandwidth and cannot detect silicate and carbonate 
minerals). Image analysis from optical microscopy, SEM and XRT has also been conducted to 
determine mineralogy and textural information from drill cores from varying scales and from 2D to 
3D analyses (Bonnici 2012; Becker et al. 2016a; Bam et al. 2016; Nguyen et al. 2016). The textural 
information gathered from these studies were used to classify different textures within the ore body 
and associate them with a mineral processing parameter, e.g. comminution indices based on test drill 
cores (Nguyen et al. 2016). 
 
The ability to measure and quantify textural information in intact cores is crucial in understanding 
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the ore’s behavior during mineral processing. Information derived from textures, if quantifiable, can 
be translated to ore hardness, throughput, mineral associations, classification and mineral liberation. 
Understanding these parameters will present a good opportunity to optimize the mineral processing 
chain and maximize the value of the ore. A geometallurgical concept was presented by Lamberg 
(2011) which incorporates mineral texture information to produce a geological model and generate 
particles to simulate comminution and beneficiation processes. Koch et al. (2017) modified this 
concept by identifying performance indicators based on the production forecast results. These 
indicators can then be incorporated in the spatial model for future mine planning (Figure 2).   

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

Based on this geometallurgical model chain, the main bottleneck of the modelling will be the input 
data for the models. Ore characterization takes some time depending on the logging, sampling and 
analysis speed of the analysts. Providing a technique to automatically describe, classify, quantify and 
analyze intact textures from drill cores and translate them to processing parameters for particle 
simulation can be the initial step towards a real-time forecasting of the mine to mill operation. This 
gives a more ‘data-centered’ approach of geometallurgy where data collection is already streamlined 
to only incorporate machine-understandable information which can be directly analyzed and 
modelled. 
 
2.2 Texture 

The term ‘texture’ is not solely restricted to the fields of geology and mineral processing. The 
American Heritage Dictionary (2017) defines it as “the distinctive physical composition or structure 
of something, especially with respect to the size, shape, and arrangement of its parts”. Given this 
definition, texture when applied to rocks can be defined as geometric arrangement of grains, 
crystals, pores and glass in a rock (Higgins 2006). However, there is still a lack of coherent definition 
of how texture is classified and described in the mining industry. This can be observed at different 
textural classification schemes between geologists, mineral processors and metallurgists. In the field 
of geology, mineralogical and textural descriptions are aimed at identifying the rock and mineral 
formation (Table 1). For example, a highly foliated micaceous rock is classified as metamorphic 
rock, i.e., schist while a very coarse-grained crystalline rock is classified as igneous rock, identified as 
pegmatite. Note that definition of ‘texture’ in this study is synonymous to the terms ‘fabric’ and 
‘microstructure’ used in structural geology (Passchier and Trouw 2005). 
Table 1 Nomenclature used to describe geological textures (summarized from Blatt, Tracy, and Owens, 2006) 

Origin Nomenclature Definition 

Igneous Aphanitic Fine-grained rocks which is too small to be identified by the naked eye. 
Formed by fast crystallization within or near the Earth's surface. 

Phaneritic Coarse-grained rocks which grains that are identifiable by the naked eye. 
Formed by slow crystallization below the Earth's surface. 

Porphyritic Rocks with two distinctive grains sizes, larger mineral grains (phenocrysts) 
within a matrix of smaller grains (groundmass). Formed by two stages of 
cooling. 

Glassy Rocks with no or almost no grains. Formed by rapid crystallization of lava 
during volcanic eruptions 
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Pyroclastic Fragmental, glassy material. Formed by explosive eruptions 

Pegmatitic Very coarse-grained rocks ranging from few centimeters to meters. These 
are formed by very slow crystallization. 

Sedimentary Clastic Grains or clasts do not interlock but rather are piled together and 
cemented. Fine-grained rocks are termed microclastic. 

Crystalline Interlocked network of crystals. Fine-grained rocks are termed 
microcrystalline. 

Fossiliferous Rocks containing fossils. They can be further classified as bioclastic or 
biocrystalline 

Metamorphic Slaty Parallel orientation of microscopic grains. 

Phyllitic Parallel arrangement of platy minerals (micas) that is barely visible to the 
eye. 

Schistose Parallel arrangement of platy minerals (micas) that is visible to the eye. 

Gneissic Banding of dark (biotite and hornblende) and light (quartz and feldspar) 
colored minerals which are visible to the eye. 

Non-foliated Metamorphic rocks with no visible preferred orientation of mineral grains. 

 
The textures and mineral abundances are typically visually observed and estimated which results to 
highly qualitative but poorly quantifiable data. On the other hand, mineral processors and 
metallurgists typically attribute ‘texture’ to the size, shape and mineral components of particles 
(Vink 1997). Ores are typically described through parameters that can directly affect mineral 
processing behaviors such as liberation and recovery. Examples of these are shown in Table 2 
Table 2 Nomenclature to describe the composition and liberation of particles in mineral processing (summarized from Wills and Napier-
Munn 2006 in Bonnici 2012). 

Particle 
nomenclature 

Definition 

Complete liberation The total liberation of a mineral from its host rock. This will result in a mono-minerallic 
particle of the valuable phase. 

Degree of liberation The percent of the target mineral exposed on the particle surface. 

Locked minerals Locked minerals refer to valuable phases that are completely enclosed by gangue minerals. 

Middlings Middlings refer to particles that contain locked minerals and will require a reduction in 
particle size in order to recover the valuable phases. 

Refractory ores Ores which are difficult to treat due to fine dissemination of the minerals, complex 
mineralogy, or both. 

 
Linking textural descriptions between geology and mineral processing can be crucial in developing 
an understanding of the ore. Several studies have already been undertaken showing the influence of 
modal mineralogy and mineral orientation on ore beneficiation (e.g. Gaspar 1991; Vink 1997). This 
will require standardization and quantification of textural parameters such that they can be utilized 
by different disciplines. 
 
2.2.1 Scale of Textures 

Texture is an extrinsic property of the rock which means it is dependent on the size of the sample. 
For example, a porphyritic texture as defined in Table 1 cannot be identified unless the sample will 
include the phenocrysts and the groundmass. Thus, it is important to know the size ranges of the 
features which are to be analyzed to determine the proper scale of analysis required.  Textural 
features can be classified into three based on their size ranges: mega-, macro- and micro-textures. 
Generally, mega-textures are those which can be identified from afar, macro-textures are observed 
in hand specimen while micro-textures require the aid of microscope to be identifiable. The 
description and different measurement platforms are described in Table 3. 
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Table 3 Definition of different scale of textures, current measurement platforms and example of identified features (Bonnici 2012; Schodlok et 
al. 2016) 

Scale Description Size Range Measurement Platform Features 

Mega Textural features that 
are observable from 
a distance 

Meter to 
Kilometer 

Regional, outcrop and pit 
mapping 

Fault structures 
Lithological units 
Alteration zones 
Fold structures 

Macro Textural features that 
can be determined in 
hand-specimen.  

Millimeter to 
Centimeter 

Visual drill-core logging 
HyLogger™ 
SisuROCK™ 
TerraCore™ 
Corescan 
Photographs  

Vein structures 
Mineral distribution 
Foliation/Lineation/stratification 
Alteration assemblage 
Grain Size 

Micro Textural features can 
only be observed 
with the aid of a 
microscope.  

Micron to 
Millimeter 

Optical Microscope  
Scanning Electron 
Microscope (SEM)  
Mineral Liberation 
Analyser (MLA)  
QEMSCAN 
X-Ray Tomography 

Mineral intergrowths/inclusion 
Mineral cleavages and boundaries 
Lineations 
Alteration haloes 
Particle liberation 
Grain size 

 
Typically, important mineral processing parameters (e.g. particle liberation and modal mineralogy) 
are analyzed at microscopic scale. Measurement platforms for this type of analysis will be very 
expensive if applied in a larger scale, i.e. for drill cores. Vink (1997) shows the potential of using the 
macro- and micro-textures for determining ore processing behaviors for a silver-lead zinc deposit. 
Lund (2013) and Bonnici (2012) utilized visual drill core logging information to predict mineral 
processing behavior of different ore classes. Image analysis was also widely used to create semi-
automated system in measuring mineralogical and textural features from drill cores ( Hunt et al. 
2009; Nguyen et al. 2016) and from optical microscope images (Pirard et al. 2008). 
 
2.2.2 Textural Descriptors 

Quantifiable textural descriptors are valuable information which can be incorporated in a process 
model. Typical textural descriptors include size, shape, modal mineralogy, mineral associations and 
mineral distribution. These descriptors can be applied at different scales using various measurement 
techniques. Table 4 summarizes the most common textural parameters and associated features 
utilized from previous studies on textural analysis of rocks and particles.  
Table 4 Parameters used for textural analysis of rocks and particles 

Textural 
Parameter 

Definition Features/Descriptors Measurement 
Techniques 

References 

Size Dimensional parameter 
expressed as a unit of 
length, area or volume 

area, perimeter, length, 
width, smallest enclosing 
ellipse diameter, largest 
enclosed ellipse 
diameter, Feret diameter, 
equivalent area disk 
diameter 

Manual (Caliper), Sieve 
Analysis, 
Sedimentation, 
Coulter/Electrical 
Sensors, Laser Light 
Scattering, Image 
analysis 

Higgins, 
2006; Pirard 
and Dislaire, 
2005 
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Shape The external form, 
contours, or outline  

shape factor, aspect 
ratio, sphericity, 
elongation, convexity, 
roughness, bluntness, 
crystallinity, angularity, 
sharpness 

Manual (Caliper), Sieve 
Analysis, Image analysis 

Rodríguez 
and 
Edeskär, 
2013; 
Dislaire, 
2005 

Modal 
Mineralogy 

Relative distribution of 
minerals 

mineral phases and 
proportions 

Optical microscopy, 
Automated mineralogy 
(QEMSCAN, MLA, 
Mineralogic, 
INCAMineral, TIMA, 
RoqSCAN and  
MinSCAN), 
Quantitative X-ray 
diffraction (Rietveld), 
Element-to-Mineral 
Conversion 

Gottlieb et 
al.,  2000; 
Lund, 2013; 
Zeiss,  2016 

Mineral 
Associations 

Association of target 
mineral with other mineral 
phases 

association index 
association indicator 

Optical microscopy, 
Automated mineralogy 
(QEMSCAN, MLA, 
Mineralogic, 
INCAMineral, TIMA, 
RoqSCAN and  
MinSCAN) 

Gottlieb et 
al.,  2000; 
Lund, 2013; 
Zeiss,  2016: 
Parian, 2017 

Mineral 
Distribution 

Distribution of minerals 
within a rock e.g. 
disseminated, aggregate ; 
proximity of various 
mineral phases 

multi-mineral particle 
distribution 

Automated mineralogy 
(QEMSCAN, MLA, 
Inca Minerals, PTA), 
Image Analysis 

Gay and 
Latti, 2006 

 
There are several ways to acquire textural data from drill cores as outlined in Table 4. 
Conventionally, drill core textures are described through core logging. Further pursuits to improve 
and automate this process led to application of different image analysis techniques in textural and 
mineralogical characterization. Image analysis can be utilized for various image acquisition 
equipment such as DSLR and hyperspectral cameras and optical and scanning electron microscopes.  
Latest development of technology shows potential of extending image analysis techniques to 3D 
objects using X-ray tomography. 
 
2.3 Data Acquisition Techniques 

Texture, as stated in the previous section, is an attribute that can be perceived by human eyes and by 
different image analysis systems. However, distinction between distinct textures can be different 
between different methods. In this study, textural data was acquired from human visual perception 
through drill core logging and by analyzing images at macroscopic and microscopic scale in two and 
three dimensions. 
 
2.3.1 Traditional Drill Core Logging 

Initial geological data acquisition is typically produced from drill core logging. Related data recorded 
includes lithology, alteration, mineralization, structural, and geotechnical data. Some of the most 
common attributes that are routinely reported during drill core logging are length of drill cores, core 
recovery, rock quality designation (RQD), lithology, alteration, grain size (dominant), and vein and 
fracture frequency, ore minerals present and visual estimation of mineral content.  
 
The precision for drill core logging will depend solely on the logger’s expertise in identifying textural 
and mineralogical features. Due to its subjectivity, precision of data is typically unmeasured. Murphy 
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and Campbell (2007) proposed a systematic approach on drill core logging to minimize the logger 
subjectivity. However, estimation of modal mineralogy is still roughly done and can be inaccurate 
without the use of complimentary techniques (e.g. XRF, spectrometer, chemical assays). 
 
2.3.2 Image Analysis 

Image analysis can be defined as the extraction of meaningful information from two-dimensional 
images through digital image processing techniques (Solomon and Breckon 2011). Image analysis 
has been utilized to identify and measure geometric features which can be applied for remote 
sensing, facial recognition in security systems, cancer detection etc. Since the introduction of image 
analysis to the mineral processing industry in the 1970s (Pong et al. 1983), this technique has 
significantly progressed due to the increased computer capabilities and technological advancement  
in automated microscopy. Several automated mineralogy analytical solutions have been developed 
since then, such as QEMSCAN, MLA, Mineralogic, INCAMineral, TIMA, RoqSCAN and  
MinSCAN (Gottlieb et al. 2000; Lund 2013; Zeiss 2016). This led to faster and more robust 
mineralogical and textural identification of intact rocks and particles. For this study, main image 
analysis techniques which will be employed are image classification and mathematical morphology. 

2.3.2.1 Image Classification  
 
Automatic classification of images incorporates pattern recognition and image processing. This 
technique aims to identify characteristic features, patterns or structures within an image and assign 
them to a particular class (Solomon and Breckon 2011). Thus, classification involves ‘learning’ the 
relationship between the data and information classes. For accurate classification, it is important to 
choose the proper learning techniques and determine the applicable feature sets. For easier 
understanding of the succeeding text, the common classification terms utilized in this paper are 
outlined in Table 5.  
Table 5 Common classification terms with description (Solomon and Breckon 2011; Battacharya 2012) 

Term Term Description 

Pixel Picture element. It is the smallest constituent of a digital image and contains a numerical 
value which contains the basic unit of information within the image 

Voxel Volume element. It is the equivalent of pixel in three dimensional space 

Feature An attribute of data elements (e.g. greyscale intensity of BSE images). This can be qualitative 
(high, medium, low) or quantitative 

Feature vector 
(pattern vector) 

An N dimensional vector, each element of which specifies some measurement on the object 

Feature space The N-dimensional mathematical space spanned by the feature vectors used in the 
classification problem 

Training data An example pattern or  collection of feature vectors (labeled with a known class) used to 
build a classifier 

Test data A collection of feature vectors (labeled with a known class)  used to test the performance of 
a classifier 

Pattern class A generic term which encapsulates a group of pattern or feature vectors which share a 
common statistical or conceptual origin 

Discriminant 
function 

A function whose value will determine assignment to one class or another; typically, a 
positive evaluation assigns to one class and negative to another 

 
Classification techniques can be split into two groups: supervised and unsupervised. Supervised 
classification requires a training data already assigned to a defined class. The training data will serve 
as a “teacher” to the classifier where succeeding classification will be based on. Examples of this 
supervised classification technique are random forest (Breiman 2001) and artificial neural network 
(Rosenblatt 1962). In contrast, unsupervised classification does not require a training data. Instead, 
it explores the data space and feature sets to discover scientific laws underlying data distribution 
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(Battacharya 2012). Then, the data is grouped into clusters based on statistical similarity. Examples 
of this classification scheme are k-means and k-nearest neighbors clustering (Cover and Hart 1967; 
Mackay 2003). 
 
Once a classification technique is chosen, a classification system must be designed. A classification 
system design is a logical implementation of the classification scheme based on the user 
requirement. A basic classification scheme suggested by Solomon and Breckon (2011), as shown in 
Figure 3, illustrates the flow diagram for classifying an image.  

 
Figure 3 Flow Diagram for Classification System Design (Modified from Solomon and Breckon, 2011) 

Figure 4 shows a simple classification of an image of seeds. Three classes are initially identified: 
lentil, pumpkin and pine seeds. Two features are extracted from the image to classify the different 
seed classes, namely, circularity and line-fit error. From the training data, a 2D feature vector is 
plotted in the 2D feature space. The three classes can then be distinguished based on the clustering 
of data in the feature space. This classification system can then be applied to new samples whose 
class is unknown. 

 
Figure 4 (Left) Image containing lentil, pumpkin and pine seeds with two extracted features displayed as white outlines: circularity and Line-
fit error and (right) 2D feature space which can be utilized to classify the different seeds (Solomon and Breckon 2011). 

Validation of the image classification will rely on the user’s requirement. It can be assessed by 
simple visual checking or through complex algorithms. A cross-validation can also be done to assess 
the performance of the classifier and detect if over-fitting of data occurs. For cross-validation, the 
original sample is randomly partitioned to two: a training data (90%) to produce the model and a 
validation data (10%) for testing the model. A good and robust classifier must still be able to 
properly classify the samples with less, randomly chosen training data.   
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2.3.2.2 Textural Feature Extraction 

Textural feature extraction aims to capture the granularity and pictorial patterns within an image by 
transforming image data to quantifiable information. This can be done through different methods 
which can be categorized mainly into four groups (Randen 1997; Tuceryan et al. 1998): 

a. Statistical - co-occurrence and autocorrelation features 
b. Geometrical - structural and polygonal features 
c. Model - random field and fractal parameters 
d. Signal processing - spatial frequency and filter banks and wavelet transforms 

Aside from geometrical approach, the three other categories were applied for this study. Statistical 
parameters such as mean gray level intensity, standard deviation, entropy and histogram are basic 
features that can easily be extracted from an image.  Gray level co-occurrence matrices (GLCM) is 
another widely used statistical method for textural characterization (Becker et al. 2016b; Costa et al. 
2012; Randen 1997; Tuceryan et al. 1998). The gray level occurrences are calculated at a given 
displacement and angle. GLCM calculates statistical parameters such as contrast, correlation, energy 
and homogeneity (Haralick et al. 1973).  
 
