
Development and experimental validation of a texture-based 3D liberation 1 
model 2 

Pratama Istiadi Guntoro a, Yousef Ghorbani a, Mehdi Parian a, Alan R. Butcher b, Jukka Kuva b, Jan Rosenkranz a 3 

a   Division of Minerals and Metallurgical Engineering, Luleå University of Technology, SE-971 87 Luleå, Sweden 4 

b   Geological Survey of Finland GTK, PO Box 96, 02151, Espoo, Finland.  5 

 6 

Abstract 7 

Prediction of mineral liberation is one of the key steps in establishing a link between ore texture 8 
and its processing behavior. With the rapid development of X-ray Microcomputed Tomography 9 
(µCT), the extension of liberation modeling into 3D realms becomes possible. Liberation modeling 10 
allows for the generation of particle population from 3D texture data in a completely non-11 
destructive manner. This study presents a novel texture-based 3D liberation model that is capable 12 
of forecasting liberation from 3D drill core image acquired by µCT. The model takes preferential, 13 
phase-boundary, and random breakage into account with differing relative contributions to the 14 
liberation depending on the ore texture itself. The model was calibrated using experimental 15 
liberation data measured in 3D µCT. After calibration, the liberation model was found to be 16 
capable of explaining on average of around 84% of the variance in the experimental liberation 17 
data. The generated particle population can be used for particle-based process simulation to 18 
evaluate the process responses of various ore textures subjected to various modes of breakage.  19 
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1. Introduction 22 
 23 

Ore texture has long been recognized to be a critical factor in affecting the comminution process 24 
(Lund et al., 2015; Pérez-Barnuevo et al., 2018; Tungpalan et al., 2015). In the context of mineral 25 
processing, ore texture is defined as the relationship between minerals in a rock. Such a 26 
relationship includes size, shape, distribution, and association of the mineral grains in the rock 27 
(Cropp and Goodall, 2013). Textural information such as grain size has been demonstrated to 28 
affect the liberation characteristics of the ores (Evans et al., 2015; Vizcarra et al., 2010). Beside 29 
grain size, the mineral association in the ores has also been demonstrated to affect the breakage 30 
mechanism and thereby liberation characteristics (Hilden and Powell, 2017; Parian et al., 2018; 31 
Tungpalan et al., 2015).  32 

In mineral processing, the close association between ore texture and its liberation has significant 33 
consequences in the beneficiation process. The ore must be liberated sufficiently for the 34 
beneficiation process so that good concentrate quality and adequate recovery can be obtained 35 
(Lund et al., 2014). Combining texture and liberation together in a geometallurgical concept is the 36 
main feature of particle-based geometallurgy (Lamberg, 2011). In such a concept, particle 37 
population and liberation characteristics are forecasted from ore texture, which is commonly 38 
referred to as liberation modeling (Gaudin, 1939). The forecasted particles would serve as the link 39 
between geology and mineral processing, as it carries the information of the ore texture to the 40 
beneficiation process (Lamberg, 2011; Lund et al., 2015).  41 

Besides its critical importance in particle-based geometallurgy, liberation modeling can also be 42 
beneficial in the daily operation of mineral processing plants, as measuring liberation data is time-43 
consuming. Liberation data are often not continuously monitored, while on the other hand 44 
particle size can be measured online (Mariano, 2016). It would, therefore, be beneficial if one 45 
could predict the mineral liberation in a given particle size range so that the comminution 46 
operation can be optimized depending on the feed ore texture.  47 

Liberation models aiming to predict mineral liberation based on the ore texture and 48 
independently from the comminution process parameters are commonly referred to as texture-49 
based liberation models (Gaudin, 1939; King and Schneider, 1998a; Wiegel and Li, 1967). These 50 
models are decoupled from the breakage and size reduction phenomena affected by the mill 51 
operating parameters in contrast to the integrated liberation and size reduction models (Andrews 52 
and Mika, 1975; Wiegel, 1976). The breakage of ore texture into particles is simulated in the 53 
models by superimposing particle forms over the intact ore texture, i.e. “sampling” the texture 54 
(Parian et al., 2018). An extensive review of these models has been published (Mariano, 2016; 55 
Mariano et al., 2016). Texture-based models consist of two main parts: the representation of ore 56 
texture and the modeling of the ore texture breakage through sampling the particles from the 57 
ore texture. 58 

  59 



1.1. Representation of the ore texture for liberation models 60 

The ore texture can be represented using simplified texture models or measured texture. 61 
Simplified texture models have been developed over the years, ranging from those of binary 62 
textures (Barbery and Leroux, 1988; Ferrara et al., 1989; Gaudin, 1939; Gay, 1999) to multiphase 63 
textures (Hilden and Powell, 2017). The texture models have developed to capture grain size, 64 
shape, as well as the spatial distribution of mineral grains in the ore texture (Evans et al., 2013). 65 
In recent years, with the development of X-ray Microcomputed Tomography (µCT), 3D texture 66 
models have also been developed (Evans et al., 2015; Hilden and Powell, 2017). The other 67 
approach is to directly measure the texture using image acquisition tools both in 2D (Parian et al., 68 
2018) and 3D (Mariano, 2016). The resulting texture image is commonly then processed further 69 
to generate a mineral map, in which textural features of the ore such as grain size and mineral 70 
association can be further quantified.  71 

1.2. Simulating ore texture breakage for liberation models 72 

The breakage of the ore texture is simulated through “sampling” the particles from the ore 73 
texture. The sampling procedure could reflect how the ore texture breaks, i.e. random or non-74 
random breakage. Random breakage is most frequently used in these models (Mariano, 2016), 75 
but some recent models included non-random breakage in the models (Koch, 2017; Parian et al., 76 
2018).  77 

The definition of random breakage and its usage also varies in the literature. Various definitions 78 
of random breakage have been summarized in Mariano et al. (2016). Some researchers (Barbery 79 
and Leroux, 1988; King, 1979; King and Schneider, 1998b) explicitly define random breakage in 80 
such a way that the breakage is independent of ore texture and mineralogy. Others (Evans et al., 81 
2013; Hsih and Wen, 1994) explicitly define the contrary, in which the breakage is considered 82 
random if it does not follow these explicit definitions of non-random breakage. Other definitions 83 
such as random breakage through examples have also been offered (Ferrara et al., 1989; Gaudin, 84 
1939; Gay, 1999; Wiegel and Li, 1967).  85 

