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Abstract 

X-ray microcomputed tomography (µCT) offers a non-destructive three-dimensional analysis 
of ores but its application in mineralogical analysis and mineral segmentation is relatively 
limited. In this study, the application of machine learning techniques for segmenting 
mineral phases in a µCT dataset is presented. Various techniques were implemented, 
including unsupervised classification as well as grayscale-based and feature-based 
supervised classification. Feature matching method is used register back-scattered electron 
(BSE) mineral map to the corresponding µCT slice, allowing automatic annotation of minerals 
in the µCT slice to create training data for the classifiers. Unsupervised classification 
produced satisfactory results in terms of segmenting between amphibole, plagioclase, 
and sulphide phases. However, the technique was not capable to differentiate between 
chalcopyrite and pyrite within the sulphide phase. Using supervised classification, around 
51-60% of the chalcopyrite and 97-99% of pyrite were correctly identified. Feature based 
classification was found having a lower sensitivity to chalcopyrite, but it offers a better 
result in segmenting between the mineral grains, as it operates based on voxel regions 
instead of individual voxels. The mineralogical results from the 3D µCT data showed 
considerable difference compared to the BSE mineral map, indicating stereological error 
exhibited in the latter analysis.  The main limitation of this approach lies on the dataset, 
in which there was a significant overlap in grayscale values between chalcopyrite and 
pyrite, therefore highly limiting the classifier's accuracy.

Keywords: X-ray micro-tomography (µCT); machine learning; mineral segmentation; feature-
based classification; feature matching 
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1.  Introduction1 
2 

There has been growing interest in X-ray microcomputed tomography (µCT) application in 3 
geosciences, due to its non-destructive characteristic that allows three-dimensional (3D) 4 
analysis of an object. µCT could potentially eliminate stereological errors exhibited by the 5 
conventional two-dimensional microscopy image analysis used for ore and rock samples, 6 
leading to a more accurate information about the samples. Rapid development of µCT systems 7 
currently allows higher spatial resolution up to nanometer scale (Ghorbani et al., 2011; Yang 8 
et al., 2017), as well as in-situ experiments such as leaching being performed during 9 
acquisition, allowing users to acquire 3D data as a function of time (Ghorbani et al., 2011; Lin 10 
et al., 2016a, 2016b). These developments are making µCT potentially a more attractive 11 
analytical technique for rock samples. 12 

Various applications of µCT systems in geoscience have been studied, including mineral 13 
liberation and grain analysis, pore and fracture analysis, and to, some degree, texture analysis 14 
(Garcia et al., 2009; Ghorbani et al., 2011; Jardine et al., 2018; Lin and Miller, 2005, 1996). 15 
Review studies have also been made that discuss the current and potential applications of µCT 16 
system in geosciences (Cnudde and Boone, 2013; Kyle and Ketcham, 2015; Maire and Withers, 17 
2014; Mees et al., 2003; Miller et al., 1990). Nevertheless, the current use of µCT for ore 18 
samples is more focused towards structural analysis of the samples, such as identification of 19 
pores and fractures in the sample (Deng et al., 2016; Ghorbani et al., 2011; Müter et al., 2012). 20 
Other cases include grain and particle size distribution of the ore sample (Wightman et al., 21 
2015), as well as particle shape analysis (Lin and Miller, 2005). In a recent case, textural pattern 22 
between the phases in a drill core sample was also analyzed using µCT system, mainly through 23 
correlation and association indexes between volume elements (voxels) in the 3D dataset 24 
(Jardine et al., 2018).  25 

While having a 3D structural analysis is important, having mineralogical information of the ore 26 
sample is also equally important. This is where µCT has limitations due to several reasons such 27 
as similar attenuations between mineral phases, limited resolution, and lack of automated 28 
mineralogical analysis software. Several techniques have been introduced to overcome these 29 
limitations, such as by adjusting the scanning conditions (Bam et al., 2019; Kyle and Ketcham, 30 
2015), calibration with SEM/MLA dataset (Reyes et al., 2017; Tiu, 2017), dual energy scanning 31 
(Ghorbani et al., 2011), as well as utilization of submicron resolution CT system (Lau et al., 32 
2012). 33 

The key in mineral phase segmentation in a µCT dataset is the difference of linear attenuation 34 
coefficient of the mineral phases.  This is affected by the two main attenuation mechanisms 35 
that take place during µCT scanning, which are photoelectric and Compton effect, in which 36 
the prevalence of both mechanism depends on X-ray energy level. Both mechanism dictates 37 
the interaction of the ray with the material, in which in photoelectric effect depends on the 38 
effective atomic number, while Compton effect depends on the density of the material 39 
(Omoumi et al., 2015). 40 

If the differences in attenuations are significant enough, simple thresholding techniques such 41 
as the one developed by Otsu (1979) can be used to set a threshold between the grayscale 42 
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values and subsequently differentiate the phases. This method has been used in segmenting 43 
pores / air and the mineral matrix, as well as heavy and light minerals (Andrä et al., 2013; Lin 44 
et al., 2016a, 2015; Reyes et al., 2017; Yang et al., 2017). Other techniques include maximum 45 
entropy thresholding (Kapur et al., 1985) which has been used by Lin et al. (2015) to identify 46 
metal sulphide grains in a mineral matrix.  47 

Another approach to segmenting between mineral phases is using machine learning 48 
techniques. In general, machine learning is defined as the use of mathematical models and 49 
algorithms to interpret the underlying patterns in a dataset. By learning this pattern, a 50 
computer system then can make predictions or classifications based on the dataset 51 
(Suthaharan, 2016). Machine learning can be divided into unsupervised and supervised 52 
learning. Supervised learning means that the user pre-defines what pattern underlies the data, 53 
and the computer builds a prediction model based on this pre-defined pattern (training data). 54 
Unsupervised learning lets the computer interpret the pattern by itself without the user’s 55 
supervision. 56 

Until recently, several studies have evaluated the use of machine learning in the segmentation 57 
of mineral phases in µCT dataset. Chauhan et al. (2016a, 2016b) have evaluated the 58 
performances of various machine learning algorithms for µCT datasets, but the study is 59 
focused more on segmentation of pores from the rock matrix. Tiu (2017), has evaluated the 60 
use of supervised classification to segment mineral phases in a µCT image of a drill core 61 
sample, using SEM-EDS mineral map as training data. Wang et al. (2015), has used feature 62 
based classification to segment multiphase particulate samples from the background, in which 63 
they pointed out the resulting segmentation from simple thresholding techniques was not 64 
satisfactory.  65 