A Segmentation-based Fractal Texture Analysis (SFTA), a model-based approach,  is proposed by 
Costa et al. 2012. This algorithm splits an input image to several binary images through thresholding 
wherein fractal dimensions of resulting regions are computed. Fractal analysis is used to characterize 

the complexity of the borders of objects in an image. The borders in an image △ (𝑥, 𝑦) are 
calculated as follows: 

△ (𝑥, 𝑦) =  {
1 𝑖𝑓 (𝑥′, 𝑦′) ∈ 𝑁8[(𝑥, 𝑦)]: 𝐼𝑏(𝑥′, 𝑦′) = 0 ∧  𝐼𝑏(𝑥, 𝑦) = 1,

0,    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (7) 

 

where  𝐼𝑏(𝑥, 𝑦) is the binary image at pixel position (𝑥, 𝑦) and 𝑁8[(𝑥, 𝑦)] is the eight neighboring 

pixels (Costa et al. 2012). Based from Equation 7, △ (𝑥, 𝑦) will only have a value of 1 if  𝐼𝑏(𝑥, 𝑦) 
has a value of 1 and at least one of its neighboring pixels has a value of 0. The fractal dimension is 
then calculated using Hausdorff’s fractal dimension formula (Schroeder and Wiesenfeld 1991).  
 
Local Binary Pattern (LBP) is another simple yet effective textural classification tool which 
combines the statistical and model approach. Similar to SFTA, LBP method extracts the local 
structure of a grayscale image by comparing each pixel with its neighborhood. The basic LBP 
method (Ojala et al. 1996) simply compares if the center pixel value is greater than or equal to its 
neighbors (label = 1) or less than the center value (label = 0); this will produce a binary number for 
each pixel as illustrated in Figure 5. With eight neighboring pixels, 28 possible combinations can be 
obtained. Histogram of these 256 combinations can then be plotted and normalized to get a textural 
feature descriptor.  

 
Figure 5 Simple LBP operation applied for 3 x 3 neighborhood 

Various extensions and modifications have been proposed for this technique, one of which is the 
Efficient Line Local Binary Pattern by Skarbnik (2015) which can be applied to images with multiple 
color channels (e.g. RGB images). The neighborhood shape of a Line Local Binary Pattern is a 
straight line unlike the square shape of LBP as shown in Figure 6. This method efficiently produces 
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a rotation invariant histogram with less bins as compared to simple LBP (i.e. for 8 neighborhood, 
only 37 bins instead of 256 bins histogram).  
 

 
Figure 6 Example of a line local binary pattern operation 

Another signal processing method is through wavelet transformation. A wavelet is a mathematical 
function used to represent data or other functions at different scales or resolutions. It is particularly 
useful in cleaning images from noise without removing or blurring other details (Pawar 2016). There 
are several wavelet families such as Haar, Daubechies, Symlet, Biorthogonal, and Meyer. Each 
wavelet family differs in their base function properties as summarized in Appendix Table 1. The 
wavelet transformed images can then be combined with co-occurrence matrix to combine the 
advantages of a statistical and signal processing approach of textural feature extraction (Thyagarajan 
et al. 1994). Another popular wavelet transformation which is utilized for textural analysis and image 
recognition is through Gabor filter bank. It is known for its robustness against illumination 
differences and image noise (Costa et al. 2012). Gabor filter is a Gaussian kernel function modulated 
by a complex sinusoidal signal defined as: 

𝐺(𝑥, 𝑦) =  
𝑓2

𝜋𝛾𝜂
exp (−

𝑥2+𝛾2𝑦′2

2𝜎2 ) 𝑒𝑥𝑝(𝑗2𝜋𝑓𝑥′ +  𝜙)   (8) 

where 

𝑥′ = 𝑥𝑐𝑜𝑠𝜃 + 𝑦𝑠𝑖𝑛𝜃 

𝑦′ = −𝑥𝑠𝑖𝑛𝜃 + 𝑦𝑐𝑜𝑠𝜃 

and (𝑥, 𝑦) is the pixel position of the filter, 𝑓 is the frequency of the sinusoid, 𝜃 is the filter 

orientation, 𝜙 is the phase offset, 𝜎 is the standard deviation and 𝛾 is the spatial aspect ratio of the  
ellipticity of the Gabor function  (Haghighat et al. 2015).  By using this function at different 
orientation and scales, it is possible to create several Gabor filters.  
 
2.3.2.3 Mathematical Morphology 

Mathematical morphology is another important tool utilized in image analysis, specifically in 
determining size, shape and other geometrical structures (Bloch et al. 2007; Matheron 1970; Serra 
1982). This method can be used to extract structural features for image classification and 
segmentation. Morphology utilizes the concept of set theory; this is done by transforming images, 
i.e. pixels data, to binary arrays and sets which can be used to understand the neighborhood pattern 
as shown in Figure 7. Morphological operations are done using an image and a structural element 
which can be viewed as binary arrays or sets.   Both binary sets can be combined using operators 
such as intersection, union, inclusion and complement. The binary image serves as the base set 
while the structuring element defines the neighborhood and works like a moving window which is 
shifted over the image at each pixel. 
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Figure 7 Example of a binary image transformed to a binary set A showing the pixels with a value of 1. 

Two common morphological operations used are dilation and erosion. Dilation combines two sets 
using vector addition while erosion utilizes vector subtraction of set elements. An illustration of 
these mathematical operations and definitions is shown in Figure 8.  

 
Figure 8 Illustration of dilation and erosion morphological operations for binary image A and structural element B. Red circle denotes the 
origin. 

Erosion and dilation can be combined to create other morphological operations such as opening 
and closing. Opening is defined as erosion followed by dilation while closing is vice-versa. These 
morphological transformations can be used for noise removal, simplification of shapes (opening) or 
hole filling of regions (closing) as illustrated in Figure 9. All these operations can also be applied in 
3D space. 

 
Figure 9 Illustration of opening and closing morphological operations for binary image A and structuring element B. Morphological opening 
simplifies the shape while closing is employed to fill the holes. 

2.3.3 X-ray Computed Tomography 

Texture is a three-dimensional property of a rock. However, due to high cost and size limitations of 
3D analytical methods, 2D analytical methods are typically employed to characterize rocks. Current 
technological developments have led to current researches on the potential of X-ray computed 
tomography as a 3D analytical technique for ore characterization (Bam et al. 2016; Becker et al. 
2016a; Denison et al. 1997; Ketcham and Hildebrandt 2014; Reyes et al. 2017) 
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X-ray computed tomography (XCT) is a nondestructive technique which allows visualization of 
internal structure of objects, identified by the differences in density and atomic absorption (Mees et 
al. 2003). A micro-computed tomography (μXCT), which will be employed for this study, is a XCT 
method applied for small scale imaging. 
  
2.3.3.1 Principle 
Digital radiography is based on conventional X-ray imaging. A simple scanning configuration of an 
X-ray radiograph includes an X-ray source, an object to be imaged and series of detectors which can 
measure the attenuation of X-ray signals (Figure 10). As X-rays pass through the imaged object, the 
signals are attenuated by adsorption and scattering. With the assumption that the object is 
homogenous and the X-ray signals are monochromatic, Beer’s law define the transmitted intensity 
of X-rays that reaches the detector as 

𝐼𝐷 =  𝐼0𝑒−𝜇𝐿      (1) 
where I0 and ID are the initial and final intensities of the X-ray beam, μ is the linear attenuation 
coefficient (unit: length-1) and L is the length the rays travelled through the object.  
 
For an inhomogeneous body, Equation 1 is modified to 

𝐼𝐷 =  𝐼0𝑒− ∫ 𝜇(𝑥) 𝑑𝑥𝐿      (2) 
X-rays travelling through a denser material will attenuate more that those which passes through light 
materials. This is because linear attenuation coefficient (μ) depends directly on electron density or 

bulk density (𝜌), effective atomic number (Z) and the energy of the incoming X-ray beam (E) in the 
form  

𝜇 =  𝜌 (𝑎 +  
𝑏 𝑍3.8

𝐸3.2 )     (3) 

where a is a nearly energy-independent coefficient (Klein-Nishina coefficient) and b is a constant 
(Wellington and Vinegar 1987). The different linear attenuation values can then be transformed to a 
grayscale map. Bright areas correspond to high attenuation. 
 

 
Figure 10 Schematic illustration of a 3D X-ray scanning cone beam configuration 

In 3D computed tomography, several image projections are measured at varying angles to retain the 
full geometrical information of the object (Figure 11). These projections are back-projected to the 
object space to determine a 2D object function in a slice. By modifying Equation 2, it is possible to 
get the intensity of X-rays after propagation if the object is confined in an xy-plane 

𝐼𝐷 =  𝐼0𝑒− ∫ 𝜇(𝑥,𝑦) 𝑑𝑙𝐿      (4) 
where µ(x,y) is the 2D linear attenuation, dl is the length of the increment and L is the path from the 
source to the detector (Forsberg 2008). The equation can be rewritten as 

∫ 𝜇(𝑥, 𝑦) 𝑑𝑙
𝐿

=  −𝑙𝑛
𝐼𝐷

𝐼𝑂
      (4) 

The line integral of attenuation coefficient in Equation 4 is equivalent to the Radon transform of 

the function 𝜇(𝑥, 𝑦) wherein 

𝑃(𝜃, 𝑡) =  ∫ 𝜇(𝑥, 𝑦) 𝑑𝑙
𝐿

                                                       (5) 
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where ө is the projection angle and t is the radial position of the ray as illustrated in Figure 11. 

Further, spatial coordinates of xy-plane can be related to ө and t by Equation 6. (Forsberg 2008) 

𝑥𝑐𝑜𝑠𝜃 + 𝑦𝑠𝑖𝑛𝜃 = 𝑡                                                       (6) 

Figure 11 (left)X-ray propagating in an object within the x-y plane (right) projections of two samples at three different angles (Forsberg 2008) 

A more exact solution for the object function is obtained if the number of projections is increased 
and taken in full 360° rotation. If the number of projections is not sufficient, the object will be 
poorly reconstructed. 
 
During the reconstruction, the raw CT attenuation data are converted to CT numbers. A range of 
CT numbers are determined by computer system and the bit depth of the detector (e.g. 8-bit scale 
has 255 values while 16-bit scale can range up to 65,535) (Kyle and Ketcham 2015).The 
reconstructed CT numbers will correspond to greyscale values of the created image slices.  
 
2.3.3.2 Complexities and Limitations 

2.3.3.2.1 Resolution 

The spatial resolution of an XCT image is dependent on the size and number of detector elements, 
source-object-detector distances, and size of X-ray focal spot, signal-to-noise ratio of attenuated 
beam and image reconstruction process (Kyle and Ketcham 2015; Denison et al. 1997). 
Conventional XCT instruments provide resolution of 0.5 to 2 mm for decimeter- to meter-sized 
objects. Microtomography can be done within objects at millimeter to micron scale (Forsberg 2008; 
Miller et al. 1990) 

2.3.3.2.2 Sensitivity 

The sensitivity of XCT imagery to differences in linear attenuation coefficient will highly depend on 
how this parameter is measured. XCT instruments can better differentiate attenuation values to as 
much as 0.1% in relatively large regions and at low signal-to-noise ratio. Thus, if materials have 
divergent densities, very small particles can be distinguished but if the density range is narrow, only 
large scale details are identified. Figure 12 shows the different linear attenuation coefficients of 
common ore minerals in a porphyry copper deposit at various X-ray energies. Better XCT images 
can be produced by identifying the X-ray energy where there are large attenuation differences of 
target minerals. Alternatively, combining high and low-energy images can help to further 
discriminate materials with similar linear coefficient attenuation but different density and 
composition. 
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Figure 12 Linear attenuation coefficients as a function of X-ray energy for typical minerals in (a) porphyry copper deposits and (b) polymetallic 
carbonate replacement deposits. Data is based from  end-member compositions and densities and were calculated by multiplying density with the 
mass attenuation coefficients provided in the XCOM database managed by the US National Institute of Standards and Technology  (Kyle 
and Ketcham 2015; Berger et al. 1998) 

2.3.3.2.3 Size 

Apart from the size constraint of the sample holder, the maximum size of analyzed objects is 
determined by the necessity to acquire strong X-ray signal from the beam after it has been 
attenuated. Too thick objects, much more when coupled with highly dense material, will result in a 
low X-ray flux and a poor image quality. A 450 kV X-ray tube is capable of imaging silicate minerals 
with a maximum dimension of 10-15 cm (Denison et al. 1997). Far greater penetration of X-ray 
signals can be attained with special high-energy CT instruments with linear accelerators or 60Co 
gamma ray sources (Denison et al. 1997; Kyle and Ketcham 2015). 

2.3.3.2.4 Artifacts and partial volume effects 

X-ray computed tomography scan and image reconstruction typically produces image artifacts. The 
most common XCT artifact is called beam hardening. Regions in the periphery typically have higher 
attenuation, i.e., brighter, than the center of the object. This is due to unequal absorption of 
polychromatic X-ray beam different energies. High-energy or ‘hard’ X-rays are less absorbed than 
low energy ones, thus, higher proportions of the former are present in the emergent beam. Since 
Beer’s law is applied only for monochromatic X-ray beams, problems in image reconstruction 
occur. This produces an apparent decrease in attenuation in the center of the object. This can be 
minimized through digital filtering or empirical correction during image reconstruction (Denison et 
al. 1997). 
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Ring artifacts are full or partial circles observed in the image which is centered in the rotational axis 
(Kyle and Ketcham 2015). These are caused by deviation of an individual or set of detector 
elements from its neighbors, which cause the rays in each view to produce anomalous values. The 
ring corresponds to an area of greatest overlap of the said rays. 
 
Limited-resolution effects are produced when larger voxel volume is assigned to finer-grained 
materials. This causes an averaging of the properties of different included materials, which makes 
quantitative interpretation of data difficult. Scanning at higher resolution can overcome this effect 
but will cause longer scanning time. Sub-pixel resolution can also be applied using multiple 
displaced images (Ehn et al. 2016; Thim et al. 2011); however, this has only been applied for 
standard laboratory XCT equipment with highest resolution attained only close to 10 µm.  

2.3.3.3 Application to Mineral Industry 

Due to XCT being a non-destructive analysis technique, demands for application of X-ray 
computed tomography for the 3D imaging and analysis of geological materials have significantly 
increased. This technique is most applicable for valuable materials which requires preservation (e.g. 
fossils and meteorites) (Mees et al. 2003; Cnudde and Boone 2013). 3D visualization of features also 
makes XCT suitable for measuring porosity of soil and identifying rock textures (Denison et al. 
1997; Pierret et al. 2002). Several studies have also been undertaken to its application for 
mineralogical and textural identification, evaluation and processing (Becker et al. 2016a; Denison et 
al. 1997; Ketcham and Hildebrandt 2014; Kyle and Ketcham 2015). Due to the relationship between 
density and linear attenuation values, this method is most applicable in identifying minerals with 
high density contrast. For example, gold grains are easily distinguishable against silicate minerals and 
common sulphide minerals in a porphyry Cu-Au deposit due to gold’s high density (19.0 g/cm3) as 
shown in Figure 12.  
 
Its potential for application to mineral industry is also now emerging due to technological 
developments of more robust equipment with higher spatial resolution and increased computer 
capabilities for volume reconstruction. Availability of online XCT scanner for industrial-scale log 
scanning (Microtec, n.d.) can pave way to the development of online XCT drill core scanning.  
 
However, this technology still has some challenges that need to be addressed before it can be fully 
implemented. As for XCT, the technique is data-intensive and will require high computer power. 
Much more, XCT images provide information based on reconstructed CT numbers (i.e. grayscale 
values). Ideally, a linear relationship between CT numbers and effective attenuation coefficient 
should be observed; however, its absolute correspondence is still arbitrary. Thus, the image intensity 
data cannot be directly converted to density values. (Kyle and Ketcham 2015) 
 
Limited attenuation coefficient contrast is also observed for common oxide and sulfide minerals in a 
porphyry Cu-Au deposit as shown in Figure 12a. This is due to the minerals’ narrow density range 
(4.2-5.2 g/cm3). Kyle and Ketcham (2015) were able to differentiate chalcopyrite (4.2 g/cm3), 
bornite (5.07 g/cm3) and magnetite (4.2 g/cm3) by decreasing the sample size to 10 mm-diameter 
drill cores. However this significantly limits the application of this system for drill core scanning. 
Reyes et al. (2017) combined SEM and X-ray tomography data to differentiate copper minerals, 
pyrite, gangue and pores. The study employed thresholding techniques and was successful in 
differentiating gangue against sulphide minerals. However, copper minerals were not differentiated 
due to overlapping grayscale values. 
  
2.4 Principle of Stereology 

Stereology is a branch of mathematics that deals with interpreting 3D objects using 2D planar 
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surfaces. Based on Delesse (1847), the volumetric fraction of a phase, VV normalized to the unit 
volume is equal to the total area of a phase AA in a representative section normalized to unit area 
regardless of the rock fabric and section orientation. Area percentage taken from 2D surface can be 
used to calculate volumetric phase abundance with the assumption that the material is 
homogeneous and sampling is unbiased (Lätti and Adair 2001). However rock samples are typically 
inhomogeneous, and thus, a stereological error must always be accounted for in analyzing 2D 
surfaces of 3D objects, unless, it is assumed that the bias will affect all samples equally. 
 
In this study, it is aimed to understand if quantified textures will still hold true when applied to data 
taken from varying scale, i.e. macro- vs microscopic analyses, and in two- and three-dimensional 
analytical methods. To allow comparison, similar processing techniques will be employed for the 
different analytical methods. 
 