Despite the frequent assumption of random breakage in liberation models, many researchers 86 
have recognized the importance of non-random breakage since the early work of Gaudin (1939). 87 
This is especially true in the case of sulfide ores where random breakage cannot accurately predict 88 
the liberation of such ores (Mariano et al., 2016). King and Schneider (1998a) have described 89 
several types of non-random breakage types as:  90 

• Selective breakage is observed when fracture propagation is dependent on the fracture 91 
toughness of the minerals.  92 

• Differential breakage is observed when the size breakage function is dependent on the 93 
composition of the parent particle, i.e. the ore particles before comminution.  94 

• Preferential breakage is observed when fractures occur more often in one mineral rather 95 
than in others.  96 



• Phase-boundary breakage is observed when a fracture propagates along the phase 97 
boundaries between the minerals.  98 

• Liberation by detachment occurs when bonds between the mineral grains and mineral 99 
matrix are relatively weak, which allows the mineral grains to be “detached” from the 100 
matrix.  101 

• Boundary-region breakage is observed when the fracture occurs within the region of the 102 
phase-boundary. In contrast to phase-boundary where the fracture propagates along the 103 
phase-boundary line, the fractures in boundary-region breakage do not necessarily 104 
propagate along the boundary line, but rather just within the “vicinity” of the boundary, 105 
often across both phases.   106 

Several researchers have also devised methods to observe the occurrence of non-random 107 
breakage in the comminution process, either by evaluating the crack propagation in the ore (Bradt 108 
et al., 1995; Wills and Atkinson, 1993), or evaluating the resulting comminuted particles (Fandrich, 109 
1998; Garcia et al., 2009; King, 2001). For example, preferential breakage can be observed when 110 
a mineral is more abundant in finer size classes of the comminuted particles (King, 2001). The 111 
interfacial area of the comminuted particles can give some idea about the prevalence of phase-112 
boundary breakage (Fandrich, 1998; Garcia et al., 2009). Liberation by detachment can be 113 
observed by evaluating the occurrence of the minerals in the size classes that reflect the mineral 114 
grain size of the feed. Boundary-region breakage can be generally observed if the finer particles 115 
are less liberated than the coarser particles (Mariano et al., 2016). Another technique developed 116 
is by tracking the change in mineral association from the ore texture to the crushed particles to 117 
evaluate the presence of preferential and phase boundary breakage (Parian et al., 2018).  118 

Despite abundance of studies in the literature on observing the occurrence of non-random 119 
breakage in the comminution process, most of these studies were not able to quantify the relative 120 
contributions of non-random and random breakage to the liberation. Such information can be 121 
useful to evaluate to what extent random breakage can be assumed in the liberation modeling 122 
(Mariano, 2016).  123 

1.3. Stereological bias in liberation models 124 

Stereological bias in liberation analysis is a well-known problem, in which the 2D cross-sections 125 
of the particles might not represent the actual 3D state of the particles. This typically leads to the 126 
overestimation of the mineral liberation (Lätti and Adair, 2001). In the case of liberation models, 127 
several researchers (Barbery, 1992; Fandrich, 1998; Mariano, 2016; Spencer and Sutherland, 128 
2000; Wiegel, 2010) have reported that using 1D and 2D particles in the sampling procedure 129 
increased the proportion of liberated particles in the forecasted liberation in comparison with 3D 130 
particles. In other words, there is a discrepancy in the linear, areal, and volumetric liberation of 131 
the particles. This phenomenon reflects the stereological bias (Figure 1), in which the cross-132 
sections of the liberating particle in the middle can be mistakenly considered as liberated 133 
particles, which explains the overestimation of the liberation.  134 



 135 

Figure 1. Stereological bias for particles with varying degree of liberation, adapted from Spencer 136 
and Sutherland (2000). Possible cross-sections of the particles are denoted with the red lines.  137 

Stereological bias in liberation models can be corrected using stereological correction techniques, 138 
and a number of techniques have been developed over the years (Fandrichi et al., 1998; Gay and 139 
Morrison, 2006; King and Schneider, 1998b; Lätti and Adair, 2001; Spencer and Sutherland, 2000). 140 
On the other hand, 3D liberation models have also been developed in order to completely remove 141 
the stereological bias in forecasting (Hilden and Powell, 2017; Mariano, 2016). This is especially 142 
relevant with recent developments of µCT system which allows acquisition of 3D ore texture 143 
(Guntoro et al., 2020; Jardine et al., 2018) as well as 3D mineral liberation (Reyes et al., 2018; 144 
Ueda, 2019).  145 

In the current study, a 3D liberation model is presented that incorporates preferential, phase-146 
boundary, and random breakage. The model is applicable for 3D ore texture measured using µCT. 147 
The model behavior can be varied depending on the breakage types, thereby generating different 148 
particle population useful for various scenarios of process simulation depending on liberation 149 
characteristics. Furthermore, the model was calibrated with 3D liberation crushed ore particles 150 
analyzed with µCT. After calibration, the relative contributions of the three types of breakage to 151 
the liberation can be known. This information is useful to investigate the non-random and random 152 
breakage occurrence in the comminution experiment, as well as gaining some idea on the 153 
applicability of the 3D liberation model in explaining actual liberation. The overall approach of 154 
this study is presented in Figure 2. 155 
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Figure 2. The approach of liberation modeling in this study. The red arrows denote the modeling 157 
various particle populations depending on the breakage types, while the green arrows denote 158 
calibration with actual experimental liberation analysis to investigate the relative contribution of 159 
random and non-random (phase-boundary and preferential) breakage in the experimental 160 
comminution.  161 

2. Material and Methods 162 

With regards to the overall approach of this study (Figure 2), a workflow is devised  (Figure 3), in 163 
which the workflow consisted of two parts: liberation modeling  and particle forecasting from 3D 164 
drill core texture as well as investigation of breakage types in comminution experiment through 165 
model calibration.  166 
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Figure 3. The workflow of this study, which consisted of experimental crushing and liberation 168 
analysis (left side) as well as liberation modeling using 3D drill core images (right side).  169 