The focus of this study lies on evaluating the application of different machine learning 66 
techniques in the segmentation of mineral phases in a drill core sample based on a µCT 3D 67 
image. The algorithms include both unsupervised and supervised classification. Additionally, 68 
an automated image registration technique is introduced to align a BSE mineral map with a 69 
corresponding slice in a 3D µCT data, in which this slice is used as a training data to classify the 70 
other µCT slices. Furthermore, besides directly using grayscale values as the dataset, the 71 
possibility classification using features such as edges, corners, and blobs (region with similar 72 
grayscale values) is also evaluated. The accuracy and computational costs of these methods 73 
are evaluated and compared to give insight on the most suitable method for different tasks of 74 
mineral segmentation of a µCT dataset.  75 

2. Material and Methods 76 
2.1. Ore Samples 77 

The drill core sample used in this study was obtained from Boliden’s Aitik copper mine in 78 
Northern Sweden, shown in Fig. 1.  79 
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 80 

Fig. 1. Map of Sweden, showing mines in operations as of August 2018. The sample originated from Aitik deposit 81 
shown as the red dot (base metals mine) in the northern region of Sweden. Map is taken from www.sgu.se.  82 

The deposit is described as a metamorphosed porphyry Cu-Au deposit, with chalcopyrite, 83 
pyrite, and pyrrhotite as the main sulphide minerals, while magnetite and ilmenites were 84 
found as the oxide minerals (Wanhainen et al., 2003). Other minerals that can be found in this 85 
deposit include quartz, amphibole, biotite, garnet, tourmaline, and zeolites. The textural 86 
description of this sample is provided in Table 1, while a µCT volume of the sample is shown 87 
in Fig. 2 88 

 Table 1. Textural Characteristics of the Sample Analyzed (Tiu, 2017) 89 

Textural Description Ore Mineralogy Gangue 
Mineralogy 

Vein Intensity 

Dark greenish colored 
rock, with coarse (1-5 
mm) amphibole 
phenocrysts in a 
quartz-feldspar-biotite 
matrix. 

Chalcopyrite and 
pyrite occurring 
in veins. 
Magnetite occurs 
as fine-grained 
dissemination  

Amphiboles, 
feldspars, and 
biotite occurs as 
the major 
gangue minerals 

High amphibole-
plagioclase vein 
containing 
chalcopyrite, pyrite 
and some magnetite 
minerals 

 90 
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 91 

Fig. 2. (A) µCT volume of the sample, showing clear amphibole phenocrysts (lighter gray) inside biotite-feldspar 92 
matrix (darker gray). A high intensity amphibole-plagioclase vein is with rich chalcopyrite and pyrite grains (bright 93 
gray) is also observed in the sample. (B) µCT volume showing chalcopyrite and pyrite grains as well as their vein 94 
mineralization (cyan) inside drill core volume.  95 

  96 

2.2. X-ray Microcomputed Tomography (µCT) and Image Acquisition 97 

A cylindrical sample with a diameter of 25 mm was analyzed using a Zeiss Xradia 510 Versa 3D 98 
microscope at Luleå University of Technology (LTU), Sweden. The whole sample was fitted to 99 
the scanning chamber and measured under scanning conditions summarized in Table 2. 100 
Reconstruction of projections was done with beam hardening correction. ORS Dragonfly® 101 
software was used for volume rendering and visualization of the 3D image.  102 

Table 2. Experimental Conditions of the µCT scanning 103 

Voltage 160 kV 
Power 10 W 
Exposure time 14 seconds 
Objective 0.4x 
Bin 1 
Filters Zeiss HE3 filter (as provided 

by manufacturer) 
No. of Projections 2201 
Spatial Resolution 13 µm 

 104 

The scanning conditions used in this study were optimized so that good image with reasonable 105 
acquisition time can be achieved. Further optimization is possible especially when aiming to 106 
differentiate minerals with similar attenuations, such as magnetite, chalcopyrite, and pyrite. 107 
Scanning conditions can be adjusted to increase the attenuation contrasts between minerals, 108 
which often means using lower voltage and/or reducing sample size. Using lower voltage 109 
means decreasing the penetration capability of the rays, therefore requiring longer exposure 110 
time, while using smaller sample size would risks of losing some information from the sample.  111 
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Several researchers have addressed the optimization of scanning conditions for better 112 
segmentation of mineral phases. Reyes et al. (2017) have shown that segmentation between 113 
chalcopyrite and pyrite were still found to be difficult even when using voltage as low as 50 114 
kV. Kyle and Ketcham (2015) have shown that differentiation of chalcopyrite and magnetite is 115 
possible with smaller core size (typically 10 mm) to minimize beam hardening effect; allowing 116 
better interpretation of phases based on their grayscale values. Similarly, Bam et al. (2019) 117 
have found that for their case of cylindrical iron ore samples, the optimum size for minimizing 118 
such effect is 17 mm. Beam hardening effect is also found as one of the source of 119 
segmentation inaccuracies in study of Reyes et al. (2017), in which it makes the grayscale 120 
values of a same phase varies depending on its location within the sample. 121 

Despite the use of filters and beam hardening corrections during reconstruction phase, the 122 
final 3D image acquired in this study still possessed some artifacts, most notably that the 123 
grayscale value varies significantly for the biotite-feldspar matrix throughout the slices 124 
(vertically) as shown in Fig. 3. Furthermore, this does not necessarily mean that the matrix 125 
grayscale values in the top and bottom slices slice are homogenously darker than the middle 126 
slices; the grayscale value of the matrix also varies horizontally in a single slice. This is shown 127 
in Fig. 4 128 

 129 

Fig. 3. Plot of biotite-feldspar matrix average grayscale values of each slice, showing significant variation in the 130 
top and bottom hundred slices. Despite the fact that the matrix’s grayscale values is different for each slice, the 131 
variation should be small (as seen in the plateau in the middle slices). Significant variation in the top and bottom 132 
slices is most likely associated with beam hardening effect.  133 
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 134 

Fig. 4. Variation of grayscale values in one of the top slices, showing (A) top slice, (B) middle slice, (C) segmented 135 
image of top slice, (D) segmented image of middle slice. The grayscale value of biotite-feldspar matrix in (A) varies, 136 
in which it is getting darker from top left to bottom right, as shown in the segmented image (C). In contrast with 137 
the middle slice, the matrix is homogenous, as seen in (B), producing better segmentation result in (D).  138 

Such problem can be seen as similar problem in an unevenly illuminated image, which can be 139 
addressed using top hat filtering. Top hat filtering is achieved by morphologically opening 140 
(removing) the grains from the slice, thereby obtaining an image estimation of biotite-feldspar 141 
matrix without any amphibole, chalcopyrite, nor pyrite grains. This image estimation 142 
represent the unevenly illuminated “background”, in which the goal is to homogenize this 143 
“background”. This is achieved by replacing the image by the “correct” and constant 144 
background, which is simply obtained from one of the middle slice where variation in the 145 
biotite-feldspar matrix does not exist. This is illustrated in Fig. 5.  146 
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 147 