2.5 Study Site - Aitik Mine 

The Aitik mine is one of Europe’s largest open pit copper mines. It is located 20 km east of the 
municipality of Gällivare, in the northernmost part of Sweden and 60 km north of the Arctic Circle 
(Figure 13). The mine is operated by Boliden AB and is often described as one of the most efficient 
mines in the world given its profitability despite having extremely low copper grades (Boliden 2015). 
  

 
Figure 13 (Left) Operating Swedish mines, (upper right) location map of the Aitik operation and (bottom tight) aerial photograph taken in 
2012 of the open pit operations (Source: www.sgu.se; www.boliden.com) 

 

http://www.sgu.se/
http://www.boliden.com/
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2.5.1 Geological Setting  

The Aitik deposited is situated in the southern part of the northern Norrbotten ore province, a 
highly mineralized metallogenic province which serves as a major producer of copper± gold and 
iron ore in Europe (Figure 14). The Aitik Cu-Au ore is interpreted as a deformed and 
metamorphosed porphyry Cu-Au deposit with an IOCG-type hydrothermal overprint (Wanhainen 
et al. 2012). 
 
The geology of the northern Norrbotten ore province is characterized by rock sequences, which 
date from Archean to Proterozoic. The Archean granitoid-gneiss serves as the basement unit with 
an approximate age of 2.8 Ga. This unit is unconformably overlain by greenstones and porphyries 
and sedimentary sequences of Paleoproterozoic age (2.2-1.9 Ga). An intrusion of subvolcanic 
quartz-monzodiorite intrusion led to the deposition of the Aitik porphyry copper-gold deposit at 
1.89 Ga. Volcano-sedimentary sequences with calc-alkaline compositions hosts the ore, which were 
subsequently metamorphosed during the intense metamorphism and deformation at 1.88 Ga 
(Wanhainen 2005a; Martinsson et al. 2016). A second tectonic and metamorphic event occurred at 
~1.78 Ga. This led to the extensive deformation and redistribution of metals in the Aitik deposit. 
This event also allowed the fluid migration to the Aitik deposit of the IOCG-type mineralization 
and Na-Ca alteration in the region. This overprinting event is characterized by magnetite 
enrichment within late quartz veins. Undeformed pegmatite dykes cuts the older lithologies and are 
aged 1.76-1.73 Ga (Wanhainen 2005).  
 
2.5.1.1 Local Geology 
 
The Aitik deposit is situated in a sequence of metamorphosed Paleoproterozoic plutonic and 
volcano-sedimentary rocks, which is cut by late dykes. The lithologies can be grouped based on their 
spatial locations in the mine area, namely, footwall, ore zone and hanging wall as shown in Figure 
14. However, confinement of lithology within the three zones is not strict, i.e. a quartz 
monzodiorite may crop out within the ore zone. A shear zone serves as contact between the 
hanging wall and ore zone, which is characterized by an abrupt break in lithology and copper grades. 
There is no distinct contact between the footwall and ore zone but the border is rather defined by 
the Cu cut-off grade.  
 
Footwall rocks include two rock types, namely, feldspar–biotite–amphibole gneiss and the 
porphyritic intrusion of quartz monzodiorite. Both rock types show porphyritic texture, the former 
having amphibole phenocrysts while the latter is plagiophyric. The rocks within the ore zone 
transition from biotite gneiss, to biotite schist, to muscovite schist towards the hanging wall as 
shown in the cross-section in Figure 14C. Biotite and muscovite schist/gneiss both contain garnet 
porphyroblasts and is mainly differentiated by the amount of ferromagnesian minerals. Tourmaline 
occurs as fine-disseminations and as porphyroblasts. The hanging wall is comprised of three rock 
types, namely, feldspar–biotite–amphibole gneiss, metadolerite and occasionally amphibolite.  
Several pegmatite dykes cut the deposit, primarily in the hanging wall and ore zone. The dykes range 
from 0.5 to 20 m in width, which may be mineralized if situated within the ore zone. A detailed 
description of the different lithologies present in the Aitik mine is outlined in Table 6. 
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Figure 14 (Top left) Geological map of the Gällivare area with inset showing location in Sweden (right) Plan view of the Aitik and 
Salmijälrvi deposits with location of drill holes where samples were taken and (lower left) West-east vertical cross-section of the Aitik Deposit 
showing the main mining area: HW- hanging wall, MOZ – main ore zone and FW-footwall.(Modified from Wanhainen et al. 2014) 

Chalcopyrite, pyrite and pyrrhotite are the main sulphide minerals in Aitik, whilst bornite, chalcocite 
and molybdenite constitute minor components. Oxides such as magnetite and ilmenite are also 
found throughout the deposit. Ore minerals occur as disseminations, veinlets, patches and clots, and 
also in several types of veins together with varying amounts of other minerals such as quartz, 
biotite, amphibole, garnet, tourmaline, barite, zeolites (stilbite and chabazite) and thaumasite 
(Wanhainen and Martinsson, 2003).  
 
Mineralization exhibits a north-northwesterly plunge, which reaches up to 800m below surface in 
the northern part and a depth of 400 meters in the southern part (Bergmann, 2001; Wanhainen 
2005). Zonation of copper and gold distribution is observed within the deposit. Wanhainen et al.  
(2003) reported copper enrichment (>0.6% Cu) within 100-300 m, which decreases at deeper levels, 
i.e., 0.4–0.6% Cu at 400–600 m depth. On the other hand, gold-rich areas (>0.6 ppm) only exist at 
the deeper levels (400–600 m depth) and typically associated with amphiboles (Wanhainen et al. 
2003).  
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Table 6 Lithological description of Aitik rocks (Summarized from Wanhainen 2005; Wanhainen et al. 2012; Monro 1988) 

Area Lithology Description Alteration Mineralization 

Dykes Pegmatite coarse-grained (2-4 cm in size) rocks mainly 
containing albitic feldspar, k-feldspar, and quartz with 
minor biotite and muscovite, and accessory 
tourmaline 

 mineralized within the ore zone but barren 
within the hanging wall; pyrite, chalcopyrite 
and occasionally molybdenite are observed 
surrounding the feldspar crystals 

Hanging 
Wall 

Feldspar-biotite-
amphibole 
gneiss/Hornblende-
banded gneiss 

grey-greenish to grey-brownish fine-grained (~0.2 
mm) rocks with groundmass of plagioclase, biotite, 
amphibole and quartz; accessory magnetite and 
titanite are also present 

widespread sericite alteration with 
chlorite alteration of biotite and 
hornblende 

finely disseminated magnetite with 
occasional apatite 

Metadolerite contains primary amphibole and plagioclase, and large 
amounts of secondary minerals such as k-feldspar, 
sericite, and epidote 

  

Amphibolite strongly foliated, dark green, fine-grained rocks 
containing either pyroxene/amphibole and plagioclase 
as groundmass 

  

Ore zone Biotite schist/gneiss contains approximately 1-2% garnet 
porphyroblasts(~5mm) with microcrystalline 
equigranular groundmass composed of feldspar 
(~40%), biotite, amphibole and quartz, with opaque 
minerals and 2% accessory mineral (tourmaline, 
apatite, fluorite, and titanite) 

fine-grained chloritic and sericitic 
alteration.  

finely disseminated chalcopyrite and specks 
of chalcopyrite, pyrite and pyrrhotite; two 
'stockwork ' vein systems present: 
hornblende-rich veins which are cpy-rich 
and tourmaline-rich veinlets with fine 
disseminations of chalcopyrite 

Muscovite schist strongly foliated rocks mostly composed of muscovite 
(partly sericitized and with relics of biotite), and 
subordinate feldspar (mainly K-feldspar), quartz, and 
tourmaline, with accessory apatite and opaque phases. 
Garnet porphyroblasts are also present but of lesser 
size than in the biotite gneiss/schist  

commonly disseminated pyrite; magnetite, 
chalcopyrite, and pyrrhotite occur as specks 
elongated parallel to foliation; higher pyrite: 
chalcopyrite ratio than in the biotite gneiss 

Less foliated biotite 
schist/gneiss 

coarser grain size than biotite schist/gneiss (0.2-0.5 
mm) and closely resembles microQMD in the 
footwall; contains plagioclase phenocrysts with matrix 
of plagioclase, K-feldspar, biotite, and quartz, with 
accessory apatite, tourmaline, garnet, fluorite, and 
opaque phases. 

sericite and scapolite alteration of 
plagioclase; biotite altered to 
chlorite, the latter altered to 
epidote with allanite cores 

disseminated chalcopyrite, pyrite and 
magnetite aligned parallel to the dominant 
foliation 



Classification of Drill Core Textures for Process Simulation in Geometallurgy - Aitik Mine, New Boliden 

 

 

21 
 

 

 

Area Lithology Description Alteration Mineralization 

Footwall Quartz monzodiorite 
(QMD) 

porphyritic rocks characterized by 2-5 mm plagioclase 
phenocrysts and fine-grained (0.3-0.6 mm) 
equigranular matrix of plagioclase, k-feldspar, biotite, 
quartz, and trace amounts of titanite, apatite, and 
zircon 

pre-metamorphic potassic 
alteration characterized by biotite 
replacement of amphibole and 
presence of K-feldspar in 
groundmass; chlorite alteration is 
also present 

chalcopyrite, pyrite and magnetite as 
disseminations and in veinlets 

micro-quartz 
monzodiorite 

finer grained QMD with matrix grain size at 0.1-0.3 
mm 

Feldspar-biotite-
amphibole gneiss 

greenish-grey to brownish porphyritic rocks with 
amphibole phenocrysts (6-20 mm) in a groundmass of 
feldspar, biotite, and amphibole with accessory 
apatite, titanite, zircon and opaque phases 

widespread sericite alteration with 
chlorite alteration of biotite and 
hornblende 

amphibole-feldspar veins associate with 
chalcopyrite and pyrite; allanite grains (50 
μm) are also observed 
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Several alteration minerals are present in the ore body and are probably associated with several 
pulses of hydrothermal activity. Most extensive within the ore zone is biotite and K-feldspar 
alteration, commonly accompanied by garnet porphyroblasts of spessartine-almandine composition. 
Biotite is altered to sericite towards the hanging wall. Pervasive K-feldspar-epidote alteration is 
mainly restricted to the footwall and hanging wall contacts but may occur sporadically within the ore 
zone (Monro 1988). Albite-scapolite alteration associated with amphibole-pyroxene veins 
sporadically occurs within the deposit (Bergman et al. 2001). 
 
Two other minor deposits are present within the Aitik mine area (see Figure 13). The Salmijärvi 
deposit, found in the southern end of the Aitik open pit, have a similar mineralization style as the 
main deposit but of lower grade. Amphibole-biotite gneisses and local diorite hosts the 
mineralization. On the other hand, Liikavaara deposit is located in the eastern part of the mine area. 
Mineralization in Liikavaara is hosted by volcanosedimentary rocks of mainly andesitic composition 
and dominantly controlled by quartz-(calcite)-(tourmaline) veins. Ore minerals are chalcopyrite, 
pyrite and pyrrhotite, with significant amounts of magnetite, molybdenite and scheelite (Warlo et al. 
2017) 

2.5.1.2 Mine Operations 

Current operations consist of two open pit mines, the larger Aitik main pit and the Salmijarvi pit. 
The former is 3 km long, 1.1 km wide and 450 m deep while the latter is 1 km long, 800 m wide and 
250 m deep. Exploration is currently ongoing for the nearby Liikavaara orebody. In 2016, the mine 
produced 36 million tonnes ore with 0.22% Cu, 0.11 g/t Au and 2.11 g/t Ag. From this, 71,000 
tonnes copper, 2 tonnes gold and 57 tonnes silver were recovered. (New Boliden AB 2016) 
 
Aitik’s ore flow is monitored and controlled from mine planning to concentrate transport to the 
smelter. This operation involves drilling and blasting, transport of ore, in-pit crushing, storage, 
grinding and concentration.  Initially, data collection is done from drill core logging and sampling. 
3D models are generated for grades with blocks of 20 m x 20 m x 15 m size. A mine plan is then 
developed based on the spatial location of the blocks and copper grades, that is, passing the cut-off 
grade of 0.06% Cu (Karlsson, P., personal communication, May 2, 2017).  
 
The crushing of ores is done using three gyratory crushers with a combine throughput of 120,000 
tonnes/day. The broken ore is transported via trucks to the grinding circuits. Two grinding lines are 
present in the mine, both of which are fully autogenous. The grinding lines are operated in a closed 
circuit consisting of a primary AG mill, a secondary pebble mill and a screw classifier as shown in 
Figure 15. The AG primary mills are the largest in the world,  having a power rating of 22.5 MW, 
diameter of 11.6 m, length of 13.7 m and volume of 1400 cm3 (June 2011). Grinding capacity ranges 
from 2,500-3,200 ton/hr while operating work index ranges from 9.7 to 12.4 kWh/ton. These 
values are highly dependent on the hardness of the ore. The grinding line targets a P80 size of 175 
µm for the downstream process. This particle size is based on the liberation analysis of sulphides, 
mainly chalcopyrite, in the ore. 
 
The milled ore is sent for concentration through a series of froth flotation stages, namely, rougher, 
scavenger and four cleaning stages. Figure 16 illustrates the process flowsheet for the beneficiation 
plant. The plant produces a final concentrate containing 20-23% copper with gold, silver and 
molybdenum. Copper recovery is at 85-95% while silver and gold is at 65% and 50%, respectively. 
Molybdenum is currently not being recovered although studies have already been undertaken to 
assess the feasibility of having a flotation circuit dedicated for Cu-Mo separation (Andersson 2012). 
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Figure 15 Schematic illustration of Aitik’s grinding line (Modified from Pålsson 2010) 

 
Figure 16 Beneficiation Scheme for Aitik Processing Plant. This is based on the company flowsheet. 

 
3 MATERIAL AND METHODS 

This study employs textural classification techniques applied to four different data groups: (1) visible 
light photography, (2) high-resolution drill core line scan imaging (3) microscopic analysis, and (4) 
3D data from X-ray microtomography. To identify the initial textural classes, visual logging was first 
employed. The distinguishing characteristic of each class is determined, such as modal mineralogy, 
foliation, sulphide abundance and BWI indices. The textural classification is then used as training 
data for an automated machine learning classification. Afterwards, the images are subjected for 
mineral mapping using image analysis. Generated mineral maps can provide quantifiable 
information for each mineral phase such as association index, grain size and modal mineralogy. 
Lastly the process is validated using new samples. Figure 17 illustrates the methodology which will 
be employed for the study. 
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Figure 17 Textural identification and classification methodology  

 
3.1 Sample Preparation 

The drill cores utilized for this study have been pre-selected by the company geologist to represent 
the variation in mineralogy and textures within the Aitik deposit.  Initial classification consists of 18 
ore classes which are differentiated based on the sample spatial location, lithology, alteration, 
mineralization and structure. Fifty-one halved drill core samples of varying sizes were then selected 
to represent the main textural features of each class.  
 
Re-logging of these samples was undertaken to provide a more systematic approach on texturally 
classifying the drill cores based on their visibly identifiable characteristics. The samples were then re-
classified to 11 major classes (14 including subclasses). To avoid confusion between the two 
classification schemes, the originally classified 18 ore classes are labelled as ‘A + number’ and will be 
referred to as the ‘original class’. The author’s classification is labelled ‘C + number’ and can be 
simply referred to as ‘class’. Representative samples were chosen for each class wherein 25-mm 
diameter cylindrical sample with thickness of approximately 15 mm were extracted using a pillar 
drilling machine. These samples were prepared for microscopic analyses, some of which were also 
analyzed for and μXCT as shown in Figure 18. 
 

 
Figure 18 Sampling and analyses conducted for the Aitik drill core samples 
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3.2 Previous study and analyses 

The samples utilized in this study have previously been analyzed by EMERALD students from 
Luleå University Technology as part of the PREP project. Geometallurgical comminution test 
(GCT)  designed by Mwanga et al. (2015) has been conducted for the original classes except for A5 
while batch flotation tests have been conducted for selected ore sample classes (A4, A8, A11, A14, 
A16 and A18). Bilal (2017) extended this study and conducted more GCT tests for the remaining 
samples out of the 18 original classes. 
 
Representative samples were sent to ALS Scandinavia AB laboratory in Luleå, Sweden. The samples 
were dried at 105°C then fused with lithium methaborate and dissolved in diluted nitric acid. The 
samples were then analyzed using inductively coupled plasma-sector field mass spectrometry (ICP-
SFMS), a high resolution ICP-MS technique which utilizes a magnetic sector as mass analyzer 
(www.alsglobal.se). The analysis suite includes 10 major oxides and 21 elements including As, Hg, 
Mo, Pb, W and Zn. However, Au and Ag were not included in the analysis. 
 
3.3 Image Acquisition 

3.3.1 DSLR Photography 

The drill core images were taken with digital single-lens reflex camera, Canon Pro 815, under a 
stable light source with a pixel width of 0.05 mm. Figure 19A shows the set-up of the experiment. 
Complete image acquisition settings can be found in Appendix Table 2. The images were captured 
for dry and wet drill cores. The steps in producing the images include: 

(1) Core preparation: Half drill cores were washed to remove dust. For dry photography, 
samples were afterwards air-dried. 

(2) Set-up: Drill cores were placed with flat surface in front of the camera, ensuring that the 
surface is parallel to the base.  

(3) Image acquisition: For wet photography, the drill cores were wet using a sponge just before 
taking photos while checking if there are no dry or pooled sections of water on the surface. 
No additional requirements were necessary for dry photography. The images were stored as 
RAW file.  

(4) Image correction:  The RAW images were converted to TIF files using Adobe Photoshop 
CS6. Through the software, the images were manually edited for white balance correction 
using the reference white and black pixels in the image. Image artifacts such as ink marks and 
uneven surface at the edge of the core were also removed. Lastly, the images were cropped 
to only include the drill core area. 