2.1. Ore samples 170 

The ore samples were obtained from the Garpenberg mine in Sweden, located around 180 km 171 
northwest of the capital Stockholm. The Garpenberg deposit can be described as massive sulfide 172 
containing Zn, Pb, Ag, Cu, and Au (Bindler et al., 2017). In the previous study (Tiu et al., 2020) ten 173 
textural classes have been established, in which drill core samples from three of the classes have 174 
been imaged in 3D by µCT (Guntoro et al., 2020). In this study, two of the drill core samples 175 
representing the two textural classes of skarn (S) and talc (T) ore types were used. A more detailed 176 
description of all ore types in the deposit are available in Tiu et al. (2020), but brief descriptions 177 
on the mineralogy and texture of the Skarn (S) and Talc (T) ore types are given in Table 1. 178 



Table 1. Mineralogy and textural characteristics of the skarn and talc ore types from the 179 
Garpenberg deposit, Sweden 180 

Sample Texture image Mineralization 
type 

Major 
sulfide 
minerals 

Gangue 
minerals 

Ore texture 
descriptions 

Skarn (S) 

 

Skarn-hosted 
sulphide 
mineralization 

Sphalerite, 
galena, 
pyrite, 
pyrrhotite 

Pyroxene, 
amphiboles, 
quartz 

Medium to 
coarse grained 
interstitial 
sphalerite and 
galena 

Talc (T) 

 

Shear zone 
mineralization 

Sphalerite, 
galena, 
pyrite, 
chalcopyrite 

Pyroxene, 
amphiboles, 
talc, calcite 

Talc-bearing 
sulphide 
mineralization 
associated with 
the shear zones 

   181 

It is worth noting that the drill cores that were imaged using µCT in Guntoro et al. (2020)  are not 182 
the same drill cores that were crushed to produce the particles, but instead, other drill core 183 
samples that belongs to the same skarn and talc ore types were crushed (Tiu et al., 2020). This 184 
way, the representativeness of the textural classification that has been devised in the previous 185 
studies can be evaluated as well. If breakage is assumed to be dependent of texture, it could be 186 
assumed that the liberation can be reasonably predicted using any of the ore textures that 187 
belongs to the same texture class, i.e. the texture and consequently the liberation is similar for all 188 
ore samples in the same texture class. Establishing a correlation between texture and liberation 189 
is the first key step in connecting processing behavior and ore texture characteristics.  190 

2.2. Experimental Procedure 191 

In this section, the sample crushing and handling, as well as the liberation measurement using 3D 192 
µCT, are explained.   193 

2.2.1. Crushing, sieving, and sample preparation 194 

Several half-core and quarter-core samples belonging to the skarn and talc ore types were 195 
crushed in a laboratory jaw crusher with closed side setting opening of 3.35 mm. These half- and 196 
quarter-cores were ranging from diameter of around 40 – 50 mm. The crushing product was 197 
sieved in the sieve classes of 1.68 – 3.35 mm, 0.84 – 1.68 mm, 0.425 – 0.824 mm, 0.212 – 0.425 198 
mm, and 0.106 – 0.212 mm. These samples were then packed in either plastic (diameter 20 mm) 199 
or borosilicate (diameter 13 mm) containers for µCT analysis (Figure 4). 200 



 201 

Figure 4. Packed crushed particles of skarn and talc ore types for µCT analysis in borosilicate vial 202 
tubes (diameter 13 mm) and a plastic tube container (diameter 20 mm).  203 

2.2.2. X-ray Microcomputed Tomography (µCT)  204 

The µCT measurement parameters for the drill core samples have been documented previously 205 
(Guntoro et al., 2020). The same equipment, i.e. GE phoenix v|tome|x s at Geological Survey of 206 
Finland (GTK) was used for imaging the particulate samples. ORS Dragonfly software (Object 207 
Research Systems (ORS) Inc, 2018) was used for volume rendering and visualization of the 3D 208 
image.  209 

All samples were scanned with a 240 kV microfocus tube, using 0.1 mm of Cu as a beam filter. At 210 
each angle, the device first waited for single exposure time, before taking three single exposures 211 
that were averaged to reduce noise. The accelerating voltage was 150 kV for all samples. The 212 
additional scanning parameters of the µCT for all samples are presented in Table 2 213 

Table 2. µCT scanning parameters for the particulate samples 214 

Size fraction  
1.68 – 3.35 mm 
0.425 – 0.84 mm 

Current 67 µA 
Power  10.05 W 
Resolution 10.49 µm 
# of angles 2700 
Single exposure time 1000 ms 
Total acquisition time 180 min / sample 

 
Size fraction  
0.84 – 1.68 mm 
 

Current 135 µA 
Power  20.25 W 
Resolution 20.30 µm 
# of angles 1500 
Single exposure time 500 ms 
Total acquisition time 50 min / sample 

 
Size fraction  
0.212 – 0.425 mm 
 

Current 34 µA 
Power  5.1 W 
Resolution 5.00 µm 
# of angles 2700 



Single exposure time 1000 ms 
 
Size fraction  
0.106 – 0.212 mm 

Total acquisition time 180 min / sample 
Power  5.1 W 
Resolution 4.83 µm 
# of angles 2700 
Single exposure time 1000 ms 
Total acquisition time 180 min / sample 

 215 

The scanning parameters were varied depending on the particle size of the samples (Table 2). 216 
Having fine resolution on coarse particle sizes can lead to high image quality, but it requires longer 217 
acquisition time to analyze a large number of particles, and subsequently increases the 218 
complexity of the image processing and liberation analysis, as more voxels are acquired in the 219 
final 3D image. For finer particle size, a fine resolution is required for sufficient image quality while 220 
maintaining a reasonable acquisition time, hence the use of a container with smaller diameter, 221 
thereby decreasing the sample size. A good rule of thumb is that the scale parameter (particle to 222 
voxel ratio) should be more than 30 to allow sufficient mineralogical analysis using conventional 223 
thresholding and watershed segmentation, otherwise other enhanced techniques must be used 224 
for analysis (Wang et al., 2015).  225 