Fig. 5. Obtaining an image estimation of the biotite-feldspar matrix showing (A) top slice, (B) middle slice, (C) 148 
image estimation of biotite-feldspar matrix of (A), (D) image estimation of biotite-feldspar matrix of (B). One can 149 
clearly see that the grayscale values of (C) is unevenly varied as compared to (D). The image (D) is used as the 150 
“correct” grayscale value for the matrix, in which grayscale variation practically does not exist.   151 

While the aforementioned procedure affects all the grayscale value of all phases, it is mainly 152 
aimed to correct the biotite-feldspar matrix, so adjustment is needed for the other phases. 153 
This is done by simply adjusting the contrast between phases, so that the difference between 154 
phases are clear enough to segment. A comparison of uncorrected and corrected image is 155 
shown in Fig. 6.  156 
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 157 

Fig. 6. Correction of grayscale values showing (A) original slice, (B) corrected slice, (C) segmented image of (A), 158 
(D) segmented image of (B). Clear improvement is seen in the segmentation results (D) as compared to (C).  159 

2.3. SEM-EDS and Mineral Mapping 160 

As a comparison and reference, SEM-EDS analysis was performed on the top part of the 161 
cylindrical sample after the µCT measurement. The cylindrical sample was mounted in epoxy 162 
resins and polished prior to SEM-EDS analysis. Zeiss Merlin FEG-SEM system was used for SEM 163 
analysis, and Aztec Energy 2.2 software from Oxford Instruments was used for EDS analysis.  164 

The resulting Back Scattered Electron (BSE) image from SEM analysis was subjected to mineral 165 
mapping. The BSE image has the resolution of 3.0 µm per pixel, allowing sharper contrast and 166 
better segmentation between phases. Based on the EDS measurements, mineral mapping of 167 
the BSE image was performed using the Trainable Weka Segmentation (Arganda-Carreras et 168 
al., 2017) in the Fiji/ImageJ software (Schindelin et al., 2012). The resulting mineral map is 169 
shown in Fig. 7. 170 
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 171 

Fig. 7. Simplified mineral map of BSE image. Due to the high resolution the BSE image, some small minerals are 172 
also detected. These small mineral phases are grouped together. 173 

2.4. Machine Learning Classification Algorithms 174 

In this study, both unsupervised and supervised classification algorithms were evaluated for 175 
mineral segmentation of the µCT dataset. Image processing and classifications were 176 
performed by compilation of tools in MATLAB® as well as in ImageJ/Fiji (Schindelin et al., 177 
2012). The following system configuration is used for data processing: Intel® Core™ i7-7500U 178 
CPU @2.7 GHz, 2904 MHz, 2 Core(s) and 4 logical processors, 24 GB RAM and 64-bit OS. The 179 
implemented machine learning algorithms listed as follows: 180 

• K-means clustering (unsupervised). This technique aim to classify the dataset into k 181 
number of clusters containing voxels with similar grayscale values. The user initiate the 182 
clustering by setting the number of clusters (k) as well as the initial guess of the 183 
grayscale value of the cluster centroids (𝑐𝑐𝑘𝑘). Then, the squared Euclidean distance 184 
between each voxels in the dataset to the initial centroids are calculated in Equation 185 
1.  186 

𝑑𝑑𝑘𝑘−𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 =  �𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧) −  𝑐𝑐𝑘𝑘�
2

                                                 (1) 187 

In which 𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧) is the grayscale value of a voxel in a three-dimensional xyz coordinate. 188 
Each voxel is then classified to the nearest centroid, i.e. the centroid that has the least 189 
squared distance to the voxel. Afterwards, new centroids can be calculated by 190 
averaging the grayscale values of the voxels in each cluster. The process is reiterated 191 
until the cluster centroids stabilizes around a certain value.  192 
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• Fuzzy C-means clustering (unsupervised). A fuzzy set is defined as a set of data with no 193 
distinctive boundary (Zaitoun and Aqel, 2015). In contrast to k-means in which each 194 
pixel can only be a member of one cluster, a pixel in a FCM scheme can be a member 195 
of multiple clusters, depending on the fuzzifier constant(𝑚𝑚). This constant affect the 196 
distance calculation (𝑑𝑑𝐹𝐹𝐹𝐹𝐹𝐹), which in turns affect how a voxel is classified to a cluster 197 
centroid (𝑐𝑐𝑘𝑘), as shown in Equation 2.  198 

𝑑𝑑𝐹𝐹𝐹𝐹𝐹𝐹 =  𝑤𝑤𝑘𝑘
𝑚𝑚.𝑑𝑑𝑘𝑘−𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚;   𝑤𝑤𝑘𝑘 =

1

∑ (
�𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧) −  𝑐𝑐𝑘𝑘�

 �𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧) −  𝑐𝑐𝑗𝑗�  
)

2
𝑚𝑚−1𝑐𝑐

𝑗𝑗=1

                               (2) 199 

In which 𝑗𝑗 = 1, … , 𝑐𝑐, with 𝑐𝑐 as the number of clusters, and 𝑤𝑤𝑘𝑘 is the weight or the 200 
membership function. As it can be seen that large fuzzifier constant leads to smaller 201 
weight, i.e. it decreases the weight assigned to clusters that are close to the voxel, 202 
which leads to fuzzier classification. In the limit of 𝑚𝑚 = 1, the weight increases for 203 
clusters that are close to the voxel, indicating less fuzzy classification (similar to k-204 
means). 205 

• Random forest (supervised). This is a classification technique in building multiple 206 
classification trees by bootstrap aggregating (bagging), in which at the end, the voxel 207 
is classified by majority voting of the trees (Breiman, 2001). Classification tree is a 208 
decision tree aiming to classify the voxels by asking a yes or no question (binary tests) 209 
in each branch of the tree. An example of decision tree is illustrated in Fig. 8. In a 210 
random forest technique, these trees are built by repeatedly sampling the training data 211 
uniformly and with replacement (bagging), allowing the building of decision trees 212 
based on different parts of the training data, thereby reducing the overfitting of the 213 
training dataset.  214 

Voxel

Is value more 
than 150?

NOYES

Is value more 
than 200?

Is value more 
than 75?