 
Figure 19 Image acquisition set-up for (A) DSLR photography and (B) High-resolution Line Scan Imaging. For DSLR photography. 
lighting is provided by ordinary daylight fluorescent lamps fixed in the acquisition room. 
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3.3.2 High-resolution Line Scan Imaging 

High resolution imaging of ten drill cores was performed by the Optical Measurement Laboratory in 
Lapland University of Applied Science in Kemi, Finland. The drill cores were laid out in a core box, 
while images were taken under a controlled light. Two image acquisition techniques were employed 
using Basler ruL2098-10gc–color camera, namely, ‘line by line’ scanning with pixel size of 28 
microns and ‘entire box’ scanning with pixel size of 165 microns. Figure 19B shows the experiment 
set-up. Complete acquisition parameters are available in Appendix Table 2. 

 
3.3.3 Optical Microscopy  

Petrographic studies of the polished drill core samples were carried out using Nikon Eclipse E600 
petrographic microscope. This technique was used for identification of ore minerals and their 
occurrence.  
 
3.3.4 SEM-EDS 

A standard scanning electron microscope (Merlin SEM – Zeiss Gemini) was used to obtain images 
and data which will be utilized to produce mineral maps. AZtecEnergy 2.2 (Oxford Instruments) 
software was used to acquire BSE images, which are taken at 200x magnification and accelerating 
voltage of 20 kV. The BSE images are 18.3 mm and 19.7 mm in width and height with a pixel size 
of 3.0 microns and taken with 15% overlap. The software automatically stitched the images, 
although, manual checking and editing was still employed. Areas of interest were analyzed with an 
EDS detector for Point and ID mineral identification. The EDS spectra were manually matched 
with the spectra of identified minerals in the deposit using EDS spectral library compiled by Simon 
Fraser University (http://www.sfu.ca), McGill University (http://www.mcgill.ca/) and Welton 
(2003). In addition, the composition of each mineral is compared with the values available in HSC 
Geo 7.0 Mineral Database (Lamberg et al. 2009). Image analysis was then employed to produce 
mineral maps (for detailed discussion see Section 3.5 Mineral Mapping). 
 
3.3.5 QEMSCAN 

QEMSCAN analysis of four samples was employed in this study to directly produce mineral maps. 
The samples were submitted for analysis to University of Cape Town (UCT) in South Africa. 
Similar to SEM-EDS, this technique employs the acquisition of BSE images for particle detection 
and X-ray spectra for composition identification. To determine the different mineral phase, the X-
ray spectra are matched with a spectral library using Species Identification Protocol (SIP) (Gottlieb 
et al. 2000). A list of expected minerals identified in the deposit was also given for reference. The 
generated segmented images have a pixel size of 19.8 microns. 
 
3.3.6 X-ray Microtomography 

X-ray microtomography measurements were undertaken in Luleå University of Technology in 
Sweden (three samples) using Zeiss Xradia 510 Versa 3D microscope and in X-Sight X-ray Services 
in Cape Town, South Africa using Nikon XT H225 ST (four samples). The scanning parameters 
utilized are shown in Table 7. The Xradia 510 Versa XRM features a unique two-stage geometric 
magnification process based on synchrotron-caliber optics, which allows imaging on micro-scale 
samples. Due to the low linear attenuation contrast of the minerals found in the porphyry deposit 
(as shown in Figure 12a), high resolution and maximum voltage for the X-ray source were employed 
for the analysis. Decreasing the sample size was also recommended for better acquisition of images; 
however, some textural information especially for coarser grained samples will be lost.  
 
 

http://www.sfu.ca/
http://www.mcgill.ca/
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Table 7 Parameters used for the X-ray Tomography Scanning 

Instrument Zeiss Xradia 510 Versa Nikon XT H225 ST 

Voltage (kV) 160 160 

Power (W) 10 16 

Exposure Time (sec) 10 to 15 
(varies depending on the amount of 

dense materials) 

1 

Objective 0.4x  

Bin 1  

Filter HE2, 
HE3 (for samples with high 
amounts of dense materials) 

1.5 mm Copper 

Pixel size (microns) 13 14.5 

No. of Projections 2201 4000 

 

3.4 Texture Classification 

After the images were acquired, they were classified to different geometallurgical classes through 
visual logging. The visually classified images were then utilized as training data for machine learning 
classification. Both methods are discussed below. 
  
3.4.1 Visual Logging 

Criteria for the classification are based on the similarity in relative grain size, lithology, alteration, 
mineralization and veining identified during logging. This produced 11 major textural classes. 
Subclasses were then created to accommodate the smaller variations within each class.  
 
3.4.2 Machine Learning Classification 

Based on the visually logged classified images, features were extracted using MATLAB software to 
discriminate different textures in the image. Feature extraction schemes utilized are: Basic image and 
histogram statistics, Gabor filter banks (Haghighat et al. 2015), Segmentation-based fractal analysis 
(SFTA) (Costa et al. 2012), Gray Level Co-occurrence Matrices (GLCM) (Haralick et al. 1973) with 
Haar and Discrete Approximation of Meyer Wavelets Transformation (Koch 2017; Poon 1997), 
Local Binary Patterns (LBP)(Ojala et al. 2002) and Line Local Binary Patterns (LLBP) for RGB 
images (Koch 2017; Skarbnik 2015). Detailed description of these schemes can be found in 
Appendix Table 3.  
 
The different feature extraction schemes were evaluated using Weka software (Witten et al. 2011) to 
determine which method gives the best classification accuracy with minimal time requirement. 
Classifier used was Random Forest with 200 trees and default number of random features (i.e. log2 
(total number of features) + 1). This classifier was chosen due to its fast data processing time with 
relatively precise results (Koch et al. 2017).  
 
3.5 Mineral Mapping 

Mineral mapping is defined here as assigning a mineral class on an image pixel to produce a 
segmented image. By identifying and classifying minerals based on their characteristic features on an 
image, automatic image segmentation can be done. 
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3.5.1 Mineral Identification 

The minerals identified were based on the combined information from visual logging, optical 
microscopy, SEM-EDS data and QEMSCAN. Note that proper mineral identification would be a 
crucial factor in the accuracy of the results for the succeeding operations. Thus, for visual logging, 
the logger must be highly trained in mineral identification and have a good understanding of the 
mineralogy of the deposit. 
 
Mineral identification of the images was done using ImageJ/Fiji software (Schneider et al. 2012) 
through the Trainable Weka Segmentation plugin, a supervised learning classification scheme 
(Arganda-Carreras et al. 2017).  
 
3.5.2 Segmentation Algorithm 

Several feature extraction schemes available in the Trainable Weka Segmentation plugin were run to 
identify which features will better discriminate the minerals during the classification. The feature 
extraction schemes can be grouped as: pixel intensity-averaging features (Gaussian blur, median, 
mean, minimum, maximum), edge-detection features (Sobel filter, derivatives), edge-preserving 
averaging features (anisotropic diffusion, bilateral, Kuwahara), structure/orientation features 
(Hessian, Gabor, structure), “blob” or crystal size detection (Laplacian, difference of Gaussians), 
line detection features (membrane projections), smoothened variable background features 
(Lipschitz), and non-directional local noise features (variance, entropy and neighbors) (Staniewicz 
and Midgley, 2015).  A detailed description of the features extracted based on the different 
techniques are shown in Appendix Table 4. 
 
A training image was first selected for each dataset to determine which feature extraction scheme 
will be utilized. Based on the classification results, Difference of Gaussian, Neighbor and Entropy 
were selected to create additional features for the digital photography images while Neighbor, 
Gabor, Median and Bilateral were used for SEM mineral mapping. For 3D segmentation, Gaussian 
Blur, Edges, Minimum and Maximum were selected. The selection of the training features is 
dependent on the image characteristics (e.g. RGB or B/W images) and the contrast between each 
mineral. The feature selection performance will be covered in Section 5.2. Image features such as 
Hue, Saturation and Brightness values were also utilized. The other options such as minimum and 
maximum sigma are kept at default values of 1.0 to 16.0. Classifier used was also Random Forest 
with 200 trees and 4 random features. The classes were then balanced to ensure that all the classes 
will have same weighting during classification regardless on the number of pixels available in the 
training data. This was done internally by the software wherein samples within classes with minimal 
amount of training data were duplicated while more populated classes lost some of their samples.   
 
The segmentation process was coded using ImageJ macro and Beanshell scripting (Niemeyer 1997) 
to facilitate automatic image segmentation. Based on the initial mineral identification, a training data 
(ARFF file) and a classifier (MODEL file) is created for each textural class. The training data and 
classifier were then applied to other images which have already been texturally classified. Figure 20 
shows a simplified segmentation flowsheet utilized for this study.  
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Figure 20 Flowsheet diagram for the pixel classification of images 

The final segmented image is saved as an indexed TIFF file with RGB color code shown in Table 8. 
Same color code is applied for all mineral maps produced in this study. The class ‘background’ 
includes image artifacts such as markings and uncropped image background. Figure 21 shows an 
example of a segmented image of biotite gneiss cut by hbl-qtz-plag vein with py-mt-po-cpy 
mineralization. 
 
Table 8 Color legend for segmented images 

Index Mineral Abbreviation R G B Color 

0 Chalcopyrite Cpy 255 0 0   

1 Pyrite py 79 255 130   

2 Magnetite mt 198 118 255   

3 quartz-feldspar* qtz-fsp 255 255 10   

4 Biotite bt 84 226 255   

5 Amphibole hbl 255 121 193   

6 Quartz qtz 75 255 12   

7 K-feldspar ksp 92 85 255   

8 Plagioclase plag 255 166 121   

9 Chlorite chl 12 255 164   

10 Epidote ep 241 85 255   

11 Pyrrhotite po 227 255 121   

12 Titanite ttn 12 133 255   

13 Hematite hem 255 85 120   

14 Garnet grt 104 12 255   
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15 Calcite cal 255 199 85   

16 Tourmaline trl 121 255 250   

17 Muscovite ms 255 12 194   

18 background **  121 255 133   

 * difficult to differentiate 

   

 
Figure 21 (A) Image of a biotite gneiss cut by hbl-qtz-plag vein with py-mt-po-cpy mineralization and (B) Segmented image.  

Validation was done through visual checking. In addition, an out-of-bag (OOB) error for the 
random forest classification process was also generated. Out-of-bag error is a method of measuring 
prediction error for machine learning techniques which utilizes boot strapping aggregation in sub-
sampling of training data (Breiman 2001). An out-of-bag error of less than 5% must be achieved for 
each segmented image.  
 
3.6 Input Parameters for Process Simulation 

Once a mineral map is generated, extraction of other quantifiable textural parameters can be done. 
In this study, the focus will be on three parameters, namely, modal mineralogy, mineral associations 
and mineral size distribution. These parameters are primarily selected since they are directly related 
to the input parameters required for simulating a process. However, it should be noted that these 
parameters are based on intact textures and not particles. Koch and Rosenkranz (2017) proposed a 
method for generating particles based from intact textural parameters which can be applied for 
mineral maps produced in this study. 
 
3.6.1 Modal Mineralogy 

The modal mineralogy was calculated based on the ratio of the total classified pixels for each 
mineral class against the total number of pixels in the image subtracted by the number of pixels 
classified as background. The resulting values give the volume percentage of each mineral phase. To 
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calculate the weight percentage, the volume percentage of each mineral phase was weighted based 
on the density of the minerals based on HSC Geo Mineral List (Lamberg et al. 2009). 
 
3.6.2 Association Index 

The association index (AI) for a mineral map was calculated based on the code provided by Koch 
(2017) which utilizes neighborhood analysis.  It takes into account the frequency that a particular 
mineral phase is adjacent to another mineral phase on a pixel-by-pixel basis. Equation 4 gives the 
formula for calculating AI for a mineral map with 3 phases in its neighborhood.   
 

𝐴𝐼 =  
1

𝑁2
∑ (

𝑓1,1 𝑓1,2 𝑓1,3

𝑓2,1 𝑓2,2 𝑓2,3

𝑓3,1 𝑓3,2 𝑓3,3

)∀𝑥  =  (

𝐴𝐼1,1 𝐴𝐼1,2 𝐴𝐼1,3

𝐴𝐼2,1 𝐴𝐼2,2 𝐴𝐼2,3

𝐴𝐼3,1 𝐴𝐼3,2 𝐴𝐼3,3

)   (4) 

 
where fA,B is the empirical frequency of mineral A occurring in n-neighborhood with mineral B given 
a pixel location of x and N is the total number of pixels analyzed. 
 

3.6.3 "Grain Size" Distribution 

Since this study deals with intact textures segmented using mineral phases, “grain size” will refer to 
the size of distinct regions with the same mineral phase. For example, two adjacent chalcopyrite 
grains will be identified as one chalcopyrite phase during the segmentation process, unless, a 
significant and continuous void (classed as background) separates them. Determining the size of 
each distinct mineral phase will give an approximation of the relative size of target minerals, e.g. 
chalcopyrite, to achieve a full liberation. 
 
For this study, granulometry was employed to determine the grain size distribution. Granulometry is 
an approach to compute for a size distribution of distinct regions or “grains” in an image (Matheron 
1970) using morphological opening operations. This is done by eroding and dilating images using a 
structuring element with a given size and counting the number of regions removed during the 
process. This process is repeated with increasing structuring element size. This creates a 
“morphological sieve”, wherein the structuring element size defines the size of the sieve opening 
while the number of pixels removed equates to the particles which pass through the “sieve”. 
 
For this study, structuring element sizes were done for range of 1 to 50 pixels. Note that for the drill 
core photography, one pixel width is equivalent to 0.05 mm while 3.0 microns for BSE images.  
 
4 PART 1: ORE CHARACTERIZATION 

4.1 Macro-scale 

4.1.1 Textural Classification 

Textural classification was initially done through traditional core logging, that is, through 
discrimination of macroscopically identifiable features. Textures were described based on the grain 
size, fabric, mineralogy and their occurrence, vein type and intensity, and a simple scratch resistance 
test using a tungsten carbide scratcher. Description of each textural class is shown in Table 9. 
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Table 9 Description of the different textural classes identified in the Aitik mine 

 

Area Class Lithology Drill Core Photo Macroscopic Description Sulphides/Oxides Gangue Mineralogy Vein Intensity
Scratch 

Resistance
Distinguishing Feature

D
Y

K
E

C1 Pegmatite

Very coarse-grained (1-5 cm in size) 

with distinct pink (k-feldspar), white 

(albite) and grey color (quartz) 

interlocking crystals; slight shearing 

('boudin') is observed in the quartz 

crystals

hematite along fractures

dominated by k-feldspar, albite and 

quartz; contain greenish muscovite, 

epidote and hematite along 

fractures. Black tourmaline  crystals 

1-3 mm in length are observed 

disseminared throughout the cores

Strong

very coarse-grained rock; 

pink (K-feldpar), white 

(albite) and grey (quartz, 

crystalline) color

H
A

N
G

IN
G

 W
A

L
L

C2

Biotite-

feldpar 

gneiss

Fine-grained (<1 mm); banding is 

observable using hand lens, with 

dark green to brownish  (biotite) and 

light grey (feldspar)  minerals; 

finely disseminated 

magnetite within the 

groundmass

dark minerals are mostly composed 

of biotite laths (some altered to 

chlorite and sericite) while light 

minerals are mostly feldspars. 

Epidote, chlorite and pink k-

feldspar occurs in veinlets

High

chl-ep-kspar veinlets 

(1-3 mm) in width.

Weak

fine-grained rocks with 

banded biotite laths and 

plagioclase; several chlorite-

epidote veinlets

A. Medium-grained (1-3mm), 

strongly banded rock with 1-3 mm 

garnet porphyroblasts

pyrite and chalcopyrite 

typically occurs in veins

dark minerals are mostly composed 

of biotite laths while light minerals 

are quartz-feldspar; epidote and 

carbonates are present within veins. 

Chlorite and sericite are present as 

alteration for biotite and amphibole

Low

qtz-py-cpy-ep±carb 

veinlets (1-3 mm in 

width). Few mt 

stringers are present

Moderate

strongly banded medium-

grained rocks with garnet 

porphyroblasts

B. K-feldspar altered medium-

grained biotite gneiss (3A)with 

pyrrhotite-rich veins

cpy, py and mt occurs in 

veins, disseminations or as 

stringers with chlorite-

epidote haloes

dark minerals are mostly composed 

of biotite laths while light minerals 

are quartz-feldspar; kspar occurs in 

pinkish color; epidote and 

carbonates are present within veins

Moderate

qtz vein with py-cpy-

mt, qtz-carb with chl-

ep, cpy-py stringers 

with chl-ep halo

Strong

strongly banded medium-

grained rocks with k-spar 

alteration

C4

Fine -grained 

biotite-

plagioclase-

qtz gneiss

Fine-grained (~1 mm); banding is 

observable with dark green to 

brownish  (biotite) and light grey 

(feldspar-quartz)  minerals

pyrite, pyrrhotite and 

chalcopyrite occur within 

veins. magnetite present as 

disseminations, stringers 

and within veins, typically 

rimming chalcopyrite

finer-grained but with similar 

composition, coarse hbl crystals in 

veins with minor chlorite and 

epidote  and sometimes with k-

feldspar halo

High

composed of 

amphibole (some 

chloritized and 

sericitized) veins (3-

10 mm) associated 

with py-po-mt-cpy. 