In some cases, one might need a better resolution than could be obtained by scanning the whole 226 
sample, as the image resolution is limited by the number of pixels on the detector and sample 227 
diameter. It is then possible to do a region of interest (ROI) scan, where a cylindrical volume inside 228 
the sample is scanned. Modern reconstruction algorithms are quite adept at reconstructing the 229 
ROI volume, but this becomes more problematic when more sample matter is left outside of the 230 
ROI. In this study, the samples with the finest particle sizes (0.212 – 0.425 mm and 0.106 – 0.212 231 
mm) required ROI scanning, but the image quality was not yet affected by the excess sample 232 
around the ROI. 233 

2.2.3. 3D Image Processing 234 

The image slices of the packed particle bed were stacked to create a 3D image. Multi-level Otsu 235 
(Otsu, 1979) thresholding was performed to identify one background phases and three major 236 
mineral phases found in the particles, which were: gangue, sphalerite, and galena minerals. 237 
Thresholding on its own did not give sufficient segmentation for quantitative liberation analysis, 238 
as the µCT images often contain some artifacts that must be pre-processed. One of the artifacts 239 
that is common with packed particle bed samples is the partial volume effects (PVE). Voxels that 240 
are located in phase boundaries will often have grayscale values that are the average of the 241 
surrounding phases. These voxels would then be erroneously thresholded as an intermediate 242 
phase. PVE depends highly on the particle’s geometry and structure, but it is especially marked in 243 
finer particle sizes (Kindlmann and Durkin, 1998).  244 



With regards to mineral liberation analysis of packed particle beds, PVE will severely affect the 245 
quantitative analysis of surface exposure of high-density minerals, as the surface will be 246 
commonly thresholded as lower density minerals such as gangue minerals (Wang et al., 2017). 247 
Without proper correction, it will appear as if there exists a thin coating of gangue minerals 248 
around the high-density minerals in the final segmented image, thereby falsely indicating lower 249 
surface exposure and liberation for the high-density minerals. PVE could also affect the 250 
boundaries between high-density minerals and gangue minerals, in which the boundaries could 251 
be thresholded into intermediate-density minerals, which may affect mineral association analysis 252 
in the particles.  253 

The PVE correction procedure used in this study is based on the procedure proposed by Wang et 254 
al. (2017). The procedure utilizes tracing algorithms to find the boundary regions of a phase in the 255 
image (Gonzalez and Woods, 2002). Two different boundary regions were traced, namely the 256 
boundaries of high-density minerals as well as the boundary of the whole particles. The PVE 257 
affected voxels were determined to be the overlapping regions between these two boundaries 258 
which therefore can be removed. An example of a segmented image after PVE correction is shown 259 
in Figure 5.   260 

 261 

Figure 5. PVE correction with (A) original image of a binary gangue-sphalerite particle, (B) 262 
segmented image showing a thin coating of gangue (blue) around the sphalerite mineral (yellow), 263 
(C) segmented image after PVE correction in which the thin gangue coating around the sphalerite 264 
is removed.  265 

The next preprocessing step was to separate touching particles. Touching particles could be 266 
mistakenly segmented as one particle, which can produce biases in the liberation calculation. In 267 
this study, 3D watershed segmentation (Videla et al., 2007) was used with some adjustments in 268 
the watershed process to avoid over-segmentation, i.e. when a single particle (often large or very 269 
elongated) is mistakenly segmented into multiple particles. The ‘bring up’ method (Atwood et al., 270 
2004; Kong and Fonseca, 2017) was applied to alleviate this problem, mainly by extending the 271 
segmented minima to a level where the unwanted minima can be ignored. The ‘bring up’ method 272 
is quite effective when the particle size of the sample is not greatly varied (Kong and Fonseca, 273 
2017), which is the case in this study as each sample was from a particular size fraction from sieve 274 
analysis before the µCT imaging. Prior to the watershed segmentation, morphological filtering 275 



was done to remove holes in the image, as these holes can be mistaken as the minima where the 276 
watershed line will be placed.  277 

After treating the PVE and touching particles, a flooding process was performed to identify the 278 
individual particles. For each particle, quantitative analysis was then undertaken to calculate the 279 
composition of the three major phases in the particles, which were gangue, sphalerite, and galena 280 
minerals. With the flooding process, all particles can be identified in which the information about 281 
the particles such as volume, composition, and size is known (Figure 6).  282 

 283 

Figure 6. The 3D watershed scheme employed in this study. The final image corresponds to the 284 
various particles (labeled in different colors) that are identified by the flooding process.  285 

2.3. Liberation Modeling 286 

In principle, the liberation model is a 3D version of the earlier model by Parian et al. (2018), in 287 
which a breakage probability value is assigned to each mineral in the image for preferential 288 
breakage as well as a probability for random breakage. The advantage of the model is that it 289 
incorporates both random and non-random (preferential) breakage, in which the probability 290 
values can also be calibrated with experimental data in order to evaluate the relative 291 
contributions of random and non-random breakage in the comminution experiment. The 292 
breakage probability values dictate how the particles are superimposed to the ore texture. In 293 
preferential breakage, the particles are more likely to be superimposed to a specific mineral 294 
phase, while in random breakage the particles are superimposed randomly onto the texture. In 295 
this study, the 2D model by Parian et al. (2018) is extended to be applicable for 3D, as well as an 296 
additional function to account for phase-boundary breakage (Figure 7). For phase-boundary 297 
breakage, the particle cubes were superimposed on to the phase boundaries in the ore texture.  298 

The particle shape in the model is kept as cubic and the corner of the cubes is placed (anchored) 299 
to the texture during the superimposing process. Other 3D models have evaluated the use of non-300 
cubic particle shapes such as spheres (Hilden and Powell, 2017) as well as real particle shapes 301 
(Mariano, 2016). Hilden and Powell (2017) argued that particle shape differences between cubic 302 
and sphere in the model does not have a significant effect in the forecasted liberation, while 303 
Mariano (2016) suggested that the liberation variation due to different particle shapes is mainly 304 
observed at the finer size classes (typically below 100 µm).  305 



 306 

Figure 7. Superimposing the particle cubes to the drill core texture, illustrated in 2D. Breakage 307 
probabilities were assigned for preferential, phase boundary, and random breakage events. In the 308 
preferential breakage, probabilities were also assigned to sphalerite or gangue mineral phases in 309 
the texture. The cubes that were sampled from phase boundary breakage were then subjected to 310 
the phase-boundary cut illustrated in Figure 8.  311 