NOYES
NOYES

Mineral 
A

Mineral 
B

Mineral 
C

Mineral 
D

 215 

Fig. 8. Example of a classification tree. Sequences of binary decision making branch is build based on 216 
training data so that a voxel can be classified into several different minerals.  217 
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• K nearest neighbor (supervised). This is a classification that has no prior hypothesis 218 
about the training data, but rather generate such hypothesis from the training data 219 
itself (Russell and Norvig, 2016). In comparison to random forest where a classifier was 220 
build based on training data, K-nearest neighbor (kNN) directly classifies test voxels by 221 
comparing to the similar voxels in the training data. This is simply done by calculating 222 
the Euclidean distances between the test voxel to the voxels in training data. Then by 223 
looking at the majority of mineral class in the K number of closest voxels to the test 224 
voxel, the mineral class of that test voxel can be determined. In order to make sure 225 
that there is always majority, the K neighbor is always set to an odd number. This is 226 
illustrated in Fig. 9.  227 

Voxel
203

230

190

150

220

200

195

Voxel
203

Voxel
203

230

195

150

220

200

190

Voxel
203

(A) (B)
 228 

Fig. 9. kNN classification, showing k= 3 (A) and k = 5 (B). Different k will affect how a voxel being classified, 229 
in (A) the majority of three closest neighbor is green, therefore the voxel will be classified as green, while 230 
in (B) the majority of five closest neighbor is red, therefore the voxel is classified as red.   231 

2.4.1.  Supervised Feature-based classification 232 

The previous classification techniques classify the voxels based on the grayscale value. In this 233 
study, an alternative is also evaluated, in which the voxel is classified by its feature. The 234 
features can be edges, corners, or blob / regions in the image. These features are extracted 235 
by convoluting the image using a kernel functions (can be first or second order functions), 236 
thereby generating a feature map of the image which is to be classified. In this study, feature-237 
based classification is done as supervised technique, in which the features of the training data 238 
is extracted to build a classifier.  239 

Since that the classifier is trained using more information (several features rather than a single 240 
grayscale value), it could make the decision making process better as it has now more criteria 241 
to classify a voxel. If, for example, previously a classifier classify a voxel as pyrite if it has 242 
grayscale value over 200. 243 

𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧)  > 200 ⟹  𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧) = 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 244 

In feature-based classification, the image is represented in a Gaussian scale-space; beside 245 
space, the image is represented additionally as a family of image blurred with Gaussian filter 246 
of varying standard deviations (𝜎𝜎), or commonly referred as varying scales(𝑝𝑝 = 𝜎𝜎2). The 247 
features were then extracted from the image at different scales. These scales controls the 248 
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features that would be extracted, as at larger scale (higher standard deviation and more 249 
blurred) image would lose details on smaller gangue grains, therefore focusing more on larger 250 
sulphide grains.   251 

After collecting the features at different scales, these features are matched with the training 252 
data. Then a classifier is build based on the training information, and consequently the 253 
classifier now has more criteria to classify a voxel as a pyrite by looking at these different 254 
features. For example, if Sobel filter (𝐺𝐺) is used as the feature extractor, then it classifies the 255 
voxel as pyrite if the Sobel edge extracted at scale 1 is more than 250 and the Sobel edge 256 
extracted at scale 4 is less than 50.  257 

𝐺𝐺 ∗  𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧,𝑡𝑡=1)  > 250 ∧ 𝐺𝐺 ∗  𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧,𝑡𝑡=4)  < 50 ⟹  𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧) = 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 258 

This of course comes with a costs; such classifier would be computationally more expensive 259 
to build.  Feature based classification is illustrated in Fig. 10 260 

 261 

Fig. 10. Feature-based classification. The image is blurred with Gaussian filter with varying standard deviations, 262 
representing various scales of the original image. The edge features here are then extracted at different scales 263 
using Sobel filter producing two features maps associated to the mineral grains in the drill core (here the edge 264 
images are dilated for easier viewing). These two features are then matched with the training data, so that it can 265 
be used to train a classifier.  266 

Feature-based classification was performed to evaluate its applicability compared to 267 
grayscale-based classification. Different types of features are extracted from the µCT image, 268 
and classification is performed based on these features instead of the grayscale values. Edge 269 
features are extracted using Sobel filters (Sobel, 2014), while blobs and corners are extracted 270 
with difference of Gaussians and the determinant of Hessian matrix. Random forest classifier 271 
was trained using these features and the training data. The feature extraction methods and 272 
random forest classifiers are available in the Trainable Weka Segmentation Plug-in (Arganda-273 
Carreras et al., 2017) in Fiji/ImageJ.  274 

Examples of these features applied on a drill core µCT slice are shown in Fig 11.  275 
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 276 

Fig. 11. Example of feature maps used in this study, showing (A) original µCT slice, (B) Sobel Edge features, (C) 277 
Difference of Gaussians blob features, and (D) Hessian corner (and blob) features. These feature maps were fed 278 
to classification scheme in Fig.10 so that the applicability of each feature maps in supervised classification of 279 
pyrite and chalcopyrite phases can be evaluated.   280 

 281 
2.4.2. Statistical Methods in Evaluating the Classifiers 282 

 283 
Several statistical measures were used to evaluate the classifiers, in particular regarding the 284 
supervised classification. Essentially these statistical measures evaluate the performance of 285 
classifiers by comparing against the training data as the ground truth. In the case of 286 
unsupervised classification, due to the ground truth being unavailable, the classification 287 
results was compared directly to the BSE mineral-map instead.  288 
 289 
K-fold cross validation was used to evaluate and compare the performance of the supervised 290 
classifiers. In principle, the method randomly sub-sampled the training data into K sub-291 
samples. The training was done so that the classifier was trained using K – 1 of the sub-292 
samples, in which the remaining one sub-sample was hold out for validation. The training is 293 
repeated K amount of times with all sub samples, in which after each training, validation was 294 
performed with the hold-out subsample, producing K amount of validation results. These K 295 
validation results were then averaged to evaluate the overall performance of the classifier. In 296 
this study, 10 fold cross validation was performed. 297 
 298 
During validation, the accuracy of the classifier could be evaluated by comparing the classified 299 
voxels with the training data. In this study, the classifier’s main task is to segment between 300 
chalcopyrite and pyrite, so some statistical measures could be calculated as follows:  301 

• The percentage of correctly classified chalcopyrite voxels out of all chalcopyrite voxels, 302 
this is termed the True Positive Rate (TPR). The percentage of remaining chalcopyrite 303 
voxels (which are falsely classified as pyrite) are then called the False Negative Rate 304 
(FNR). 305 

𝑇𝑇𝑇𝑇𝑇𝑇 =  
𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝𝑝𝑝𝑐𝑐𝑝𝑝𝑐𝑐𝑝𝑝 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑝𝑝𝑐𝑐𝑝𝑝𝑝𝑝𝑑𝑑 𝑐𝑐ℎ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑣𝑣𝑐𝑐𝑣𝑣𝑝𝑝𝑐𝑐𝑐𝑐

𝐴𝐴𝑐𝑐𝑐𝑐 𝑐𝑐ℎ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑣𝑣𝑐𝑐𝑣𝑣𝑝𝑝𝑐𝑐𝑐𝑐
= 1 − 𝐹𝐹𝐹𝐹𝑇𝑇           (3) 306 

• On the other side, the percentage of correctly classified pyrite out of all pyrite voxels 307 
is termed True Negative Rate (TNR). Then the percentage of remaining pyrite voxels 308 
(which are miss-classified to chalcopyrite) is termed false positive rate (FPR).  309 