Moderate

fine-grained banded rocks 

with several distinct green 

amphibole veins with 

significant sulphide content

O
R

E
 Z

O
N

E

C3 

Biotite-

plagioclase-

qtz gneiss

1

1 cm

1

1 cm

1

1 cm

1

1 cm

1

1 cm
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Area Class Lithology Drill Core Photo Macroscopic Description Sulphides/Oxides Gangue Mineralogy Vein Intensity
Scratch 

Resistance
Distinguishing Feature

C5

Amphibole-

plagioclase 

gneiss

Medium-grained green to brownish 

rockwith disseminated chalcopyrite 

and pyrite minerals. Greenish color 

due to strong amphibole and 

chlorite alteration with some pink 

and olive green patches due to 

presence of epidote and k-feldspar

highly disseminated 

chalcopyrite grains of 0.5-

1 mm (5%)with pyrite 1%

dominated by amphiboles (0.5-2 

mm) and feldspars with minor 

biotite, magnetite, epidote and 

chlorite

Low Weak
amphibole and cpy-rich, 

greenish brown color

O
R

E
 Z

O
N

E

C6
Muscovite 

schist

Strongly foliated medium to coarse 

grained rock with visible muscovite 

flakes (may reach up to 5mm) and 

garnet porphyroblasts(1-5 mm)

high sulphide content, as 

disseminations which 

parallels foliation; cpy:py 

ratio of 1:1 

dominated by muscovite and quartz-

feldspar, with minor biotite and 

garnet

Low

one 2-cm py-cpy-mt 

vein logged. A 

molybdenite stringer 

is also observed

Strong
strongly foliated rock; 

muscovite-rich

A. Medium-grained gneiss with deep 

red (k-spar) and black 

(quartz+chlorite) bands with epidote 

veinlets

disseminated fine-grained 

chalcopyrite, pyrite and 

magnetite

dominated by k-feldspar (red color) 

interbanded with grey quartz with 

chlorite laths (black bands); epidote 

and carbonate present in veins

Low

epidote veinlets with 

rare carbonates

Strong deep red and black bands

B. Moderate to highly deformed 

rock of alternating  bands of pink, 

white, green and black

disseminated fine-grained 

chalcopyrite, pyrite and 

magnetite; py-cpt-mt in 

veins

dominated by k-feldspar (red color) 

interbanded with grey quartz and 

plagioclase, chlorite laths with minor 

epidote, titanite and muscovite

Moderate

1-2 mm qtz-py-cpy-

mt and qtz-anh-cpy-

py-mt veins

Strong
deformed pink, green, 

black and white bands

F
O

O
T

W
A

L
L

C8

Quartz 

monzodiorit

e

Light' QMD - porphyritic rock with 

distinct greenish white 3-5 mm 

subhedral plagioclase phenocrysts 

and fine-grained dark grey (qtz-fsp-

bt) matrix.

cpy and py typically 

occurs within veins, fine 

disseminations of cpy and 

py (trace) 

plagioclase phenocrysts with biotite, 

magnetite and quartz-feldspar 

groundmass; with minor 

amphibole, magnetite, titanite (0.5-1 

mm) and epidote

Moderate

1-5 mm qtz-py-

mt±cpy ±carb and 1-

2 mm qtz-hbl-py-

mt±cpy veinlets with 

1-5mm vein halo

Strong

porphyritic texture with 

distinct plagioclase 

phenocrysts

Strongly K-

spar altered 

gneiss

C7

1 cm

1

1 cm

1

1 cm

1

1 cm

1

1 cm

1

1 cm
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Area Class Lithology Drill Core Photo Macroscopic Description Sulphides/Oxides Gangue Mineralogy Vein Intensity
Scratch 

Resistance
Distinguishing Feature

A. 'Dark' QMD - porphyritic rock 

with 3-5 mm grey plagioclase 

phenocrysts and fine-grained dark 

grey (qtz-fsp-bt) matrix.

cpy, py and mt typically 

occurs within veins, fine 

disseminations of cpy and 

py (trace) 

plagioclase phenocrysts with biotite, 

magnetite and quartz-feldspar 

groundmass; with minor 

amphibole, magnetite, titanite (0.5-1 

mm) and epidote

Moderate

1-5 mm qtz-py-

mt±cpy ±carb and 1-

2 mm qtz-hbl-py-

mt±cpy veinlets with 

1-5mm vein halo 

(clay altered plag)

Moderate

porphyritic texture with less 

distinct plagioclase 

phenocrysts and darker 

shade

B. K-feldspar altered dark QMD 

with several hbl-fsp veins

cpy, py and mt typically 

occurs within veins, fine 

disseminations of cpy and 

py (trace) 

plagioclase phenocrysts with biotite, 

magnetite and quartz-feldspar 

groundmass; coarse amphibole and 

epidote present in veins; pink k-

feldspar is also observed

Moderate to High

hbl-plag veins with 

minor epidote and 

carbonate

Weak to 

Moderate

dark' QMD with hbl-plag 

veins and pink k-spar

F
O

O
T

W
A

L
L

A. Finer grained QMD with 

plagioclase phenocrysts of 1-3 mm 

and groundmass grain size of <0.5 

mm 

Moderate, hbl-plag-cpy-

py-mt veins with minor 

epidote and carbonate

plagioclase phenocrysts with biotite, 

magnetite and quartz-feldspar 

groundmass; coarse amphibole and 

epidote present in veins

Moderate

hbl-plag-cpy-py-mt 

veins with minor 

epidote and 

carbonate

Moderate
finer-grained QMD 

porphyry

B. K-feldspar altered micro-QMD, 

more distinct plagioclase phenocrysts 

of 1-3 mm, some of which are 

altered to kspar  (pink)

Moderate, hbl-plag-cpy-

py-mt veins with minor 

epidote and carbonate

plagioclase phenocrysts with biotite, 

magnetite and quartz-feldspar 

groundmass; k-feldspar alteration of 

plagioclase is observed; coarse 

amphibole and epidote present in 

veins

Moderate

hbl-plag-cpy-py-mt 

veins with minor 

epidote and 

carbonate

Moderate

finer-grained porphyry with 

pink k-feldspar and more 

distinct phenocrysts

C11

feldspar-

amphibole-

biotite gneiss

Non to weakly foliated medium-

grained dark green  rock with 

amphibole phenocrysts (1-5 mm) in 

qtz-fsp-bt matrix; contains  several 

sulphide-rich hbl-plag-qtz veins

cpy and py mainly in 

veins, with mt rimming 

the sulphides. Magnetite 

also occurs as fine-grained 

dissemination

dominated by amphibole, feldpars 

and biotite with minor quartz,  

epidote and chlorite (alteration)

High

hbl-plag vein with 

cpy-py-mt which 

may contain 

carbonate(typically 

with cavities) and 

epidote

Very  Weak

highly veined,  green hbl 

veins with plag halo, green 

medium grained rock with 

no distinct foliation, several 

hbl-plag veins rich in 

sulphides

Altered 

quartz 

monzodiorit

e

C9

micro-

Quartz 

monzodiorit

e

C10

1

1 cm

1

1 cm

1

1 cm

1

1 cm

1

1 cm

1

1 cm
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The distinguishing features identified in each class were utilized to create a drill core logging 
classification decision tree as shown in Figure 22. The decision tree aims to provide a simple visual 
logging classification tool using the easiest distinguishable features of each textural class. However, 
other textural features and characteristics of each class as defined in Table 9 were still taken into 
account. 

 
 

Figure 22 Drill core logging textural classification decision tree 

4.1.2 Mineralogy 

Mineral maps produced from drill core images allow extraction of quantifiable mineralogical data 
for each textural class. The modal mineralogy for gangue and sulphide minerals is presented in 
Figure 23 and Figure 24. Complete data can be found in Appendix Table 4.  
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Figure 23 Modal mineralogy of the major gangue minerals within different textural classes  based on mineral maps produced  from drill core 
images 

 

 
Figure 24 Sulphide content in vol % of different textural classes 

The calculated modal mineralogy coincides well with the characterization of textural classes through 
visual logging. Pegmatite (C1) is easily distinguishable due to its high quartz and feldspar content. 
Classes C2, C3 and C4 are the quartz-feldspar-biotite rocks. C2, which is a hanging wall rock, does 
not contain sulphides but have considerable amounts of disseminated magnetite.C3A and C3B are 
distinguished by the presence of pink K-feldspar alteration in the rock. C4 is distinguished by the 
presence of sulphide-rich veins associated with amphiboles and plagioclase.C5 is visually logged to 
contain scapolite alteration using ultra violet light, however, this is not distinguishable in the drill 
core images. Nonetheless, this class is distinguished by its strong hornblende alteration. Muscovite 
schist is has a distinct mineralogy due to presence of muscovite (45 vol %) with a high amount of 
disseminated sulphides, some of which follows the trend of foliation. C7 is characterized by 
pervasive feldspar alteration and the presence of chlorite and epidote veinlets. The intrusive classes 
(C8, C9 and C10) have similar mineralogical suites but of varying proportions except for C9B which 
distinctly contains K-feldspar. The light quartz monzodiorite class, C8, contains more quartz and 
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less plagioclase compared to class C9A and C10.The two latter classes also contains amphiboles. 
C9A and C10 have almost similar mineral proportions, but are visually distinguishable due to the 
finer grain size of C10.The footwall rock, C11, also has a distinct mineralogy as it is rich in 
plagioclase and amphibole. 
 
Sulphide content, however, may not be representative for the whole textural class. The sulphide 
content varies significantly depending on the presence of sulphides in the drill core images which is 
especially erratic in the presence of veins in some selected images. Different sulphide occurrence is 
discussed in the next section.   
  
4.1.3 Chalcopyrite Occurrence 

Chalcopyrite is the main copper mineral in Aitik and is the only copper mineral identified from the 
sampled drill cores. Chalcopyrite typically occurs as disseminations in altered rock and in veins as 
shown in Figure 25. Within the ore zone, chalcopyrite concentration averages at 0.4 vol% but can 
reach up to 3 vol% where there is a high frequency of amphibole-rich veins. 
 

 
Figure 25 Chalcopyrite occurrences in Aitik: (A) mottled dissemination associated with amphibole-feldspar-scapolite-epidote alteration, (B) 
chalcopyrite, pyrite, magnetite and pyrrhotite in amphibole-quartz-feldspar veins, (C) chalcopyrite-pyrite veinlets, (D) Disseminated chalcopyrite 
aligned parallel to foliation (red double arrow line) of muscovite schist, (E) chalcopyrite within a microfracture, and (F) sulphide vein with 
chalcopyrite, pyrite and magnetite in polished thick section. Magnetite is observed rimming pyrite in B and F. 
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Chalcopyrite typically occurs with pyrite and magnetite and occasionally with pyrrhotite (as in class 
C4). Intergrowths between these minerals are observed, mostly chalcopyrite overgrowth of pyrite 
and magnetite enclosing pyrite and chalcopyrite. Disseminated chalcopyrite may occur as mottled 
textured associated with the strong amphibole-feldspar-scapolite alteration, as elongated minerals 
aligned parallel to foliation or as fine-grained minerals within microfractures.  

4.2 Micro-scale 

4.2.1 Mineralogy 

Microscopic analyses were done based on the observations under the optical microscope and 
produced mineral maps from combined SEM-BSE images with EDS point data and QEMSCAN 
results. The modal mineralogy for gangue and sulphide minerals is presented in Figure 26 and 
Figure 27. Complete data is available in Appendix Table 5 and Appendix Table 6. Note that since 
microscopic analysis is only done for a small sample, sulphide estimation may not be representative 
of the whole class. Nonetheless, its mineralogical suite and mineral associations can still be used to 
characterize the sulphide occurrence within each class.  
 

 
Figure 26 Modal mineralogy of the major gangue minerals within different textural classes based on SEM-BSE/EDS mineral maps and 
QEMSCAN data 
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Figure 27 Sulphide content in vol% of different textural classes 

The hanging wall biotite-plagioclase-quartz class, C2, shows a similar mineralogical suite as to its 
counterparts in the main ore zone, C3, but more feldspar-rich. Magnetite in C2 is observed to 
contain high amounts of titanium which ranges from 5% to 10%. Titanium within magnetite is not 
reported in any other identified magnetite within the other classes. Monro (1988) also reported 
minor amounts of titanium in magnetite crystal lattices for gabbros found in the hanging wall.  
 
Class 3A and 3B, which possess similar macroscopic textural characteristics, have similar 
mineralogical suits, i.e., quartz, K-feldspar, plagioclase and biotite. Ironically, class 3B, which has the 
visibly identifiable pink K-feldspar, has less K-feldspar content. This is because K-feldspar color can 
also range from white to grey and can be macroscopically indistinguishable from plagioclase and 
quartz when fine-grained. Pink K-feldspar, though distinguishable, is not enough criteria to 
determine the K-feldspar content of the rock. However, it should be noted that a higher 
chalcopyrite content is observed with the occurrence of these pink K-feldspars either as alteration 
of the groundmass or as veins. Some magnetite in this class, C3B, contains minor amounts of 
vanadium (0.2-0.3 wt%) within its crystal lattice.  Class 4 is mainly composed of plagioclase and K-
feldspar with very low quartz and biotite content. It has high content of sulphides, mainly pyrrhotite 
disseminated and within veins. Both chalcopyrite and pyrite are associated with pyrrhotite.  
 
C5, C6 and C7 have a unique mineralogical suite as compared to other textures as observed in the 
macroscale mineral mapping. C5 has a high amphibole content (44 vol%), presence of scapolite 
alteration of feldspar, and relatively high apatite and epidote content. Strong chalcopyrite 
dissemination is also present in this class. This mineralogical suite can be attributed to calcic 
alteration associated with the second hydrothermal fluid event, that is IOCG-related (Wanhainen 
2005b). C6 distinctly has high muscovite and quartz content, i.e., 42 vol % and 39 vol% respectively. 
The highly altered C7 class has no biotite, most of which have been altered to chlorite and epidote 
with minor to no quartz present. C7A is composed of alternating albite and K-feldspar minerals 
with minor quartz and disseminated magnetite and hematite, the latter typically rimming the former. 
The deep red layers coincide with the presence of K-feldspar. Its deep red color may also be 
associated with very fine hematite disseminations but this has not been observed in the microscopic 
analyses. C7B contains alternating layers of K-feldspar, plagioclase, quartz and chlorite. Chalcopyrite 
and pyrite are typically found within veinlets, some of which contains garnet as rims. Garnet and 
chalcopyrite association can be indicative of co-occurrence of sulphide deposition and metamorphic 
events which formed the garnets. 
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Difference in texture and mineralogy is observed between the different Aitik intrusives as shown in 
Figure 28.  

 
Figure 28 Drill core photographs (top), photographs of drill core samples (middle) and equivalent SEM-based mineral maps (bottom) for 
different Aitik intrusive rocks. Note that quartz and K-feldspar are indistinguishable in the drill core photographs.  

Light (C8) and dark quartz monzodiorite (C9A) show difference in mineralogy and texture. 
Plagioclase phenocrysts in C8 are more compact and the groundmass is mainly composed of quartz, 
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biotite and K-feldspar. Plagioclase phenocrysts in C9A are more separated with higher groundmass 
content which is dominated by K-feldspar. Note that K-feldspar and quartz in the groundmass is 
indistinguishable macroscopically as shown in Figure 28. K-feldspar in 9A also does not contain 
barium in its crystal lattice, which is typically contained at varying amounts for all K-feldspar in the 
deposits. This could be that barium has been remobilized by the overprinting hydrothermal fluids or 
there are two different types of K-feldspar present within the deposit. The latter can be explained by 
the two hydrothermal events (i.e. porphyry and IOCG) that affected the deposit. IOCG  fluids are 
more enriched with barium relative to the porphyry related brines (Rusk et al. 2015) and since 
barium has similar properties as potassium, Ba substitution may occur in K-feldspar. Potassic 
alteration accompanied with enriched Ba-concentration has also been reported in the Hannukainen 
IOCG deposit in Kolari-Pajala, Finland (Niiranen 2011). The highly altered QMD class, C9B, 
contains relatively high amounts of amphibole and quartz as compared with the other intrusives. 
Higher chalcopyrite content is also observed for this class which can also be associated with the 
strong presence of amphibole alteration. The microQMD class C10 has similar composition as to its 
coarse-grained class equivalent, C8. The main difference between the two classes is that C10 has 
smaller plagioclase phenocrysts which are uniform in size ranging from 1 to 3 mm in length while 
C8 plagioclase phenocrysts have a size range from 1 to 7 mm in length.  
 
The footwall amphibole-biotite-plagioclase gneiss, C11, is also distinct macroscopically due to its 
high amphibole, biotite and plagioclase content with very minor quartz. This class also gives the 
lowest BWI and least resistant to scratch, which can be attributed to its mineralogy. 
 
Apatite grains are observed all throughout the different classes ranging from 0.1 to 0.4 vol % except 
for class C5 which contains up to 2.8 vol % apatite. Apatite contains minor fluorine, ranging from 
1.0 to 1.5 wt%. Titanite also occurs for all the textural classes but with varying concentration.  High 
concentrations are observed in the footwall rocks (0.4 to 0.7 vol %), mainly in the intrusive. Both 
primary and secondary titanite occurs in the deposit, the former having a distinct wedge shape with 
grain size ranging from 50-200 microns while the latter typically occurs with chlorite laths as shown 
in Figure 29.  Secondary titanite is only observed for class C7. Titanium is geochemically an 
immobile element and generally present in titanite, biotite, and hornblende in an unaltered porphyry 
(Force 1991; Pearce 1983). However, hydrothermal fluid may still induce local mobilization of 
titanium. Secondary titanite may form during retrogressive events associated with moderate heating 
and increased fluid activity (Corfu and Stone 1998). Formation of secondary titanite can be due to 
the reaction of titanium-rich biotite as shown in Equation 8 (Broska et al. 2007).  
 