 312 

 313 

Figure 8. Phase-boundary cut of the sampled cube. The cube was superimposed on the phase 314 
boundaries on the texture. The resulting cube was then cut alongside the phase boundary, 315 
producing two particles.  316 



The phase boundaries were detected using 3D Sobel edge detectors (Sobel, 2014) which is 317 
illustrated in Figure 9. Furthermore, in order to mimic phase-boundary breakage, the particle 318 
cubes that were superimposed to the phase boundaries were further cut alongside the phase 319 
boundary. This means that the particles’ shape would no longer be cubic, but rather depending 320 
on the phase boundary itself. If there are multiple phase boundaries within the same particle, the 321 
cut was made alongside the longest phase boundary (Figure 8).  322 

 323 

Figure 9. (A) Section of the drill core showing the sulfide grains and (B) The phase (grain) 324 
boundaries detected using Sobel edge detector, in which the particle cubes were superimposed on 325 
to these grain boundaries. 326 

The particle cubes that were superimposed to the 3D drill core image were generated according 327 
to the particle size distribution obtained in the sieve analysis. This means that the probability of 328 
a particle of a certain size is generated in the model is set according to the actual sieve analysis of 329 
the crushed particles. A total of 50,000 particles were generated and superimposed into the 3D 330 
drill core image. There are a minimum number of particles required in order to achieve low 331 
enough statistical error in the liberation estimate. Such a number is affected by the liberation and 332 
grade of the particles, in which more liberated particles with low mineral grade typically require 333 
a higher number of particles for statistically sound analysis (Ueda et al., 2016). In this study, the 334 
number of particles produced (50,000) in the model was more than enough to keep the statistical 335 
error below 1%.  336 

The model calibration was formulated as a constrained non-linear optimization problem, in which 337 
the objective function is to find the breakage probability vector 𝑥𝑥 that minimizes the residual sum 338 
of squares between experimental and modeled liberation curves for all size classes. This is 339 



formulated in Equation (1), in which 𝑓𝑓𝑣𝑣𝑛𝑛 and 𝑓𝑓(𝑥𝑥)𝑣𝑣𝑛𝑛 are respectively the experimental and modeled 340 
cumulative distribution of sphalerite particles with sphalerite proportion of more than or equal 341 
to 𝑛𝑛, for 𝑛𝑛 = [0,0.1,0.2, … 1].  342 

min
𝑥𝑥
‖𝑓𝑓𝑣𝑣𝑛𝑛 − 𝑓𝑓(𝑥𝑥)𝑣𝑣𝑛𝑛‖ such that 0 ≤ 𝑥𝑥 ≤ 1, ∑𝑥𝑥 = 1                              (1) 343 

3. Experimental Results 344 

First, the liberation analysis for the 3D particulate samples is set out. Thereafter, the behavior of 345 
the liberation model is explained as well as the calibration process.  346 

3.1. Particle size distribution 347 

The information from particle size distribution (PSD) is relevant for the liberation model, in which 348 
it dictates the size distribution of the cubes that would be superimposed to the textures (Figure 349 
10). Relatively speaking, talc sample has a finer PSD compared to the skarn one.  350 

 351 

Figure 10. Particle size distribution (PSD) of crushed talc and skarn samples 352 

3.2. 3D liberation analysis 353 

Before observing the liberation, the modal mineralogy of the samples (see Table 3 and Table 4) 354 
could give some indication of the liberation. Generally, the galena content of both samples is 355 
relatively low. Therefore, the liberation analysis would be focused on sphalerite mineral. As seen 356 
in Table 1, the gangue minerals in both samples may include various minerals such as quartz, talc, 357 
and amphibole. For the sulfide minerals, the sphalerite may include some pyrite and chalcopyrite 358 
minerals, while the galena may include some minor amount of silver minerals (Tiu et al., 2019).  359 



Table 3. Mineralogical composition of talc particulate samples from 3D analysis 360 

Size fractions (mm) 1.68 – 3.35  0.84 – 1.68  0.425 – 0.84 0.212 – 0.425  0.106 – 0.212  
Gangue minerals (%) 89.91 93.43 89.15 86.51 90.32 
Sphalerite (%) 9.37 6.00 9.89 12.54 7.84 
Galena (%) 0.72 0.57 0.96 0.95 1.84 

 361 

Table 4. Mineralogical composition of skarn particulate samples from 3D analysis 362 

Size fractions (mm) 1.68 – 3.35  0.84 – 1.68  0.425 – 0.84 0.212 – 0.425  0.106 – 0.212  
Gangue minerals (%) 92.70 94.40 91.50 88.89 94.27 
Sphalerite (%) 7.19 5.56 8.44 11.02 5.62 
Galena (%) 0.11 0.04 0.06 0.09 0.11 

 363 

The liberation distributions of the crushed talc and skarn samples are shown in Figure 9. Some 364 
differences can be seen in the liberation distribution, but the degree of liberation (proportion of 365 
a mineral that occurs in a liberated state) is relatively low for both samples. If particles containing 366 
more than 90% sphalerite are counted as liberated, then the proportion of these particles in the 367 
talc samples is higher compared to skarn, suggesting that the talc samples are more liberated. 368 
Nevertheless, these particles only account for around 10% in both samples.  369 

The liberation curves (Figure 11) were used to calibrate the liberation model, in which the 370 
breakage probabilities were adjusted so that the modeled liberation curve could match the 371 
experimental liberation curve.  372 

 373 

Figure 11. Volumetric liberation distribution for sphalerite in the crushed (A) talc and (B) skarn 374 
samples  375 

  376 



3.3. Liberation modeling – behavior and calibration 377 

In order to get some sense of the model’s behavior, some extreme cases of breakage are 378 
demonstrated, such as fully preferential in sphalerite, fully random, or fully phase-boundary. 379 
Afterwards, the probabilities for these three breakage events were adjusted to match the actual 380 
liberation curve from the experimental crushing.  381 