𝑇𝑇𝐹𝐹𝑇𝑇 =  
𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝𝑝𝑝𝑐𝑐𝑝𝑝𝑐𝑐𝑝𝑝 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑝𝑝𝑐𝑐𝑝𝑝𝑝𝑝𝑑𝑑 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑣𝑣𝑐𝑐𝑣𝑣𝑝𝑝𝑐𝑐𝑐𝑐

𝐴𝐴𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑣𝑣𝑐𝑐𝑣𝑣𝑝𝑝𝑐𝑐𝑐𝑐
= 1 − 𝐹𝐹𝑇𝑇𝑇𝑇               (4) 310 
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Furthermore, the behavior of the classifier could be adjusted as well, mainly by changing the 311 
probability threshold(𝑇𝑇). During validation, a classifier returns the scores on how confident it 312 
is in classifying a voxel to each respective category. The confidence score varies from 0 to 1, 313 
in which if the score for chalcopyrite is 𝑣𝑣, then for pyrite the score is 1 − 𝑣𝑣, the classifier then 314 
identify a voxel as chalcopyrite only if its score is higher than the probability threshold.  315 

𝑣𝑣 > 𝑇𝑇�𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧)�𝑐𝑐ℎ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�  ⟹  𝑣𝑣(𝑥𝑥,𝑦𝑦,𝑧𝑧) = 𝑐𝑐ℎ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝                       (5) 316 

By varying this threshold, the sensitivity of classifier can be adjusted, therefore producing 317 
different TPR and TNR. An ideal classifier is a classifier that is able to correctly identify all 318 
chalcopyrite (TPR = 1), while at the same time correctly identify the pyrite as well (TNR = 1). 319 
By plotting the different TPR data against FPR data, a receiver operating characteristic (ROC) 320 
curve can be drawn. The ROC curve tells the discrimination ability of a binary classifier as its  321 
probability threshold is varied:   322 

• If the threshold is increased, it will only classify a voxel as a chalcopyrite only when it 323 
is very confident to do so. In most cases, it will lead to decrease of FPR (as less pyrite 324 
will be misclassified to chalcopyrite). However, the proportion of the chalcopyrite that 325 
is correctly identified out of the actual chalcopyrite (TPR) would also decrease. In other 326 
word, the classifier is now “strict” in identifying the chalcopyrite voxels 327 

• Similarly, decreasing the threshold results in a less sensitive classifier, it now classify a 328 
voxel as chalcopyrite even if it is not confident. This will lead to increase of TPR (as 329 
more chalcopyrite is correctly identified). However, at the same time, more pyrite is 330 
also being incorrectly identified as chalcopyrite, leading to the increase of FPR. Simply, 331 
the classifier is now “lenient” in identifying the chalcopyrite voxels.  332 

 333 
2.5. Image Registration 334 

Image registration refers to the transformation of an image into a specified coordinate system 335 
(Brown, 1992). The specified coordinate system can be in the form of a target image, where 336 
the transformed image is aligned with target. The process involves matching both target and 337 
transforming images, which can be based on either the grayscale values or the features of the 338 
images.  339 

Speeded up robust features (SURF) developed by Bay et al. (2008) were used to extract and 340 
match features of the BSE mineral map and its corresponding µCT image slice. The algorithm 341 
essentially detect blobs (voxel regions that differ from the surrounding regions) in the image, 342 
in which in this case such algorithm could detect mineral grains.  This is simply done by 343 
searching for point of interests in which the change in grayscale values of the surrounding 344 
voxels is maximum. Such procedure is accomplished by taking the using Hessian Matrix, which 345 
can be used to describe the local curvatures in multivariable functions (an image here is 346 
considered a discrete function with two space variables). Such procedure is shown in Fig. 12. 347 
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 348 

Fig. 12. Detected SURF features from (A) BSE image (resolution 3 µm) and (B) µCT slice (resolution 13 µm). These 349 
features corresponds well with the sulphide grains in the core. The point of interests from both image are 350 
matched, so that a transformation matrix that could align both image can be calculated.  351 

Using such features allows alignment of two similar images with different characteristics, so it 352 
is very suitable to this case study where the two images were acquired from different 353 
instruments. The alignment of both images allows annotation of pixels in the µCT slice based 354 
on the BSE mineral map, therefore creating a training data for classifying the rest of µCT slices.  355 

3. Results and Discussion 356 

The histogram of the µCT dataset used in this study is shown in Fig. 13 357 

While peaks of gangue and sulphide mineral groups are visible, differentiating mineral phases 358 
within this group was not straightforward. Several different machine learning algorithms were 359 
evaluated in order to tackle the segmentation problem, beginning with the simplest 360 
unsupervised based classification with no training data required. 361 
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 362 

 363 

Fig. 13. Histogram of µCT dataset (after illumination correction). Major visible peaks are for air, gangue minerals 364 
(Biotite, Feldspars, Amphiboles), as well as the sulphide minerals (chalcopyrite and pyrite) 365 

 366 
3.1. Unsupervised Classification 367 

Both k-means and FCM are used; the results are shown in Fig. 14 and Table 3 368 

 369 

 370 

Fig. 14. Mineral mapping using unsupervised classification. Four phases (including background/air) were 371 
identified. Both k-means and FCM showing minimal differences between each other, with none able to distinguish 372 
pyrite and chalcopyrite. 373 
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Table 3. Phase percentage of mineral maps shown in Fig. 14, showing practically no difference between the 374 
classifiers. Some minor differences exist in comparison to BSE mineral map due to difference in spatial resolution 375 
between the 2D µCT slice and BSE image, but overall both techniques shows good correspondence.  376 

Color Phase k-means FCM BSE Mineral Map 
 Chalcopyrite, Pyrite, Magnetite 3.4% 3.4% 4.4% 

 Plagioclase, Quartz, Biotite, Feldspar 57.8% 57.3% 55.7% 

 Amphiboles, Tourmaline 38.8% 39.3% 39.9% 
 377 

Both classifications were performed until clusters mean is stable within less than 0.1% relative 378 
difference. The time required is calculated for one µCT slice, corresponding to 2008 x 2048 379 
pixels, with k-means and FCM requiring 4.5 and 11.9 seconds respectively. Both technique 380 
give similar results in mineral classification, but with k-means having less time required in 381 
classifying the input data. In general, both classification results show good correspondence 382 
with the BSE mineral map. However, both methods fail to differentiate between chalcopyrite 383 
and pyrite, compared to the BSE mineral map in Fig. 7.  Other minerals such as quartz and 384 
magnetite are also not segmented, but this is mostly due to the lower resolution of µCT in 385 
comparison to the BSE image, as well as  Therefore, small minerals having grain size less than 386 
the µCT resolution (13 µm) cannot be accurately segmented. 387 