𝑎𝑛𝑜𝑟𝑡ℎ𝑖𝑡𝑒 + 𝑇𝑖 − 𝑏𝑒𝑎𝑟𝑖𝑛𝑔 𝑏𝑖𝑜𝑡𝑖𝑡𝑒 = 𝑡𝑖𝑡𝑎𝑛𝑖𝑡𝑒 + 𝑒𝑝𝑖𝑑𝑜𝑡𝑒 + 𝑐ℎ𝑙𝑜𝑟𝑖𝑡𝑒 + 𝑞𝑢𝑎𝑟𝑡𝑧  (8) 
 

 
Note that class C7 contains all the resultant minerals from this reaction. Broska et al. (2007) also 
reported higher REE-content for primary titanite as compared with secondary titanite. 
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Figure 29 (A) Primary titanite(ttn) grains, with right grain containing ilmenite(ilm) inclusions (reflected light, cross-polar), (B) aggregates of 
titanite(ttn) grains containing several ilmenite(ilm) inclusions in light gray (reflected light, cross-polar), (C) secondary titanite in chlorite(chl) 
(reflected light),and (D) SEM-BSE image (left) and photomicrograph in reflected light of monazite(mnz) with allanite (alln) alteration rim. 

Other REE containing minerals are also identified in the Aitik samples, namely, allanite, epidote, 
monazite and xenotime. Allanite is observed in most of the textural classes with size ranging from 
20 to 60 microns but only in trace amounts (<0.01 %). Monazite and xenotime occur rarely and 
only identified in class C3. Gold and silver is detected in SEM-EDS analysis on six grains of zircon 
and monazite. 
 
4.2.2 Chalcopyrite Occurrence 

As observed in the macroscale logging, microscopic analysis show chalcopyrite grains occurring as 
thin sulphide veins, within amphibole-quartz-feldspar veins and as disseminations (Figure 30). 
Sulphide alignment to foliation is evident for classes C3 (biotite gneiss and schist) and C4 
(muscovite schist) as shown in Figure 30B. Chalcopyrite association with magnetite, pyrite and 
pyrrhotite is also observed. Garnet of andradite composition is observed rimming chalcopyrite 
grains in classes C3B, C4, C6 and C7B (Figure 30D). 
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Figure 30 Chalcopyrite occurrences observed in microscopic analysis of Aitik cores. (A) sulphide-rich veinlet showing intergrowths of 
chalcopyrite, pyrite and pyrrhotite (reflected light), (B) Sulphide minerals aligned parallel to foliation of biotite schist (reflected light), (C) 
sulphide minerals within microfractures (reflected light), (D) SEM-BSE image showing andradite garnet rimming chalcopyrite grains, one of 
which has a subhedral pyrite inclusion, (E) pyrite and chalcopyrite intergrowths rimmed by magnetite (reflected light), and (F) magnetite 
replacing anhedral chalcopyrite and subhedral pyrite, with magnetite occurring as fracture fill (reflected light). 

Mineral association matrix was also calculated from the mineral maps produced from SEM images. 
Results are shown in Figure 31.  
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Figure 31 Chalcopyrite mineral associations based on SEM mineral maps.  

The generated association matrix is highly influenced by the modal mineralogy. The probability of 
chalcopyrite mineral being associated with another mineral is larger if the occurrence of that mineral 
in the whole sample is higher. This statement is applicable if the chalcopyrite grains are randomly 
disseminated within the whole sample. However, if the chalcopyrite grains are concentrated in a 
vein, the influence of the modal mineralogy of the sample will not influence the association matrix 
as observed for class C11. Despite C11 having high feldspar content in the sample (56.8 vol %), 
chalcopyrite-amphibole and chalcopyrite-magnetite association dominates the class since 
chalcopyrite generally occurs within amphibole veins while magnetite occurs as chalcopyrite 
overgrowths (Figure 30E and F).  
 
Association between chalcopyrite and garnet is also observed in the calculated association matrix. 
This is observed for classes C3B, C6 and C7B. Classes C3B and C7B have low amounts of garnet in 
the sample, i.e. 0.12 and 0.02 vol% respectively. This indicates a strong correlation between garnet 
and chalcopyrite in the sampled classes, i.e., as garnet overgrowths in sulphides as shown in Figure 
30D. The relationship between the two minerals can be related to the sulphide remobilization 
during the metamorphic event which formed the garnet. 
 
Chalcopyrite-pyrrhotite association is mostly observed in class C4 where significant presence of 
pyrrhotite is reported. Pyrrhotite in classes C3B and C6 mostly occur in sulphide veins which may 
contain chalcopyrite. 
 
4.3 Textural Classes and its Implications 

As discussed in the previous sections, each class was established to have their own distinct textural 
and mineralogical characteristics. These textural classes were plotted against assay and BWI data 
which were taken from previous PREP studies. This in a way validates if the previously classified 
textural classes can be used to characterize geometallurgical domains.  
 
4.3.1 Chemical Assays 

The textural classes are compared against the elemental assay data and calculated mineralogy using 
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Element-to-Mineral Conversion (EMC). Note that the assays are taken in bulk from 20-60 kg 
crushed drill core samples which do not correspond to the logged cores. Nonetheless, a general 
trend must still be observed if the distinguishing characteristics of each class are robust since logged 
cores are assumed to be representative samples of each class. Class 5 does not contain assay data 
due to unavailability of samples. 
 
Values for selected elements and minerals are given in Table 10 and illustrated in Figure 32. Based 
on these data, class C7B has the highest copper content followed by C6 and C3B. Assuming that all 
copper is associated with chalcopyrite, more than 1% chalcopyrite is present in classes C7B and C6. 
Both these classes also do contain the highest logged chalcopyrite content. Chalcopyrite to 
pyrite/pyrrhotite ratio for classes C7B and C6 are 4:1 and 3:2, respectively. Class 3 and 4 has the 
highest pyrite/pyrrhotite content having more than 3% with very low cpy:py/po ratio. High pyrite 
and pyrrhotite content can affect both flotation and grinding.  
 
Molybdenum is highest within C6 with 42.3 ppm Mo while C3B contains the highest amount of Zn 
at 111.6 ppm. Molybdenum and zinc values are low for all cores to be deemed feasible for 
extraction at current economic conditions. Visual logging of cores only shows molybdenite as 
fracture fillings while sphalerite is only observed in microscopically. The highest magnetite 
concentration is calculated for class C3B and is up to 9.9 wt%. 
 
Table 10 Elemental and mineralogical assays for the different Aitik textural classes 

CLASS Assay (ppm) Mineralogy calculated from assays (wt%) 

Cu Mo Zn Cpy Py/Po Mt Qtz K-fsp Plag* Hbl Mica** 

C1+ 70.5 1.8 23.3 0.0 0.0 0.0 47.4 27.5 26.7 0.0 4.2 

C2 78.6 1.5 97.4 0.0 0.0 5.3 22.3 14.1 43.2 5.6 13.4 

C3A 1420.0 18.4 94 0.4 3.6 2.0 24.7 21.2 34.2 0.0 15.6 

C3B 2122.0 25.5 116.6 0.6 1.9 1.2 24.3 19.1 36.9 0.0 15.2 

C4 1690.0 15.7 83.4 0.5 3.2 9.9 12.2 23.6 31.8 18.0 2.2 

C6+ 3964.0 42.3 54 1.1 0.9 2.7 34.5 10.9 23.7 0.0 13.5 

C7A 920.0 10.8 69.5 0.3 0.2 2.8 23.1 0.0 41.8 0.4 31.8 

C7B+ 4210.0 10.7 54.25 1.2 0.3 2.1 27.4 21.4 32.4 0.0 18.4 

C8 1157.4 5.8 66.8 0.3 0.4 0.0 25.3 10.5 41.6 0.7 19.0 

C9A 841.0 9.4 54.2 0.2 0.2 0.0 30.2 8.5 45.0 0.4 21.1 

C9B 1330.0 12.7 55.9 0.4 0.3 0.0 29.0 6.0 48.0 0.0 23.4 

C10A 533.8 15.3 46.26 0.2 0.0 0.6 24.9 10.3 45.1 0.0 18.6 

C10B 679.0 22.7 27.3 0.2 0.2 0.6 23.4 11.3 43.1 0.0 20.1 

C11++ 1652.9 23.9 81.66 0.5 0.9 5.6 13.2 7.2 41.3 14.9 12.4 

°results are based on the average data of two samples 

°°results are based on average data of three samples      

* An40 composition          

** this is based on biotite composition except for class 6 which includes muscovite   
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Figure 32 Mineralogy calculated from assays for the Aitik textural classes 

As observed in the visual logging, quartz and K-feldspar is highest for C1 and lowest for C11. As 
expected, amphibole is high for amphibole gneiss (C11). High calculated amphibole content in Class 
3B may be due to presence of several amphibole-plagioclase sulphide-rich veins which are also 
observed cutting C11. C7A does not contain K-feldspar due to its low K content, which is 
contradictory to the logged mineralogy. Additional chemical analysis of representative samples of 
the said textural class is recommended. 
 

4.3.2 Bond Work Index (BWI) 

Aside from chemical analysis, another important test required to characterize ores is through 
comminution testing. For this study, BWI is calculated through a geometallurgical comminution 
testing designed by Mwanga (2016). Although the Aitik plant uses an autogenous grinding circuit 
while the test is suited for ball mill circuit, it can still be used to relatively describe the hardness of 
the material. Further testing is required, i.e. for autogenous grinding, for each textural class if 
simulation of comminution behavior in the plant is aimed in the future. 
 
The copper content based from assay data and BWI for the different textural classes is plotted in 
Figure 33. The pegmatite rock, C1, gives the highest BWI values. The classes situated in the main 
ore zone, except for 3A, have relatively high BWI. On the other hand, quartz diorite rocks have a 
wide range of BWI, wherein altered classes C9A, C9B and C10B give lower BWI than their 
equivalent less altered classes. Footwall and hanging wall rocks have the lowest BWI. 
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Figure 33 BWI and copper content of different textural classes with standard deviation as error bars. Note that multiple assays were only 
undertaken for classes with error bars.(Data taken from Bilal 2017) 

To summarize, the textural classes can be identified having the characteristics outlined in Table 11 
and plotted in Figure 33. Ore hardness is defined by the BWI values and resistance to scratch while 
copper content and Cpy:Py/Po ratio is based on logged chalcopyrite and/or Cu assays. Ore 
hardness is an important factor to assess process efficiency as it will directly affect the throughput, 
energy requirements of the plant and liberation of minerals. Chalcopyrite to pyrite/pyrrhotite ratio 
is another important characteristic since Fe-sulphides can cause problems for liberation, flotation 
chemistry and copper concentrate quality. In addition, too much Fe-sulphide in tails may lead to 
environmental problems, i.e., high acid production. 
 
Table 11 Classification of textural classes of Aitik based on ore hardness and copper content 

Class Description Ore Hardness Copper Content Cpy:Py/Po ratio 

C1 Pegmatite Very Strong V. Low  

C2 Biotite-feldspar gneiss Weak V. Low  

C3A 
Biotite-plagioclase-qtz gneiss 

 
Moderate Int Low 

C3B Pink K-feldspar altered C3A Strong High Low 

C4 Fine-grained biotite gneiss Moderate Int V. Low 

C5 
Strongly amphibole altered  

bt gneiss* 
Moderate High High 

C6 Muscovite schist Strong High Int 

C7A Strongly K-feldspar altered 
bt-qtz gneiss 

 

Strong Int Low 

C7B Strong High Int 

C8 Quartz monzodiorite (‘light’) Moderate Int Low 
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C9A 
Altered quartz monzodiorite 

 
Weak Low Int 

C9B Pink K-feldspar altered C8 Weak Int Int 

C10A 
Micro-quartz monzodiorite 

 
Moderate Low Low 

C10B 
Altered micro-quartz 

monzodiorite 
 

Weak Low Low 

C11 
Feldspar-amphibole-biotite 

gneiss 
Weak Int - High High 

*estimated from drill core logging only   

By integrating the microscopic analyses against the macroscopic against the characteristics listed 
above, it is possible to deduce some link on mineralogy and texture within different scales and how 
it can affect the mineral processing performance. Classes with high amounts of quartz in the 
groundmass tend to have higher BWI; this is expected given that quartz is higher in the Mohs’ scale 
of hardness as compared to other minerals. The link between mineralogy and comminution have 
already been assessed previously, some works addressed the definition of models to estimate 
comminution indices through modal mineralogy (Hunt et al. 2013; Mwanga et al. 2015). 
Considering this, it is possible to deduce a work index model for each class after a thorough study 
of mineralogy and comminution tests have been conducted.  

In terms of mineralization, higher chalcopyrite content is observed with classes with amphibole 
alteration as well as with presence of pink K-feldspar. Chalcopyrite occurs with pyrite and 
magnetite, the latter typically rimming the sulphides. Garnets are also found within some classes 
rimming the chalcopyrite. This association will produce different liberation data for chalcopyrite; 
where especially that garnet has similar hardness as quartz. 
 
5 PART 2: CLASSIFICATION PERFORMANCE 

This section will describe how different feature extraction schemes perform for image and pixel 
(mineral mapping) classification. 
 
5.1 Image Classification and Feature Extraction Time 

Different feature extractor schemes were employed in this study to determine the most suitable 
method which can be utilized for image classification of drill core textures. To evaluate the 
performance of the different schemes, cross-validation of the results (100 iterations) using Random 
Forest classifier was conducted. 
 
Figure 34 shows the classification accuracy and the extraction time for the different feature 
extractor schemes. The extraction time is based on the time required to run the extraction algorithm 
in MATLAB using a computer at Luleå University of Technology with Intel® Xeon® CPU E5-
2650 v3 with two 2.30 GHz processor, 256 GB of RAM and Windows 10 64-bit OS. 
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Figure 34 Plot of extraction time against average classification accuracy for 100 iterations. 

As expected, better accuracy is obtained using more complex algorithm to quantify textures but in 
the expense of processing time. Highest accuracy of 99.0% is obtained by combining the four 
feature extraction schemes (i.e. RGB-based Line Local Binary Pattern (LLBP-RGB), Gabor feature 
vector (Gabor), Segmentation-based fractal analysis (SFTA) and Discrete approximation of Meyer 
wavelets for two levels (DMey-2L)); however, this is impractical since the extraction time is more 
than double to any of the other individual feature extraction scheme yet the gain in the classification 
accuracy is not very significant. From individual feature extraction schemes, LLBP-RGB provides 
the highest classification accuracy with 98.4% but gives the highest feature extraction time of up to 
1.6 seconds. This method is well-suited for drill core classification since it takes into account the 
textural patterns for each color channel in RGB images as compared to other extraction schemes 
which uses B/W images. 
 
Gabor also gives good result of up to 95.9% with only two-fifth of the feature extraction time of 
LLBP-RGB. Interestingly, features extracted from basic image statistics and histogram (Basic), give 
a high classification accuracy of up to 94.5% with very low extraction time of only 0.05 seconds. 
However, caution must be made using Basic as feature extraction method since the features are 
mostly based on the input image’s grey level distribution. This method does not give much 
information towards structure and arrangement of forms; e.g. a coarse-grained and fine-grained 
sample with same mineralogy will give similar histogram. Nonetheless, the basic textures can 
complement other feature extraction schemes to upgrade their classification accuracy without much 
increase in their extraction times. For example, Local Binary Patterns (LBP) with Basic will yield up 
to 95.5% classification accuracy while having only 0.20 seconds of extraction time. A combination 
of DMey and Basic feature extraction methods produced a classification accuracy of 98.0 % with 
only 0.66 seconds of extraction time. This combination gives the best result if both classification 
accuracy and extraction time is accounted.  Detailed results of the classification performance can be 
found in Appendix Table 6. 
 
To check for overfitting of data, training data was reduced incrementally through random selection 
of images. Classification model is re-evaluated using the reduced training data with results plotted in 
Figure 35. Accuracy is retained at more than 95% even with only 40% of the original training data 
which confirms the robustness of the classifier. Steep drop in accuracy is observed when less than 
10% of the original training data was used. This suggests that at less than 10%, the classification 
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model does not have enough inputs to distinguish the classes.  
 

 
Figure 35 Percentage of original data used for training plotted against the classification accuracy 

5.2 Segmentation Features 

Similar to image classification, image segmentation (mineral mapping) will require unique features to 
identify each mineral. For all the images, a default feature is the grayscale intensity while RGB 
images will include hue, saturation and brightness. The other features are assessed based on their 
performance. Classification performance of each feature extraction scheme was assessed visually 
and through cross-validation of the training set. Since highest accuracy of mineral identification is 
desired using limited RGB data, time of extraction was not taken into consideration.  The results 
from cross validation are shown in Table 12.  
Table 12 Classification performance of different texture extraction scheme using cross-validation for selected samples. Accuracy is based on the 
average percentage of correctly classified instances for 10 iterations. 

Feature Extraction Scheme 

Macroscale RGB 
images (C11) 

Microscopic 2D 
SEM-EDS (C5) 

Microscopic 3D 
μXCT (C5) 

Accuracy 
(%) 

RMSE 
Accuracy 

(%) 
RMSE 

Accuracy 
(%) 

RMSE 

Default 91.16 0.13 96.27 0.10 75.01 0.20 

Anisotropic diffusion 99.83 0.03 99.96 0.03     

Bilateral 98.52 0.06 99.73 0.04     

Derivatives 97.19 0.08 99.81 0.03     

Difference of Gaussian 98.24 0.06 99.27 0.04     

Entropy 99.94 0.03 99.95 0.03     

Gabor 98.95 0.06 99.91 0.03     

Gaussian 99.25 0.05 99.96 0.03 90.31 0.14 

Hessian 99.53 0.06 98.41 0.06     

Kuwahara 99.14 0.05 99.27 0.04     

Laplacian 97.98 0.07 99.17 0.04     

Lipschitz 97.77 0.07 99.23 0.04     

Maximum 99.16 0.05 99.96 0.03 79.49 0.19 

Mean 99.27 0.05 99.95 0.03     
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Median 99.53 0.04 99.90 0.03 75.68 0.20 

Membrane projection 99.38 0.04 99.82 0.03     

Minimum 99.81 0.03 99.96 0.03 80.23 0.18 

Neighbors 99.70 0.05 100.00 0.03     

Sobel 98.80 0.06 99.50 0.05     

Structure 99.87 0.03 99.96 0.04     

Variance 98.80 0.06 98.91 0.04 82.00 0.19 

Edges         84.40 0.17 

All 96.97 0.08 97.95 0.07 70.63 0.20 

Entropy + Difference of 
Gaussian + Neighbors 

100.00 0.03         

Neighbor + Gabor + Median + 
Bilateral 

    100.00 0.04     

Gaussian + Edges + Minimum 
        96.44 0.10 

+ Maximum 

 
It is worth noting that Default, which contains the basic image color properties, namely grayscale 
intensity, hue, saturation and brightness, gives the lowest classification accuracy. This suggests that 
simple color thresholding is not sufficient to produce high quality mineral maps. Entropy provides 
the highest classification accuracy for the macroscale RGB images. In conjunction with Difference 
of Gaussian and Neighbor, the most accurate results and best segmentation was achieved. Neighbor 
and Entropy gives data on local noise or how close edge features are (e.g. garnet typically occurs in 
clusters as compared to feldspar which are typically interconnected within the groundmass) while 
Difference of Gaussian allows better detection of relatively small objects and is effective in 
removing anomalously bright and dark spots which are not physically present (e.g. reflection of 
some minerals especially for the case of pyrite and chalcopyrite). 
 