3.3.1. Fully preferential breakage on sphalerite 382 

In this case, the cubes are always superimposed to the preferred mineral phases. Ideally, when 383 
the cube size is small enough, the liberation curve would indicate high liberation observed for 384 
that mineral. However, as for any texture-based liberation model, the liberation is controlled by 385 
the texture and product size. Depending on the texture, a high degree of liberation might not be 386 
achieved even when full preferential breakage on that mineral occurred. Furthermore, in this 387 
study, there is also a limitation for the resolution of the µCT. As stated in (Guntoro et al., 2020), 388 
the voxel resolution for the drill core 3D images was set 50 µm, which means that the generation 389 
of particles lower than that size was not possible without increasing the image resolution.  390 

The liberation distribution for fully preferential breakage in sphalerite is shown in Figure 12. In 391 
this case, it was expected that liberation would increase in finer size classes (Parian et al., 2018), 392 
as the finer the cubes the more likely that the sampled texture will be liberated. This trend can 393 
be observed in the model for both textures, where more particles are fully liberated in the finer 394 
size classes. 395 

 396 

Figure 12. Volumetric liberation distribution for sphalerite for full preferential breakage in 397 
sphalerite for (A) talc and (B) skarn textures 398 

3.3.2. Fully random breakage 399 

In this case, the cubes are superimposed randomly in the texture. The liberation would be 400 
independent of how the cubes are placed and fully dependent on the texture. The liberation 401 



distributions of both textures showed no clear trend in the liberation (Figure 13), but it can be 402 
noted that more liberated sphalerite particles were generated from talc texture compared to 403 
skarn texture. As the particles were sampled randomly, this result could suggest that sphalerite 404 
minerals in the talc texture are somewhat easier to liberate.  405 

 406 

Figure 13. Volumetric liberation distribution for sphalerite for full random breakage model for (A) 407 
talc and (B) skarn texture 408 

3.3.3. Fully phase-boundary breakage 409 

The phase-boundary breakage implemented in this model does not make a distinction between 410 
different phase-boundaries, for example between sphalerite-galena and sphalerite-gangue. In 411 
reality, there might be different effects on phase-boundary breakage depending on the mineral 412 
phases. Similar to the preferential breakage, the observed liberation distribution for phase-413 
boundary breakage tend to increase in finer size classes (Figure 14). The stepped shape at 5% 414 
sphalerite (Figure 14) is due to the liberation threshold set in the model, in which particles 415 
containing less than 5% sphalerite is not included in the phase boundary breakage (Figure 8) as 416 
such particles can be considered as liberated gangues.  417 



 418 

Figure 14. Volumetric liberation distribution for sphalerite for full phase-boundary breakage 419 
model for (A) talc and (B) skarn texture 420 

3.3.4. Trend in mineralogy and liberation across size classes  421 

One way to observe the type of breakage that occurs during comminution is by evaluating the 422 
liberation characteristics across different size classes. The degree of liberation can be used to 423 
evaluate the trend of liberation across size classes (Figure 15). Further, it can also give an idea of 424 
which breakage events generates the highest degree of liberation for a given texture.  425 

 426 

Figure 15. Degree of liberation across size classes for (A) talc and (B) skarn textures. 427 

A similar trend is observed for all models, where the degree of liberation generally increases as 428 
the particle size gets finer. Some deviations occur especially in the finest size class where the 429 
liberation somewhat decreases, which can be attributed to the limited voxel resolution. The 430 



resolution of the drill core 3D images is 50 µm, so particles in the finest size class of 0.106 – 0.212 431 
mm would have the dimension of 3x3x3 voxels which may not be sufficient to describe the 432 
different minerals in the particle. The issue of limited voxel resolution has also been highlighted 433 
by Mariano (2016) as possible reasons why liberation appears to decrease in finer size classes. 434 
This limitation can be addressed by performing the µCT scanning at a higher resolution or 435 
enhancing the 3D image resolution using various image interpolation techniques (Chen and Yap, 436 
2005). 437 

With regards to the liberation differences in talc and skarn textures, it can be observed that 438 
irrespective of the breakage types, the liberation of sphalerite particles in talc texture is generally 439 
higher than those in the skarn texture. This suggests that it is easier to liberate sphalerite in talc 440 
than in the skarn. Such observation could also be related to the PSD (Figure 10), in which more 441 
fine particles were generated from the talc drill cores in the crushing experiments. Comminuting 442 
particles to finer sizes typically leads to higher liberation (Veasey and Wills, 1991).  443 

One common trend observed for phase-boundary breakage models in both textures is that at a 444 
certain particle size, the liberation increases significantly. This might indicate a detachment 445 
process (Parian et al., 2018), which reflects an extreme case of phase boundary breakage where 446 
the mineral grains are “detached” from the ore matrix. Furthermore, phase-boundary breakage 447 
is generally understood to increase liberation (Fandrich, 1998; Parian et al., 2018), in which this 448 
can be observed especially in the finer size classes of both textures. Nevertheless, it was pointed 449 
out that the effect of phase boundary breakage on the liberation is highly varied depending on 450 
the ore texture itself (Little et al., 2016), especially related to the mineral grade and grain size in 451 
the texture.  452 

Another way to evaluate the prevalence of phase-boundary breakage is by looking at the surface 453 
properties, such as interfacial area and exposed grain surfaces (surface liberation) (Garcia et al., 454 
2009). Such parameters can be calculated using association index matrices (AIM) (Guntoro et al., 455 
2020; Parian et al., 2018), in which the association of the mineral with the background can be 456 
considered as the exposed surface. In phase-boundary breakage, one could expect that the 457 
surface exposure for both sphalerite and gangue minerals should increase with finer size classes, 458 
while in preferential breakage only the surface exposure of the sphalerite would increase. This is 459 
because, in the phase-boundary breakage, both phases would be liberated, therefore in the finer 460 
size classes, it would be expected that both sphalerite and gangue minerals should have relatively 461 
high surface liberation.  462 

In order to evaluate the surface exposure value for the whole particle population after the 463 
liberation modeling, the median value is taken as an indicator. Median surface exposure of 40% 464 
for sphalerite indicates that half of all particles have at least 40% exposed sphalerite. The surface 465 
exposure of the particles is shown in Figure 16 and Figure 17 for crushed talc and skarn particles 466 
respectively. 467 



 468 

Figure 16. Median value of exposed sphalerite (A) and gangue (B) in crushed talc particles of 469 
various size fractions.  470 