3.2. Supervised Classification 388 

In order to address the segmentation between chalcopyrite and pyrite, two approaches in 389 
supervised classification were evaluated in this study, namely grayscale-based classification 390 
and feature-based classification. However, first, the creation of training data is discussed first.  391 

3.2.1. Creation of Training Data 392 

 Using image registration, a training µCT slice can be created based on the BSE mineral map. 393 
This is illustrated in Fig. 15 394 
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 395 

Fig. 15. Image alignment and training data creation, showing (A) Matched feature points between two images 396 
with arrows showing the transformation direction, (B) both image aligned, magenta for BSE image, and green for 397 
the µCT slice, and (C) 2D µCT slice for training data, with chalcopyrite defined based on alignment with BSE mineral 398 
map.  While the registration procedure returns good match with the vein area of the slice, it returned poor match 399 
with the phenocrysts and gangue area.  400 

The registration procedure did produce a good match within the vein area, despite some 401 
mismatches seen particularly in the right part of the vein. This can be explained by the fact 402 
that such procedure has weaknesses when the thin section for SEM-EDS was not cut perfectly 403 
parallel with the µCT slice plane. While this issue can be addressed by 2D-to-3D registration 404 
scheme rather than 2D-to-2D, such scheme is considerably more complex. Additionally SURF 405 
algorithm detected sulphide grains (Fig. 12), and alignment was done based on matching 406 
between these grains in the two images, as shown in Fig. 15 so the match between the gangue 407 
and phenocrysts areas was not optimized during alignment.   408 

Nevertheless, the focus here to identify the chalcopyrite phases in the µCT slice, in which 409 
unsupervised classification failed to do so. The proposed registration scheme managed to do 410 
just that, as the correspondence for the sulphide phases was observed to be good enough to 411 
identify the chalcopyrite phases in the µCT slice. Additionally, such registration scheme could 412 
also identify chalcopyrite phases within a pyrite grain (multi-mineral grains), as the mineral 413 
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information was transferred on a pixel level rather than grain level. Therefore, the training 414 
data shown in Fig. 15(C) was constructed using multiple information: the gangue minerals 415 
were defined from unsupervised classification while the chalcopyrite minerals was defined 416 
from the image registration procedure.  417 

3.2.2. Grayscale-based Classification 418 

Grayscale values for each phases based on the training data were obtained and subsequently 419 
used as reference values for the classification process. This reference values were then used 420 
to train a classification model. The model was applied to classify the rest of the slices in the 421 
3D image. Moreover, since only chalcopyrite phases were exactly defined from the BSE 422 
mineral map through feature matching, the classification problem mostly concerns about 423 
binary classification of the sulphide grains into chalcopyrite or pyrite. The pyrite phase 424 
referred here include small amount of magnetite as well. Therefore, the total training data 425 
was reduced to only 88,980 pixels of the original 2048 x 2008 pixels, corresponding to the both 426 
chalcopyrite and pyrite grains in the image. Out of these training data, 11,966 pixels (13.5 %) 427 
were labeled as chalcopyrite. The results are shown in Table 4 and Fig. 16 428 

Table 4. Classification performance of different algorithm. Training time was obtained based on MATLAB® 429 
implementation of supervised classification, with 11,966 pixels used as the training data.  430 

Algorithm Training 
Time  

True Positive  True Negative 

kNN (k = 100) 15 s 60 % 97 % 
Random Forest 
(200 trees) 

7m 30s 59 % 97 %  

 431 

 432 

Fig. 16. Comparison of classified slices with training data, showing differences despite having similar accuracy. 433 
Some of the pixels were also classified into chalcopyrite (red) despite being pyrite (green) in the training data, as 434 
it can be seen in some of the chalcopyrite and pyrite grains outside the vein area (on the top part of the image). 435 

It is worth noting that while both classifiers have relatively high true negative, the true positive 436 
rates for chalcopyrite are still relatively low. The classifiers only succeed in 60% of the time 437 
when identifying a pixel that should belong to chalcopyrite. This could be explained by the fact 438 
that there is an overlap in grayscale values between chalcopyrite and pyrite, which means that 439 
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some pixels could be classified as both chalcopyrite and pyrite based on their grayscale values. 440 
This limitation is illustrated in Fig. 17.  441 

 442 

Fig. 17. Boxplot of grayscale values of Chalcopyrite and Pyrite, obtained from the training data. Due to 443 
photoelectric effect, chalcopyrite is more attenuating than pyrite despite having smaller density, as shown by the 444 
first, second (median), and third quartile of chalcopyrite grayscale values being higher than pyrite. However still 445 
there is considerable overlap between the phases making it difficult to segment these phases based on their 446 
grayscale value.  447 

 448 
3.2.3. Feature-based Classification 449 

Feature-based classification was used as a comparison to the grayscale value based 450 
classification. The result is shown in Table 5 and Fig. 18  451 

Table 5. Classification Performance of Different Feature Extractors. All 4,112,385 (2008 x 2048) pixels in the 452 
training data were used to create the feature vectors. The increase in training data subsequently increase the 453 
time required to train a classification model. 454 

Feature 
Extractor 

Classifier Training Time True Positive  True Negative 

Sobel Filter Random 
Forest 

3h 53m 8s 57 % 98 % 

Determinant 
of Hessian  

Random 
Forest 

5h 36m 39s 54 % 99 % 

Difference 
of Gaussian 

Random 
Forest 

4h 59m 8s 51 % 99 %  

 455 
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 456 

Fig. 18. Classified 2D slice of µCT using feature based classifications. Similar results were found for different 457 
feature extractors. 458 

Similar to the classification scheme using grayscale values, classification based on features 459 
were also found not to be satisfactory. Features such as edges, corners, and blobs of the 460 
chalcopyrite and pyrite pixels were found not to be the discriminating factor for both phases.  461 

3.3. Evaluation of Performances and Results 462 

When classifying between the gangue, background and the sulphides, unsupervised 463 
classification was found to be satisfactory, with results showing good correspondence with 464 
the BSE mineral map while having short computational time, as seen in Table 3. This is due to 465 
the relatively clear difference in grayscale values between these phases. However, supervised 466 
classification was needed in differentiating between chalcopyrite and pyrite due to unclear 467 
difference between the two phases.  468 

By using BSE mineral map as a reference and training data, chalcopyrite and pyrite can be 469 
differentiated using supervised classification to some extent, as seen in Table 4 and Table 5. 470 
Increasing the classifier’s sensitivity (true positive rate) would lead to the decrease of 471 
sensitivity for the pyrite phase (TNR). This limitation is illustrated through the ROC curve 472 
obtained from the models in Table 4.  (Random Forest and k-nearest neighbor) shown in Fig. 473 
19.  474 
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 475 