For the microscale 2D images, most suitable features are Neighbor, Gabor, Median and Bilateral. 
Aside from giving the highest classification accuracy, Neighbor is especially helpful in determining 
edges values especially for minerals with specific occurrences and association (e.g. magnetite 
overgrowth on pyrite and chalcopyrite). Gabor filter can detect oriented image features (e.g. biotite 
laths are easier to detect against amphibole despite having very similar intensity values). Median is an 
averaging technique that can help smoothen the data and reduce noise. Bilateral works similar to 
Median but preserves edge information. 
 
The microscale 3D images utilized the 3D filters, namely, Gaussian blur, Edges, Minimum and 
Maximum. Gaussian blur is also an averaging technique used to smoothen data and remove noise. 
Edges, Minimum and Maximum allow identification of minerals and detect edges. These are very 
useful for the 3D tomography data since the boundaries of mineral phases are not sharp but rather 
transitionary, averaging the values of the neighboring mineral phases. The width of the transitionary 
boundary can range from two to five pixels depending on the differences of grayscale intensity 
values of the neighboring mineral phases. Thus, distinction between minerals especially intergrowths 
are very difficult. This is also the reason for lower classification accuracy as shown in Table 12. 
  
5.3 3D Segmentation 

Comparing 2D and 3D segmentation gives crucial information on the effect of studying 3D 
minerals and their distribution using 2D analytical methods such as drill core scanning, optical 
microscopy and SEM. This can provide insight in determining the stereological error for a given ore 
class. Figure 36 shows the original images and mineral maps produced from SEM-BSE image and 
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an equivalent image slice of µXCT for a muscovite schist sample (C6). The SEM-BSE image is 
taken at 19.8 micron resolution while the µXCT 3D data is at 14.5 microns. It is notable that the 
µXCT produced lower quality mineral maps despite having higher resolution images. Only five 
mineral phases were distinguished in the µXCT mineral map, namely, chalcopyrite, pyrite, quartz, 
garnet and muscovite (i.e. muscovite phase accounts for all other K- and Fe-rich silicates). 
Magnetite was also not distinguished since its grayscale intensity overlaps with chalcopyrite, occur as 
fine grains, and only accounts for less than 0.4 vol % based from the produced SEM mineral map.  
 

 
Figure 36 (A) SEM-BSE image and (B) equivalent µXCT image slice while (C) and (D) are the generated mineral maps, respectively. It is 
notable that the µXCT image slice is more blurred as compared to the SEM-BSE image. Note that the K-feldspar veinlet (blue) in SEM 
mineral map is indistinguishable in µXCT mineral map. 

Modal mineralogy was extracted from the mineral maps based on SEM image, its equivalent 2D 
µXCT image slice and 3D µXCT data. Note that muscovite accounts for all the other K- and Fe-
rich gangue minerals. The results are shown in Figure 37. 
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Figure 37 Modal mineralogy (Vol %) extracted from mineral maps produced from SEM-BSE image, its equivalent 2D image slice in 
µXCT, and the 3D µXCT data 

SEM-based and µXCT 2D image slice shows minimal differences. The 2D µXCT image slice 
underestimates chalcopyrite content for only 0.2% and overestimates the pyrite content by 0.2%.  
This can be due to misclassification since there is a very narrow contrast between the linear 
attenuation coefficients between the two minerals as shown in Figure 12. Overlapping grayscale 
values between the two sulphides is clearly observed in Figure 38. The data is taken from the 
training data used for producing the 2D µXCT mineral map in Figure 36. Simple thresholding is 
thus impossible to apply for this case. Gangue mineralogy, despite having overlapping greyscale 
values, is still identifiable based on the general trend, i.e. quartz having the lowest, muscovite and 
other K- and Fe- rich minerals are intermediate and garnet as the highest. This pattern coincides 
with the density of the minerals which is 2.65 g/cm3 for quartz, 2.8 g/cm3 for muscovite, and garnet 
at 3.93-4.30 g/cm3 (Lamberg et al. 2009) . Calculated gangue mineralogy between the SEM and 2D 
µXCT mineral map gives an absolute difference of 1.6% for quartz, 0.5% for muscovite and 1.2% 
for garnet.  
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Figure 38 Box plot of the grayscale values and different mineral phases identified in the 2D µXCT mineral map shown in Figure 36D 

Modal mineralogy between the 2D and 3D µXCT mineral maps shows significant difference for all 
mineral phases which can be accounted as stereological error. Chalcopyrite is highly underestimated 
in the 2D slice, with the volume percentage amounting to only half of the calculated value from the 
whole 3D sample.  
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Chalcopyrite grain size distribution was also compared for the SEM image, µXCT 2D image slice 
and µXCT 3D mineral maps as shown in Figure 39. Significant discrepancy in grain size is observed 
between the SEM and µXCT 2D image slice. It is notable that less fine-grained chalcopyrite is 
distinguished in µXCT mineral map. Despite having higher resolution, µXCT images are less sharp. 
Mineral phase boundaries are typically gradational, that is, boundary gradually transitions to the 
value of the neighboring mineral phases. This transitional boundary can cause misidentification 
since they are typically a couple pixels thick and the grayscale value may overlap with other mineral 
phases as it transitions to the neighbor pixel value. Figure 40 shows a good example of chalcopyrite 
grains with thick transitional boundaries, causing misclassification to pyrite. The smallest grains are 
not identifiable in the µXCT image due to limited resolution effect, wherein the resulting voxel 
value represents the average attenuation property of different mineral phases present within the 
voxel. Discrepancy between the 2D and 3D µXCT is accounted as stereological error. 
 

 
Figure 39 Grain size distribution for (left) SEM mineral map and µXCT 2D image slice of the same section and (right) for µXCT 2D 
image slice and µXCT 3D volume 

Table 13 Chalcopyrite size distribution values presented in microns. 

 d80 d50 d20 

SEM Mineral Map 128.1 89.4 35.4 

2D µXCT Mineral Map 148.2 120.9 74.0 

3D µXCT Mineral Map 121.5 88.3 43.8 

 

 

Figure 40 (A) SEM mineral map, (B) µXCT image slice and (C) µXCT mineral map. Arrow indicates chalcopyrite grains(red) with thick 
transitional boundary misclassified as pyrite (green). Small chalcopyrite grains (encircled) are indistinguishable in the µXCT data. 
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Blurred phase boundaries as shown in Figure 40 can be attributed to finite resolution problem. 
Resolution for X-ray Computed Tomography should be about 1000x to 2000x of the object’s cross-
section (Ketcham 2007). For this study, the resolution of the X-ray computed tomography is 
approximately around 1900x the sample diameter. Since it is observed that the resulting image is not 
properly resolved, decreasing the sample size is thus recommended. 
 
5.4 Limitations 

Based on the results of this study, the method employed for image classification and segmentation is 
applicable for macroscopic and microscopic images. However, there are several critical factors that 
must be accounted to produce reliable results. These are the accuracy of training data, image 
artifacts, image resolution and computing requirements. 
 
5.4.1 Accuracy of Training Data 

The training data serves as the ‘teacher’ for both the image classification and segmentation such that 
a computer can recognize an image (or parts of it) in a same way a human does. The computer must 
be able to classify images unattended and produce same results when done repeatedly. The result’s 
precision will highly depend on the robustness of the classification scheme while accuracy will be 
greatly influenced by the training data. 
 
As errors do accumulate through the process, it is essential that the training data must be set at the 
highest accuracy as possible. For the drill core photography dataset, the training data for mineral 
identification is done by manually selecting minerals on the RGB images. Although the expert can 
do other tests in the physical drill core (e.g. scratch or acid test), the software can only extract 
features from the RGB images. Primarily, the main characteristic feature that determines the mineral 
is its color (i.e. hue, saturation and brightness) and secondarily its shape and neighborhood 
associations. Color alone is not a reliable distinguishing characteristic of a mineral. Several minerals 
have similar color; much more, minerals may have a variety of color due to changes in composition 
or presence of impurities. Thus, it is important that the training will be done in a well-studied 
textural class. By limiting the mineral data in a particular textural class, the trainer can do a more 
thorough study of each textural class through microscopy and compare the microscopic data against 
the macroscopic appearance of the minerals. This gives confidence to the identification of the 
minerals by the trainer as the amount of minerals and their occurrence have been significantly 
decreased per textural class. For example, textural class 3 has several biotite laths while for class 7 
these laths have already been chloritized. The mineral color may be very similar especially at finer 
grain size; however, knowing that the laths are associated for a particular mineral will allow the 
trainer to identify them properly in the software. 
 
As for the microscale 2D mineral mapping, the training data are based on the difference in grayscale 
intensity of minerals in the BSE images and complemented by electron microprobe analysis and 
optical microscopy. This method is similar to how QEMSCAN mineral maps are done but of less 
amount of grain analyzed using EDS. As compared to the reflected color identified in the RGB 
images, the training data in the microscale 2D mineral mapping contains data that is related to the 
differences in the mineral composition and crystal structure of the minerals. Thus, better 
characterization is observed for the microscale 2D mineral mapping than that of the macroscale 
RGB images.  
 
The 3D tomographic data was segmented using the 2D SEM mineral mapping as its training data. 
For this study, the 2D SEM image was taken on the top slice of the sample. However, it is observed 
that gray level intensity also varies vertically, that is, top and bottom slices tend to be darker. An 
example is shown in Figure 41 showing the line profile of the intensity values between a top and 
middle image slices. Direct 3D segmentation cannot be applied since the histogram of the reference 
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image does not match with the majority of the slices. Histogram matching was employed to address 
this problem; however, the minerals are still less distinguishable as shown in Figure 41.  

 
Figure 41 Comparison of two image slices from µXCT data for sample 11 showing a line profile of their gray scale intensity values. Pyrite 
and chalcopyrite are almost indistinguishable based on the gray scale values in the top slice as compared to the middle slice. In addition, 
grayscale values for the top slice ranges from 7500 to 37000 while the middle slice ranges from 19000 to 45000 despite having similar 
mineral suite. 

It could be stated that image classification and segmentation accuracy will depend highly (but not 
solely) on its training datasets. Since the training data will be the base knowledge for further 
classification and processing, it is crucial that minimal error is accumulated in this stage. Detailed 
mineralogical study at macroscopic and microscopic level must be done to acquire an accurate and 
precise training data.  
 
5.4.2 Image Artifacts 

Several image artifacts were encountered for all data sets in this study as shown in Table 14. For drill 
core photography images, they are mostly pen marks and illumination problem. For SEM-BSE 
images, uneven illumination is observed for all stitched images. Given that simple thresholding 
cannot be applied, Trainable Weka segmentation is proven useful. Charging artifacts are also 
observed for some samples. This can be prevented by properly coating the sample with carbon. X-
ray tomography dataset has the most image artifacts encountered among the previously stated 
datasets. The μXCT data contains both beam hardening and ring artifacts. These artifacts can be 
corrected to some extent through image analysis but cannot be totally removed. Although it is still 
possible to produce mineral maps by applying corrections as indicated in Table 14, mineral mapping 
can be done at greater ease and with less training data requirements if these artifacts are not present. 
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Table 14 Image artifacts with recommended corrections.
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5.4.3 Image resolution 

Image resolution is a crucial factor especially for extracting textural parameters such as modal 
mineralogy, grain size and association index. To identify the effect of this parameter, drill core line 
scan images were utilized since they were taken using two different resolutions. ‘Line-by-line’ scan 
was taken at high resolution with pixel size of 28 microns while ‘Entire Box’ is of low resolution 
with pixel size of 165 microns. These images are produced using the same camera but of different 
lenses and with controlled lighting. Both images used are processed using Trainable Weka 
Segmentation with the same classifier and filter settings. The training data are based on the 
identifiable minerals observed for both images. The textural parameters are extracted from the 
generated mineral maps and are shown in Figure 42. 
 

 
Figure 42 Extracted textural parameters from drill core line-scan images at different resolution 

Modal mineralogy of the major minerals between the two images does not show large differences. 
However, chalcopyrite content varies from 0.34 wt% in the high resolution image to 0.05 wt% in 
the low resolution image. This significant decrease is attributed to chalcopyrite grain size and image 
pixel resolution. As shown in Figure 42, 94% of chalcopyrite accounts for sizes lower than 84 μm as 
identified in the mineral maps produced from high resolution images. This chalcopyrite size is 
roughly half the resolution of the low resolution images, and thus, proper identification of these 
fine-grained chalcopyrite minerals will be implausible. Huge discrepancy is also observed for 
chalcopyrite associations between the two image resolutions. There is more chalcopyrite-quartz 
association observed at high resolution images. This can be because of the fine-grained chalcopyrite 
being mostly disseminated within the quartz groundmass while the coarse-grained chalcopyrite is 
mostly in veins where intergrowth with pyrite is typically observed.  
 
5.4.4 Computing Requirements 

Texture analysis is known to be a time-consuming process and for datasets with big volume of data 
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such as in μXCT, computational cost is also critical (Costa et al. 2012). For this section, all time 
measurements are based on the processing time using a computer specified in Section 5.1. As 
shown in Figure 34, a 512x512 RGB image may take from a fraction to couple of seconds just to 
classify. Generation of mineral maps takes up to 80 seconds in average. Extracting the modal 
mineralogy, association matrix and mineral size distribution generally last for approximately 16 
seconds. If other processing requirements are accounted for, a 512x512 RGB image will already 
require roughly around two minutes of processing time. X-ray tomography data, on the other hand, 
are processed in 3D and thus have higher time and memory requirements. The 25-mm diameter 
core samples at 15 microns pixel resolution requires approximately 15 hours to produce a mineral 
map, not including the training time. Extracting the modal mineralogy, association matrix and 
mineral size distribution last for roughly three hours. Thus, improvements in the processing of data 
and technological developments in the hardware to be used must be taken into account for future 
studies. 
 
6 DISCUSSION 

This study aims to identify, classify and quantify textures of the Aitik ore deposit in Sweden. This is 
performed in two stages, first, through macroscopic and microscopic ore characterization and 
classification, and second, through machine-learning image classification and segmentation. 
  
6.1 Textural classification 

In this thesis study, eleven major textural classes based on core samples from the Aitik mine 
provided by New Boliden AB, were identified. These textural classes are distinguished by their 
unique textures, ore hardness and copper content. The classes can be visually identified by different 
distinguishing features both macroscopically and microscopically. Correlation between mineralogy 
against ore hardness and copper content were also observed. 
 
The remaining question is whether the identified textural classes can be utilized as geometallurgical 
classes for process modelling and simulation. This is only possible if more metallurgical testing is 
performed for representative samples of each class. The results from these tests can then be tied 
with the textural classes which can be used to predict the processing variability of the ore body 
(Hunt et al. 2009; Lund 2013; Nguyen et al. 2016). Integrating the textural classes with their 
metallurgical performances will be a cost-effective method since texture classification can be 
implemented through optical image systems which can be easily deployed to handle large amount of 
samples. 
 
Additionally, textural classification can be applied to improve efficiency of automated mineralogical 
systems. Currently, automated drill core scanning using hyperspectral images give poor results 
despite having advanced imaging techniques (Arqué Armengol 2015). These systems implement a 
‘fit-for-all’ method which tries to differentiate all minerals based on a specific property, as for 
example through their spectral signatures which can be overlapping for several minerals. Limiting 
the number of minerals to the numbers of identified minerals in the textural class can ease mineral 
identification. Accurate mineral maps through image segmentation were done by creating classifier 
for each textural class. Using a ‘generic’ classifier gives poor results. In addition, creating 
geometallurgical classes can help simplify the parameters required for process simulation. 
 
6.2 Machine-learning classification  

Machine-learning technique for automatic classification and segmentation is shown to be a powerful 
method to automatically classify images and produce mineral maps where quantifiable textural 
parameters can be extracted. Several studies have been undertaken to produce feature extraction 
algorithms (Costa et al. 2012; Haralick et al. 1973; Haghighat et al. 2015; Sung et al. 2006) which are 
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applicable for image classification and segmentation. In this study, efficient line local binary pattern 
(Skarbnik 2015) gives the highest classification accuracy of up to 98.4% but requires the longest 
extraction time. This trade-off between accuracy and computational complexity is a typical problem 
encountered for this technique (Chen et al. 2012; Costa et al. 2012).  Knowing which variable will be 
weighted more depends on the application of this method, e.g. highest accuracy is aimed for mineral 
identification if extracted modal mineralogy will be further used for geometallurgical modelling and 
simulation.  
 