 471 

Figure 17. Median value of exposed sphalerite (A) and gangue (B) in crushed skarn particles of 472 
different size fractions 473 

A clear trend that can be seen in the preferential breakage model for sphalerite is that the surface 474 
exposure of sphalerite increases significantly while the surface exposure of the gangue minerals 475 
decreases with finer size classes. In phase-boundary breakage, the same increase can be observed 476 
for both sphalerite and gangue minerals. This can be explained by preferential breakage where 477 
sphalerite is liberated in finer particle sizes, while in phase-boundary breakage both phases 478 
liberate, thereby freeing more surfaces of both minerals. It is also worth noting that the surface 479 
exposure of sphalerite particles generated from the phase-boundary breakage model is 480 
consistently higher than those generated from the preferential breakage model.  481 

The mineralogical trend across size classes is especially useful for observing preferential breakage, 482 
where it is expected that the preferred mineral occurs more abundantly in the finer size class 483 



(King, 2001). This is indeed observed in the mineralogical trend of the preferential model in this 484 
study (Figure 18). It is worth noting as well that the liberation models that are used in this study 485 
do not necessarily produce the same modal mineralogy as in the experimental work (Parian et al., 486 
2018), as it can be observed by comparing with Table 3 and Table 4. Some adjustment techniques 487 
(Lamberg and Vianna, 2007) are needed to address this issue.  488 

 489 

Figure 18. Mineralogical trend across size classes for (A) talc and (B) skarn textures 490 

3.3.5. Calibration with experimental data 491 

The adjustment and calibration were done as a constrained optimization problem, which was 492 
solved using interior-point algorithm (Byrd et al., 2000). The adjusted probabilities for the 493 
breakage model are presented in Table 5, while the statistical parameters from the model fitting 494 
such as coefficient of determination (R2) and root mean squared error (RMSE) are given in Table 495 
6 and Table 7 for talc and skarn samples respectively. The modeled liberation distribution are 496 
given in Figure 19. 497 

Table 5. Breakage probability values of the adjusted model 498 

Breakage type Talc Skarn 
Preferential breakage in gangue minerals 0.56 0.66 
Preferential breakage in sphalerite 0.14 0.07 
Random breakage 0.20 0.23 
Phase-boundary breakage 0.10 0.04 

 499 

Table 6. Statistical fit of the modeled liberation for talc samples 500 

Size fractions (mm) 1.68 – 3.35  0.84 – 1.68  0.425 – 0.84 0.212 – 0.425  0.106 – 0.212  
R2 0.66 0.73 0.95 0.91 0.94 
RMSE 19.61 16.58 7.10 9.07 8.04 



Table 7. Statistical fit for modeled liberation for skarn samples 501 

Size fractions (mm) 1.68 – 3.35  0.84 – 1.68  0.425 – 0.84 0.212 – 0.425  0.106 – 0.212  
R2 0.99 0.98 0.94 0.63 0.72 
RMSE 2.50 3.93 7.39 18.00 15.26 

 502 

 503 

Figure 19. Modeled volumetric liberation distribution for sphalerite for (A) talc and (B) skarn 504 
samples 505 

The calibrated model probabilities (Table 5) could give some idea about the modes of breakage 506 
that could explain the experimental comminution. The calibrated model showed that phase-507 
boundary breakage only accounts for 4% and 10% of the breakage in both textures, meaning that 508 
the additional function did not add a significant explanation to the breakage of both textures. 509 
While this might reflect the lack of phase-boundary breakage in the crushing experiment, it could 510 
also reflect the definition of phase-boundary breakage in the model is not reflective of actual 511 
phase-boundary breakage. Nevertheless, judging from the relatively low degree of liberation in 512 
the crushed particles (Figure 11), it is unlikely that phase-boundary breakage occurred as 513 
generally such breakage is understood to significantly increase the liberation (Fandrich, 1998).  514 

As discussed earlier, the proportion of liberated sphalerite particles is higher for the talc texture 515 
than the skarn texture (Figure 11). This can be reflected in the modeled breakage probabilities 516 
(Table 5), in which the modes of breakage that increase liberation such as preferential breakage 517 
in sphalerite and phase-boundary breakage have higher probabilities in talc than skarn texture. 518 
This is also reflected in the modeled liberation distribution (Figure 19), in which the liberated 519 
sphalerite particles are slightly more prevalent in the crushed talc samples. Nevertheless, the 520 
calibrated model suggested that both texture mostly breaks preferentially in gangue minerals.  521 



While in general a good statistical fit is obtained for the model (Table 6 and Table 7), there is a 522 
general trend observed that the model tends to explain liberation distribution better only in some 523 
size classes rather than other size classes. While this can be attributed to the optimization 524 
behavior, it could also be attributed to the size reduction and equipment related parameters in 525 
the breakage which is left unaccounted in the model. This is typically reflected by the insufficiency 526 
of the model in properly describing the liberation in all size classes; additional process equipment 527 
related parameters are required to explain the variation of breakage in different size classes.  528 

An alternative approach that could be tested in the model calibration is to use the principle of 529 
weighted least square fitting, in which the liberation distribution of each size class is weighted 530 
depending on the accuracy of the experimental liberation data. The accuracy of the liberation 531 
analysis in each size class can then be related to the statistical effect due to sampling error (Ueda 532 
et al., 2016) as well as error due to the image acquisition and processing procedure (Wang et al., 533 
2015). The issue of statistical error of the experimental liberation data and its effect on model 534 
fitting has also been highlighted in previous work of 3D liberation modeling (Hilden and Powell, 535 
2017).  536 

4. Discussion 537 

In a previous study (Guntoro et al., 2020), an automated 3D texture classification routine was 538 
developed to distinguish skarn and talc textures. One of the issues that was raised in the study 539 
was whether a connection between the textures and their processing behavior can be 540 
established. This study provides a first step in establishing such a connection, mainly by the use 541 
of 3D liberation models to generate particles, which in turn can be used for process simulation 542 
(Lamberg, 2011).  543 

There have been several 3D liberation models developed over the years (Evans et al., 2013; Hilden 544 
and Powell, 2017; Mariano, 2016), but these models are exclusively based on random breakage. 545 
Both modeled and measured textures have been used in these models. The use of random 546 
breakage in these models has been recognized as simplification by the authors, as non-random 547 
breakage often prevails in various type of ores, especially those of sulfide ores (Mariano et al., 548 
2016). As sulfide ores are used as the material in this study, a non-random 3D liberation model 549 
has been proposed, in which the model was validated against experimental data.  550 