Fig. 19. ROC curve for Random Forest (Model 1) and kNN (Model 2) in regards to chalcopyrite phase. The curve 476 
describes the relationship between FPR and TPR, with the red dot indicates the current classifier. The area under 477 
curve gives some idea about the classifier performance, with higher area indicating better performance.   478 

As mentioned earlier, the behavior of classifier can be adjusted by changing the probability 479 
threshold, which is indicated by moving the red dot in Fig. 19 along the ROC curve. Therefore, 480 
as it can be seen in Fig. 19, there would be no condition where the classifier could classify all 481 
pyrite and chalcopyrite voxels correctly, i.e. by reaching 100% TPR while at the same time 482 
having 0% FPR (top left corner of the graph).  A compromise between the two phases is 483 
inevitable, mainly due to overlapping grayscale values. Furthermore, since the amount of 484 
pixels belonging to pyrite is higher than that of chalcopyrite, the classifier tends to decrease 485 
the false positive, as 1% of pyrite being misclassified weighs higher in the final accuracy than 486 
1% of chalcopyrite being correctly classified.   487 

Feature-based classification did not increase the classifier’s accuracy and precision 488 
significantly, as seen in Table 5. This is because these features were also build based on the 489 
grayscale values of the pixels, with addition of their relations to the other pixels in the 490 
neighborhood. If the original pixel values were too similar and almost indistinguishable, their 491 
features would also be difficult to distinguish. However, a notable difference in result between 492 

feature-based and grayscale-based classification can be seen in Fig. 20. 493 

As shown in Table 4 and Table 5, feature-based classifications have a lower true positive 494 
meaning that it estimated less chalcopyrite in comparison to grayscale-based classification. 495 
On the other hand, due to overlapping dataset, overestimating chalcopyrite means 496 
underestimating pyrite. This is what happens in grayscale-based classification, as seen by 497 
scattered chalcopyrite voxels in the pyrite grain shown in Fig. 20(A). This phenomena was not 498 
observed when feature-based classification is used instead in Fig. 20(B). Feature-based 499 
classification is especially well suited when dealing with grain boundaries (Wang et al., 2015), 500 
as it uses features that could represent grains (voxel regions) when segmenting between 501 
minerals. This in turns produces better segmentation between the grains in the ore.  502 
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 503 

Fig. 20. Comparison of random forest classified mineral map showing chalcopyrite (red), pyrite (green), and 504 
gangue (gray), using (A) grayscale based classification, and (B) feature (determinant of Hessian) based 505 
classification. While grayscale based classification operates on individual voxels, determinant of Hessian operates 506 
based on blobs / region of voxels, which resulted in better segmentation between grains as shown in (B). 507 

Nevertheless, a significant difference is observed when evaluating the mineralogical result of 508 
3D µCT data and the conventional 2D BSE mineral map. The mineralogical results given Table 509 
6 shows the typical stereological error exhibited by 2D based analysis in overestimating the 510 
mineralogy. The difference in 2D µCT slice and 2D SEM-EDS can be explained by the loss of 511 
details in the µCT due to lower spatial resolution.  512 

Table 6. Simplified mineralogy (by area or volume) obtained from SEM and µCT. Note: kNN = k Nearest Neighbors, 513 
RF = Random Forest, SF = Sobel Filter followed by RF, DoH = Determinant of Hessian followed by RF, and DoG = 514 
Difference of Gaussians followed by RF.   515 

  516 

Minerals 2D – SEM 
EDS (%) 

2D - µCT 
(%) 

3D µCT (%) 
kNN RF  SF  DoH DoG 

Amphiboles  
Tourmaline 

39.92 39.29 38.37 38.37 40.33 40.33 40.33 

Plagioclase  
Quartz  
Biotite 
Feldspar   

55.67 57.28 58.71 58.71 56.77 56.77 56.77 

Pyrite  
Magnetite 

3.70 3.00 2.67 2.66 2.73 2.72 2.73 

Chalcopyrite 0.71 0.43 0.25 0.26 0.17 0.18 0.17 
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4. Conclusions 517 

The application of machine learning algorithms to mineral segmentation of 3D µCT image has 518 
been presented. It was found that simple unsupervised classification could provide a rapid 519 
segmentation between gangue and sulphide minerals that have clear difference in grayscale 520 
values. Unsupervised classification also required significantly less time, as no training and 521 
feature extraction was needed.  522 

Supervised classification was found capable of distinguishing chalcopyrite and pyrite to a 523 
certain extent. Using directly voxel values as the dataset in grayscale-based supervised 524 
classification offers a simple and rapid approach to distinguishing phases with similar 525 
densities, with reasonable accuracy. Using feature-based classification added more 526 
information about voxel regions the classification process, producing better segmentation 527 
between the mineral grains. Feature-based classification could be a better alternative 528 
especially when textural information such as grain size and shape is needed to be extracted 529 
after the segmentation.  530 

Additionally, a methodology in aligning SEM-EDS image to its corresponding µCT slice for 531 
phase labelling and training data generation has also been presented. The whole process is 532 
largely automated; i.e. the user only needs to specify which µCT slice corresponds to the BSE 533 
mineral map. The main advantage of such method is that it works on pixel level, i.e. 534 
information of each pixel that belongs to a phase can be transferred to a µCT slice, therefore 535 
allowing the definition of multi-mineral grains. Moreover, since it is based on features, it is 536 
more robust to characteristic differences between the images.  Nevertheless, such 537 
methodology is limited on the parallel cutting of the µCT sample for the thin section, as it must 538 
be perfectly cut in parallel to achieve perfect correspondences between the two images.  539 

The main limitation of the application of machine learning in µCT dataset lies in the dataset 540 
itself, particularly whether the grayscale values of mineral phases in the sample are different 541 
enough to be segmented. In this study, due to the significant overlaps in grayscale values 542 
between chalcopyrite and pyrite, the classifier could not fully differentiate between the two 543 
phases. Increasing the classifier’s sensitivity to one phase will decrease the sensitivity to the 544 
other phase.  545 

Since the limitations come from the dataset, improvements must be done in the image 546 
acquisition process. Scanning conditions could be optimized so that contrast between phases 547 
of interests could be maximized for easier segmentation. Dual energy scanning is one of the 548 
alternative, as it allows direct determination of density or effective atomic number by 549 
correlating with attenuation coefficient at different energy levels. Some calibration with pure 550 
chalcopyrite and pyrite minerals could also be done prior to image acquisition in order to 551 
determine the optimum beam settings for distinguishing both phases. If both phases have a 552 
clear difference in grayscale values, then even simple unsupervised classification should 553 
produce satisfactory results.    554 

 555 

 556 
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List of Figures 
Fig. 1. Map of Sweden, showing mines in operations as of August 2018. The sample originated from Aitik deposit 
shown as the red dot (base metals mine) in the northern region of Sweden. Map is taken from www.sgu.se. 