Simple thresholding of images is also found not sufficient to produce high quality mineral maps for 
all datasets in this study. Applying feature extraction schemes, which incorporate local 
neighborhood data to identify edges, phase association and directional patterns, greatly improved 
identification of different minerals despite overlapping color properties. X-ray microtomography 
dataset is observed to be the most difficult to segment due to presence of several image artifacts, 
equipment limitations in terms of resolution, narrow linear attenuation contrast between mineral 
phases and high computing requirement. Previous studies on producing mineral maps from X-ray 
tomography data were either applied to simpler ores with very few distinguished mineral phases or 
at smaller sample volume (Bam et al. 2016; Ketcham and Hildebrandt 2014; Kyle and Ketcham 
2015; Reyes et al. 2017; Zhang et al. 2017). The stated problems must first be addressed in assessing 
the applicability of X-ray microtomography as a geometallurgical characterization tool for this type 
of deposit. 
 
Accuracy of training data is another critical factor in the success of this methodology. The accuracy 
of the training data will rely on the expertise of the ‘teacher’ and if distinguishable features can be 
identified between different classes. This makes this method still ‘subjective’ both to the teacher and 
the type of data. Nonetheless, consistency is expected since same classification scheme will be 
applied for other images. 
 
6.3 Application 

Application of the methodology employed in this study can offer an option to rapidly classify rocks 
and identify minerals with less physical work and cost. This method can be utilized from exploration 
to mine site planning and optimization. To be able to visualize the machine classification process, a 
prototype graphical user interface named “MATEX–Texture Classifier” was developed using 
MATLAB (Figure 43). This utilizes functions mat2weka (Dunham 2009) and MIJ (Sage et al. 2015) 
to allow data exchange between MATLAB, Weka and ImageJ. 
 
The interface is created such that the user can easily classify images of drill cores using the selected 
feature extraction scheme. This program is capable of identifying the textural classes of a selected 
image, produce its corresponding mineral map and extract quantified textural parameters. A 
threshold in the classification error can also be applied to constraint the system from classifying 
images that are texturally different. Note that the training data for the classifier and mineral mapping 
process must be uploaded beforehand for each textural class. Updates to the training data can only 
be done in the back-end by re-processing all the training sets in MATLAB, Weka and ImageJ. 
Currently, images are uploaded manually into the system by selecting the image folder directory. 
However, further developments can extend this to on-line image uploads to complete automation 
of the process. The program can also be designed using other software development platforms or 
programming languages (e.g. C++, Python, Java, and R).  
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Figure 43 MATEX-Texture Classifier user interface 

7 CONCLUSION 

The image classification and segmentation technique utilized in this study occupies a distinct niche 
in the geometallurgical toolset. Textural classification and mineral map production from basic drill 
core photographs has a huge potential to be used as an inexpensive ore characterization tool. 
However, it should be noted that this technique requires ‘experts’ to generate an accurate training 
data especially for mineral identification. Thus, proper ore characterization is important to be 
performed before applying automatic machine classification.  
 
Further work should focus on the following: 

- applying this method to a larger image dataset and other deposit styles to check the 
robustness and flexibility of the technique, 

- improving efficiency for faster processing through parallel computing or cloud processing of 
large amounts of data,  

- investigating other machine learning classification methods, e.g. convolutional neural 
networks and support vector machine,  

- improving 3D segmentation by removing image artifacts, increasing reference image slices,  
decreasing resolution to sample size ratio and applying different or multiple X-ray energy 
levels, 

- applying image classification and segmentation process on other image sources, e.g. 
hyperspectral cameras, X-ray imaging and Terahertz imaging,  

- extending the study to particle breakage simulation such that extracted quantified textural 
information can be fully incorporated in a process model, and 

- developing an industrial prototype for automated logging system through drill core scanning 

using RGB images.  
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9 APPENDICES 

Appendix Table 1 Properties of different wavelet families(Nava 2006) 
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Appendix Table 2 Image acquisition parameters for drill core photography 

  DSLR  Line By Line  Entire Box  

Camera Canon Pro 815 with 2/3" 
CCD sensor 

Basler ruL2098-10gc -color 

Light 3 TLS HE Fluorescent Lamp 
28W G5 830 

Lumonite Air 1500 

Luminous Flux (lm)   1500 

Color Temperature (K)   6860 

Conveyor movement 
speed (mm/s) 

  64 

Optics   Carl Zeiss Macro Planar 
2/100 ZF 

Cosmicar/Pentax 
YF5028 

Focal Length (mm)   100 50 

Exposure Time (μs) 100 100 180-300 

Red channel gain   300 285 

Green channel gain   40 45 

Blue channel gain   105 110 

Drill core -to-optic 
Distance (mm) 

450 260 627 

Field of View (mm)   58 347 

Pixel size (mm) 0.05 0.03 0.17 

Shutter Speed (sec 1/20   

Aperture F2.2   

ISO 50   

Color Space sRGB   

 
Appendix Table 3 Feature extraction schemes for textural image classification 

Name Feature Extractor Description No. of 
Features 

Reference 

Gabor Gabor Filter Bank Mean and standard deviation of the response 
from each filter in the Gabor filter bank 
generated with 8 orientations and 5 scales 

80 Haghighat et 
al. 2015 

LBP Local Binary Pattern Normalized histogram values of the extracted 
LBP features for 32 bins 

32 Ojala 1996 

LLBP 
RGB 

Efficient Line Local 
Binary Pattern 

Histogram values of the extracted features from 
efficient local binary pattern for 64 bins 

63 Skarbnik 
2015 

SFTA Segmentation-based 
Fractal Analysis 

SFTA feature vector using 8 thresholds; mean 
and area of thresholded binary image and fractal 
dimension from the image borders 

48 Costa et al. 
2012 

Haar 
(level) 

Haar Wavelets/Gray 
Level Co-occurrence 
Matrix (GLCM) 

returns the GLCM values, contrast, correlation, 
energy, homogeneity calculated from the Haar 
wavelet decomposition of the images  (detail and 
approximate coefficients) 

64 Koch 2017, 
Poon 2012 

DMey 
(level 

Discrete Approximation 
of Meyer Wavelets 
(DMey)/Gray Level Co-
occurrence Matrix 
(GLCM) 

returns the GLCM values, contrast, correlation, 
energy, homogeneity calculated from discrete 
approximation of Meyer wavelet decomposition 
of the images  (detail and approximate 
coefficients) 

64 Poon 2012 

Basic Basic statistics from 
image and histogram 

entropy, mean, skewness, standard deviation, 
histogram values of 16 bins, and entropy 

21  
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Appendix Table 4 Feature extraction schemes utilized in the Trainable Weka Segmentation plugin (Summarized from Arganda-Carreras et 
al. 2017)  

Feature 
Extraction 
Scheme 

Description 

Default contains original image values:  grayscale intensity for B/W images and hue, saturation, 
brightness for RGB images 

Anisotropic 
diffusion 

is an edge-preserving averaging technique that creates a convolution between the image and 2D 
Gaussian filter at different width. This is calculated with 20 iterations, σ smoothing per 
iterations, a1=0.10, 0.35, a2=0.9, and an edge threshold set to the membrane size. 

Bilateral average of the values around the target pixel that are 'close' in color l (i.e. 'closeness' of other 
neighborhood pixels to the current pixels is determined by the specified threshold) 

Derivatives* calculates the 4th, 6th, 8th and 10th order derivatives of the input image 

Difference of 
Gaussian* 

calculates two Gaussian blur images from the original image and subtracts one from the other 

Entropy calculates the entropy of the histogram of a circle of radius r (σ value) around the target pixel. 
Number of bins in the histogram is equal to 32, 64, 128 and 256  

Gabor convolves several kernels at different angles with an image to allow edge detection. It is a band-
pass filter which implements frequency transformation  

Gaussian blur* performs n individual convolutions with Gaussian kernels with the normal n variations of σ 

Hessian* calculates a Hessian matrix H at each pixel after Gaussian blur with varying σ is performed. 
Final features include module, trace, determinant, first and second eigenvalues, orientation, 
gamma normalized square eigenvalue difference and square of gamma-normalized eigenvalue 
difference 

Kuwahara Is a noise-reduction filter that utilizes linear kernels which uses three different criteria (Variance, 
Variance/Mean, and Variance/Square of Mean). Membrane patch is used as size kernels and 
considers 30 angles. 

Laplacian* computes the Laplacian of input image using a smoothing scale of σ 

Lipschitz implements Lipschitz cover of an image that is equivalent to a grayscale opening by a cone. 
This slowly eliminates varying image background through subtraction of the Lower Lipschitz 
cover. Down and top hats combination with slope s = 5, 10, 15, 20, 25 are used 

Maximum* calculates the maximum of the pixels within a radius of σ pixels from the target pixel 

Mean* calculates the average of the pixels within a radius of σ pixels from the target pixel 

Median* calculates the median of the pixels within a radius of σ pixels from the target pixel 

Membrane 
projection 

is a directional filter which allows detection of membrane-like features. Thirty kernels of varying 
direction is created and convolved with the image, The set of 30 images are projected to a single 
image using the sum, mean, median, maximum, minimum and standard deviation of the pixels 
in the image. 

Minimum* calculates the minimum of the pixels within a radius of σ pixels from the target pixel 

Neighbor shifts the image in 8 directions by a certain number of pixel σ to create 8n feature images. 

Sobel Is an edge detection technique that calculates an approximation of the gradient of the image 
intensity at each pixel 

Structure* calculates the eigenvalues (smallest and largest) of the structure tensor using a smoothing scale 
σ and integration scales 1 and 3 

Variance* calculates the variance of the pixels within a radius of σ pixels from the target pixel 

Edges* available only for 3D segmentation, this utilizes Canny edge detection, which calculates the 
gradient magnitude, suppression of locally non-maximum gradient magnitudes, and (hysteresis) 
thresholding 

* available for Trainable Weka 3D Segmentation 
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Appendix Table 5 Calculated modal mineralogy in area % based on drill core mineral maps 

Class C1 C2 C3A C3B C4 C5 C6 C7A C7B C8 C9A C9B C10 C11 

Rock type pegmatite 
HW bt-
gneiss 

bt-qtz-
fsp 

gneiss 

k-spar 
altered 

bt 
gneiss 

fine 
grained 

bt 
gneiss 

scapolite 
altered 

hbl-plag 
gneiss 

ms 
schist 

red and 
black 

banded 
gneiss 

k-spar 
and ep 
altered 
gneiss 

QMD 
dark 

QMD 

k-spar 
altered 
QMD 

micro-
QMD 

FW fsp-
hbl-bt 
gneiss 

chalcopyrite 
    

0.2 2.4 1.1 
 

0.3 
 

0.1 
  

0.3 

pyrite 
  

1.1 0.6 6.1 0.4 3.3 
 

2.2 1.7 0.5 0.1 2.1 0.3 

pyrrhotite 
    

3.7 
         

magnetite 
 

2.7 1.6 3.4 5.5 0.8 6.1 1.0 0.3 0.1 0.1 0.1 0.7 0.9 

hematite 0.5 
             

white quartz-feldspar* 66.0 61.9 57.2 51.4 63.3 39.7 0.0 55.9 35.4 29.0 49.7 23.0 
 

pink K-
feldspar 

30.8 2.4 
 

7.4 
   

33.3 1.7 
 

0.4 3.8 0.1 
 

quartz 39.8 
  

0.9 
   

21.0 
      

plagioclase 26.7 
 

23.3 20.4 
    

7.1 40.1 58.3 44.2 52.7 52.1 

biotite 
 

22.6 7.8 7.1 25.5 5.6 3.7 
  

22.7 11.5 2.0 18.6 2.7 

hornblende 
    

7.1 23.4 
      

0.1 36.7 

chlorite 
 

5.1 1.9 0.1 
   

8.1 32.5 
     

muscovite 0.1 
     

46.0 
       

epidote 1.8 1.1 
 

1.5 0.4 3.7 0.0 36.3 
    

1.1 0.2 

titanite 
 

0.1 
          

1.6 
 

garnet 
  

2.5 1.3 0.1 0.3 0.1 0.3 
      

calcite 
             

6.9 

tourmaline 0.2 
             

* difficult to distinguish, especially for fine-grained rocks           
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Appendix Table 6 Calculated modal mineralogy in area % based on SEM mineral maps 

Class C2 C3A1 C3B-1 C3B-2 C4 C5 C6 C7A C7B C8 C9A C9B C10A C10B C11 

Rock type 
HW 
bt-

gneiss 

bt-
qtz-
fsp 

gneiss 

k-spar 
altered 

bt 
gneiss 

k-spar 
altered 

bt 
gneiss 

fine 
grained 

bt 
gneiss 

scapolite 
altered 

hbl-plag 
gneiss 

ms 
schist 

red 
and 

black 
banded 
gneiss 

k-spar 
and ep 
altered 
gneiss 

QMD 
dark 

QMD 

k-spar 
altered 
QMD 

micro-
QMD 

k-spar 
altered 
micro-
QMD 

FW fsp-
hbl-bt 
gneiss 

chalcopyrite 
  

0.03 0.24 0.88 8.50 1.81 0.08 0.66 0.04 0.05 0.23 0.20 
 

0.70 

pyrite 
  

0.20 0.05 1.88 0.72 1.24 0.63 0.19 0.03 
 

0.21 0.05 
 

2.50 

pyrrhotite 
    

6.28 
 

0.03 
     

0.01 
  

magnetite 3.26 1.00 0.94 0.10 3.40 
 

0.51 1.77 
   

0.14 0.22 0.03 1.25 

hematite 
       

0.72 
     

0.02 
 

quartz 14.38 19.48 17.68 25.09 5.56 1.68 38.74 
 

21.25 17.57 12.85 22.00 14.81 15.58 0.87 

K-feldspar 9.29 16.74 14.30 16.73 1.90 
 

5.24 
  

17.98 13.76 2.55 11.63 16.53 18.51 

plagioclase 21.70 33.79 15.54 12.75 62.20 33.82 3.26 70.58** 40.74 9.47 32.03 27.87 9.36 13.72*** 3.04 

biotite 49.66 28.60 51.00 39.30 13.55 
 

2.06 
 

31.05 53.93 40.44 36.87 55.97 52.99 50.20 

hornblende 
   

0.35 0.14 43.73 0.11 
    

9.28 3.84 
 

21.55 

chlorite 0.42 
 

0.01 1.72 1.72 
 

1.50 14.51 5.17 
   

0.31 
  

muscovite 
   

1.94 0.66 
 

41.87 
     

0.10 
  

epidote 0.68 
  

0.71 0.03 
 

0.45 9.87 
    

0.61 
  

titanite 
   

0.09 0.02 0.44 0.17 0.97 0.52 0.84 0.52 0.63 0.52 0.84 0.77 

garnet 
   

0.16 0.21 0.23 1.43 
 

0.02 0.01 
  

0.16 
  

calcite 
   

0.04 0.01 
 

0.52 
     

1.63 
 

0.10 

tourmaline 
   

0.05 0.29 
 

0.05 
        

apatite 0.61 0.40 0.31 0.37 0.25 3.60 0.52 0.87 
 

0.11 0.34 0.22 0.34 0.29 0.50 

zircon 0.01 0.01 
 

0.02 0.01 
 

0.02 
  

0.02 0.01 
 

0.02 0.01 
 

ilmenite 
   

0.15 0.74 
 

0.17 
 

0.40 
   

0.08 
  

scapolite 
     

7.27 
         

others* 
   

0.15 0.28 
 

0.29 
     

0.13 
  

* includes allanite, monazite, xenotime, sphalerite, galena, chalcocite, cubanite 
** contains 40.99% albite, *** contains 0.07% anorthite 
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Appendix Table 7 Classification performance of different feature extraction schemes for textural classification. Classification accuracy is based 
on the average percentage of correctly classified image. MCC, precision and recall are model evaluation metric produced in Weka (Witten et al. 
2011) 

Feature Extractor Feature 
Extractio
n Time 

per 
image 
(sec) 

Classificat
ion 

accuracy 
(100 

iterations 
) 

RMSE 

Time to 
build 
model 
(sec) 

Matthews 
Correlation 
Coefficient 

(MCC) 

Precision Recall 

Gabor feature vector 0.63 95.94 0.10 12.98 0.95 0.96 0.96 

SFTA 0.70 94.23 0.09 12.23 0.94 0.94 0.94 

Haar (1 Level) 0.43 90.22 0.13 14.02 0.89 0.90 0.90 

Haar( 2 Levels) 0.52 94.00 0.11 14.63 0.93 0.93 0.93 

DMey (1 Level) 0.45 91.65 0.11 14.11 0.91 0.92 0.92 

DMey (2 Levels) 0.61 94.17 0.10 13.68 0.93 0.94 0.94 

LBP 0.15 72.05 0.18 13.32 0.63 0.71 0.71 

LBP RGB 1.59 98.44 0.10 9.15 0.98 0.98 0.98 

DMey 1+2 & SFTA & 
Gabor & LBP & LBP 
RGB 

3.68 99.01 0.07 15.36 0.99 0.99 0.99 

Basic Textures 0.05 94.50 0.03 16.72 0.94 0.95 0.95 

Basic Textures & LBP 0.21 95.50 0.09 16.19 0.95 0.96 0.96 

Basic Textures  & DMey 
(1 Level) 

0.5 97.57 0.07 16.56 0.98 0.98 0.98 

Basic Textures  & DMey 
(2 Levels) 

0.66 97.99 0.08 19.41 0.98 0.98 0.98 

Basic Textures  & Gabor 0.68 97.73 0.08 17.20 0.98 0.98 0.98 

DMey 1+2 & SFTA & 
Gabor & LBP 

2.09 97.99 0.09 15.22 0.98 0.98 0.98 

Gabor & LBP RGB 2.21 98.29 0.09 12.34 0.98 0.98 0.98 

SFTA & Gabor  1.33 96.44 0.09 12.09 0.96 0.96 0.96 

 