The model can be regarded as a 3D extension of an earlier model developed by Parian et al. 551 
(2018), with additional functionality for phase-boundary breakage. The calibrated model showed 552 
that random breakage only accounts for around 20% of the breakage for both textures. Reflecting 553 
back to the results from Parian et al. (2018), random breakage also accounted for around 10% to 554 
20% of the breakage for iron ore textures. Hilden and Powell (2017) have also outlined in their 555 
study that the assumption of random breakage in their liberation model may contribute to the 556 
mismatch between simulated and experimental liberation. In general, these findings 557 
demonstrated the insufficiency of random breakage in explaining the breakage that happened in 558 



the experimental comminution and thereby necessitate the incorporation of non-random 559 
breakage in liberation modeling. 560 

The advantage of the model proposed in this study lies in its flexibility and adaptability for various 561 
ore textures. The model can also be used to examine the breakage events that took place in the 562 
comminution process as well as to forecast various possible particle population depending on the 563 
prevailing breakage event. The resulting particle population from the model can be used as an 564 
input for process simulation, thereby giving some idea about the best-case and the worst-case 565 
scenario of the beneficiation process depending on the liberation of the input stream as well as 566 
on the ore texture used in the liberation modeling.  567 

One drawback to this model is related to the limitation of 3D µCT, namely that the mineralogical 568 
analysis that can be done using such data is generally limited. In this study, simplification was 569 
done for example by regarding all low-density minerals as one group of gangue minerals, while 570 
also combining pyrite and sphalerite as one group. This issue is generally well known in 3D µCT 571 
data and several studies have been devoted in alleviating this issue with the help of 2D automated 572 
mineralogy data (Guntoro et al., 2019; Reyes et al., 2017). For example, in the work of Reyes et 573 
al. (2018), the calibrated thresholding technique (Reyes et al., 2017) was applied to the liberation 574 
analysis to give insight into the differences in the liberation between pyrite and copper sulfide 575 
minerals. Future work on this model should also consider this approach by applying the machine-576 
learning segmentation method developed earlier (Guntoro et al., 2019) in order to evaluate the 577 
different breakage behavior of pyrite and sphalerite.  578 

Other improvements of the model that can be done are related to the computational cost; the 579 
model requires about 40 minutes to generate 10,000 particles. This computational cost can be 580 
related to the large size of the 3D drill core texture data as the input for the non-random breakage 581 
modes. Improvements can be made by using modeled instead of measured texture so that the 582 
computational demand can be decreased as the ore texture can be represented as textural 583 
features such as grain size or mineral association. For example, texture-based random liberation 584 
models proposed in Hilden and Powell (2017) were able to generate 100,000 particles in the order 585 
of 30 seconds. However, it is worth pointing out that random liberation models can generally run 586 
much faster as the particle sampling procedure can be greatly simplified without requiring the 587 
texture as input, in comparison with preferential breakage that requires mineral and phase-588 
boundary maps as input in the sampling procedure.  589 

The idea of using models instead of measured texture is also to introduce some generalization of 590 
the texture, as the sampled and measured texture might not be representative of the whole ores 591 
in the same textural class due to sampling error. Textural variation exists in the ores in the same 592 
textural class, although this variation should not be significant enough so it can be classified as a 593 
different textural class. In this study, the liberation of a drill core sample can be reasonably 594 
modeled using another drill core sample that belongs to the same texture class that has been 595 
previously established (Tiu et al., 2020). This demonstrates that the texture variation between 596 
drill cores in the same texture class is relatively insignificant to the extent that the variation in the 597 



liberation is also insignificant. The texture variation between the drill core used in the modeling 598 
and the experiment might also explain some of the mismatches between the model and 599 
experimental data. The liberation prediction accuracy can potentially be improved if the same 600 
drill core samples are used in the modeling, but care must be taken to avoid overfitting the model 601 
to the specific drill core sample, i.e. the applicability and generality of such model should also be 602 
evaluated.   603 

Furthermore, by using texture models, different representation of textures can be simulated in 604 
order to evaluate the effect of various textures to the liberation. However, there are also some 605 
drawbacks, namely that these models are often highly simplified in describing the ore texture 606 
(Hilden and Powell, 2017), which could then affect the liberation prediction as some information 607 
about the ore texture is lost in the representation. Increasing the complexity of the texture 608 
models by incorporating various parameters could increase the accuracy of the liberation 609 
prediction, however the computational cost of such model would also be significantly increased.  610 

5. Conclusion 611 

A novel texture-based liberation model for generating particles from measured ore texture 612 
acquired from 3D µCT has been presented in this study. The model incorporates preferential 613 
breakage, phase-boundary breakage, as well as random breakage. The relative contribution of 614 
these modes of breakage can be calibrated with experimental liberation data, thereby giving an 615 
idea of the breakage phenomena in the experimental comminution. After calibration, the model 616 
was able to explain on average around 84% of the liberation from the experimental data. The 617 
remaining proportion can be attributed to variables unexplained in the model, such as other types 618 
of breakages, process and equipment-related parameters, as well as textural variations in the drill 619 
core samples.   620 

The model can be used to test different modes of breakage thereby generating different particle 621 
populations suitable for process simulation. The procedure is useful to evaluate various scenarios 622 
of the beneficiation process depending on the liberation characteristics of the raw material as 623 
well as its relation to the ore texture. Calibrated with the experimental liberation data, the model 624 
can also be used to investigate various breakage mechanisms in the comminution process.   625 

Future work should seek to incorporate more detailed mineralogical information in the 3D model, 626 
thereby compensating the limitation of µCT in explaining mineralogy of the ore. Other areas of 627 
improvement include incorporating statistical error associated with the experimental data in the 628 
calibration process as well as including more breakage modes in the model such as selective, 629 
differential, and boundary region breakage. In principle, future development of liberation models 630 
should be directed towards incorporating more parameters or otherwise selecting a set of 631 
suitable parameters that could further explain the corresponding experimental liberation data.  632 

  633 
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