Fig. 2. (A) µCT volume of the sample, showing clear amphibole phenocrysts (lighter gray) inside biotite-feldspar 
matrix (darker gray). A high intensity amphibole-plagioclase vein is with rich chalcopyrite and pyrite grains (bright 
gray) is also observed in the sample. (B) µCT volume showing chalcopyrite and pyrite grains as well as their vein 
mineralization (cyan) inside drill core volume. 

Fig. 3. Plot of biotite-feldspar matrix average grayscale values of each slice, showing significant variation in the 
top and bottom hundred slices. Despite the fact that the matrix’s grayscale values is different for each slice, the 
variation should be small (as seen in the plateau in the middle slices). Significant variation in the top and bottom 
slices is most likely associated with beam hardening effect. 

Fig. 4. Variation of grayscale values in one of the top slices, showing (A) top slice, (B) middle slice, (C) segmented 
image of top slice, (D) segmented image of middle slice. The grayscale value of biotite-feldspar matrix in (A) varies, 
in which it is getting darker from top left to bottom right, as shown in the segmented image (C). In contrast with 
the middle slice, the matrix is homogenous, as seen in (B), producing better segmentation result in (D). 

Fig. 5. Obtaining an image estimation of the biotite-feldspar matrix showing (A) top slice, (B) middle slice, (C) 
image estimation of biotite-feldspar matrix of (A), (D) image estimation of biotite-feldspar matrix of (B). One can 
clearly see that the grayscale values of (C) is unevenly varied as compared to (D). The image (D) is used as the 
“correct” grayscale value for the matrix, in which grayscale variation practically does not exist. 

Fig. 6. Correction of grayscale values showing (A) original slice, (B) corrected slice, (C) segmented image of (A), 
(D) segmented image of (B). Clear improvement is seen in the segmentation results (D) as compared to (C). 

Fig. 7. Simplified mineral map of BSE image. Due to the high resolution the BSE image, some small minerals are 
also detected. These small mineral phases are grouped together. 

Fig. 8. Example of a classification tree. Sequences of binary decision making branch is build based on training data 
so that a voxel can be classified into several different minerals. 

Fig. 9. kNN classification, showing k= 3 (A) and k = 5 (B). Different k will affect how a voxel being classified, in (A) 
the majority of three closest neighbor is green, therefore the voxel will be classified as green, while in (B) the 
majority of five closest neighbor is red, therefore the voxel is classified as red. 

Fig. 10. Feature-based classification. The image is blurred with Gaussian filter with varying standard deviations, 
representing various scales of the original image. The edge features here are then extracted at different scales 
using Sobel filter producing two features maps associated to the mineral grains in the drill core (here the edge 
images are dilated for easier viewing). These two features are then matched with the training data, so that it can 
be used to train a classifier. 

Fig. 11. Example of feature maps used in this study, showing (A) original µCT slice, (B) Sobel Edge features, (C) 
Difference of Gaussians blob features, and (D) Hessian corner (and blob) features. These feature maps were fed 
to classification scheme in Fig.10 so that the applicability of each feature maps in supervised classification of 
pyrite and chalcopyrite phases can be evaluated. 

Fig. 12. Detected SURF features from (A) BSE image (resolution 3 µm) and (B) µCT slice (resolution 13 µm). These 
features corresponds well with the sulphide grains in the core. The point of interests from both image are 
matched, so that a transformation matrix that could align both image can be calculated. 

Fig. 13. Histogram of µCT dataset (after illumination correction). Major visible peaks are for air, gangue minerals 
(Biotite, Feldspars, Amphiboles), as well as the sulphide minerals (chalcopyrite and pyrite) 

Fig. 14. Mineral mapping using unsupervised classification. Four phases (including background/air) were 
identified. Both k-means and FCM showing minimal differences between each other, with none able to distinguish 
pyrite and chalcopyrite. 
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Fig. 15. Image alignment and training data creation, showing (A) Matched feature points between two images 
with arrows showing the transformation direction, (B) both image aligned, magenta for BSE image, and green for 
the µCT slice, and (C) 2D µCT slice for training data, with chalcopyrite defined based on alignment with BSE mineral 
map.  While the registration procedure returns good match with the vein area of the slice, it returned poor match 
with the phenocrysts and gangue area. 

Fig. 16. Comparison of classified slices with training data, showing differences despite having similar accuracy. 
Some of the pixels were also classified into chalcopyrite (red) despite being pyrite (green) in the training data, as 
it can be seen in some of the chalcopyrite and pyrite grains outside the vein area (on the top part of the image). 

Fig. 17. Boxplot of grayscale values of Chalcopyrite and Pyrite, obtained from the training data. Due to 
photoelectric effect, chalcopyrite is more attenuating than pyrite despite having smaller density, as shown by the 
first, second (median), and third quartile of chalcopyrite grayscale values being higher than pyrite. However still 
there is considerable overlap between the phases making it difficult to segment these phases based on their 
grayscale value. 

Fig. 18. Classified 2D slice of µCT using feature based classifications. Similar results were found for different 
feature extractors. 

Fig. 19. ROC curve for Random Forest (Model 1) and kNN (Model 2) in regards to chalcopyrite phase. The curve 
describes the relationship between FPR and TPR, with the red dot indicates the current classifier. The area under 
curve gives some idea about the classifier performance, with higher area indicating better performance. 

Fig. 20. Comparison of random forest classified mineral map showing chalcopyrite (red), pyrite (green), and 
gangue (gray), using (A) grayscale based classification, and (B) feature (determinant of Hessian) based 
classification. While grayscale based classification operates on individual voxels, determinant of Hessian operates 
based on blobs / region of voxels, which resulted in better segmentation between grains as shown in (B). 
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List of Tables 

Table 1. Textural Characteristics of the Sample Analyzed (Tiu, 2017) 

Table 2. Experimental Conditions of the µCT scanning 

Table 3. Phase percentage of mineral maps shown in Fig. 14, showing practically no difference between the 
classifiers. Some minor differences exist in comparison to BSE mineral map due to difference in spatial resolution 
between the 2D µCT slice and BSE image, but overall both techniques shows good correspondence. 

Table 4. Classification performance of different algorithm. Training time was obtained based on MATLAB® 
implementation of supervised classification, with 11,966 pixels used as the training data. 

Table 5. Classification Performance of Different Feature Extractors. All 4,112,385 (2008 x 2048) pixels in the 
training data were used to create the feature vectors. The increase in training data subsequently increase the 
time required to train a classification model. 

Table 6. Simplified mineralogy (by area or volume) obtained from SEM and µCT. Note: kNN = k Nearest Neighbors, 
RF = Random Forest, SF = Sobel Filter followed by RF, DoH = Determinant of Hessian followed by RF, and DoG = 
Difference of Gaussians followed by RF. 

 


