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Sub-level caving (SLC) is a mass mining method suitable for large, steeply dipping orebodies. The
particle size distribution (PSD) of blasted material affects material flow through the stope. Improving
blast-induced fragmentation can enhance draw point extraction, increasing ore recovery, reducing
dilution, and lowering costs in loading and crushing. Numerical simulations using the Mechanistic
Blasting Model (MBM) explored these improvements. MBM simulates the explosive loading, rock
fracturing, and dynamic explosive gas effects. It addresses uneven explosive distribution from fan-
shaped blast holes and complex broken ground conditions. The simulations used Ernest Henry Mine
(EHM) data to define the baseline blast design and rock mass and compared field and modelled frag-
mentation sizes for varying explosive densities and burden sizes. Then, MBM simulations incorporated
different rock mass fracture densities, tensile strengths and in-situ stresses, and further blast design
changes in the blasthole diameter and charge spacings. A total of 34 scenarios were modelled. Multi-
variate regression analysis identified key parameters, and new regression models for P20, P50, and P80
passing sizes were developed and validated against the EHM and MBM simulation data. Additional
simulations confirmed that while regression predictive models were slightly less accurate, they pro-
vided efficient predictions with acceptable accuracy.
© 2026 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

1. Introduction

retreating manner. The blasted rock fragments flow into the pro-
duction drift at the draw point and are excavated until dilution of

The initial step in the extraction process in metalliferous min-
ing involves the fragmentation of rock masses that contain ore.
Typically, this is achieved using methods such as drilling and
blasting. The fragmentation size distribution after blasting may
have an impact on the efficiency of downstream processes such as
hauling and crushing (Grant et al., 1995; Jimeno et al., 1995; Aler
et al,, 1996; Hamdi et al., 2001; Campbell and Thurley, 2017).
Fig. 1 depicts the process of sub-level caving. In each sublevel, a
series of fan-shaped rings of blastholes is drilled. Blasting is carried
out ring-by-ring, moving from the hanging wall to the footwall in a
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the ore by the cave waste material becomes excessive (Shekhar,
2020). Finer particles are more mobile and flow faster to the
draw point, but they can produce sticky mud or slurry in damp
circumstances. In addition, fines can also produce dust problems in
the operational areas (Campbell and Thurley, 2017). Furthermore,
small fragments can have an impact on the flow characteristics
within the stope, producing narrow draw - preferential flow in the
central section of the ring (Manzoor, 2023). On the other hand,
large rock fragments or boulders can produce severe hang-ups
blocking the flow of material to the draw point, negatively
impacting productivity and producing a safety hazard (Campbell
and Thurley, 2017). In practice, achieving the optimal rock frag-
mentation size distribution is challenging due to the intricate
interplay of multiple factors associated with blasting parameters,
rock properties and operational conditions.

1674-7755/© 2026 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Fig. 1. Schematic layout of sublevel caving (Shekhar, 2020).

1.1. Empirical fragmentation models

Modelling rock fragmentation using blast design parameters
and rock mass properties, remains a challenging topic for re-
searchers and engineers (Onederra, 2004a). Several empirical
models have been developed to evaluate the particle size distri-
bution resulting from blasting. As discussed in Ouchterlony and
Sanchidrian (2018), the simplest form of the cumulative distribu-
tion function was first developed as a power function by Gates,
Gaudin and Schuhmann (GGS). GGS is based on the maximum
sizes of rock fragments, normalising parameters and a shape (or
slope) parameter (Ouchterlony and Sanchidridn, 2018). One of the
most important cumulative distribution functions was developed
by Rosin and Rammler. The original Rosin-Rammler (RR) size
distribution function does not have any upper fragment size limit
(Ouchterlony and Sanchidridn, 2018). The Weibull distribution
later applied this function to a broader field of statistics and ma-
terial strength, but it did not include an upper limit. The upper size
limit was introduced by Sanchidrian et al. (2014) in response to the
limitations of the original Weibull distribution (Weibull, 1951).
Many empirical models developed after the RR distribution func-
tion were defined with their own parameters of median frag-
mentation size and uniformity index to improve accuracy. The
models aimed to introduce a more complete description of the
blast design and rock mass to increase the applicability of the
model to different blasting scenarios. These models include the
Kuz-Ram model (Koshelev et al., 1971; Cunningham, 1983, 1987),
the extended Kuz-Ram model (Cunningham, 2005), the Swedish
Detonic Research Foundation (SveDeFo) function (Hjelmberg,
1983; Ouchterlony and Sanchidrian, 2018), and the US Bureau of
Mines (USBM) model (Stagg et al., 1990; Chung and Katsabanis,
2000). The original Kuz-Ram model took Koshelev and Kuznet-
sov's derived formula for the resulting average fragment size due
to a quantity of high explosive and converted it to apply to com-
mercial bulk explosives and a blast design powder factor, and the
RR uniformity index was derived from blast design data (Koshelev
et al,, 1971; Cunningham, 1983, 1987, 2005).

Other models have been developed to address the underesti-
mation of the Kuz-Ram model for fine fragments in blasted
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material (Djordjevic, 1998). These include the Crushed Zone Model
and the Two-Component Model, both developed at the Julius
Kruttschnitt Mineral Research Centre. Both models were built on
the Kuz-Ram framework and divide the blasted material into
coarse and fine fractions. In these models, the coarse material is
due to tensile fracturing within the in-situ discontinuities in the
rock mass, and the fines are modelled considering the crushed
zone radius and the volume of material crushed around the blast
hole. Esen et al. (2003) developed a formula to define the radius of
the crushed zone using a crushing zone index. Onederra et al.
(2004) defined a breakage zone in the shape of a star around the
blast hole and tested this model using six blasts with good results.
Based on data from the Ridgeway SLC mine, Onederra (2004b,
2005) linked the peak particle velocity breakage threshold to a
breakage uniformity index and used the Two-Component Model to
derive a fragmentation PSD curve and validate it against field data
(Djordjevic, 1999; Esen et al., 2003; Onederra, 2004b; Onederra
et al., 2004; Onederra, 2005; Ouchterlony and Sanchidridn, 2018).

The FRAGMENTO framework was developed for underground
production blast modelling at the Julius Kruttschnitt Mineral
Research Centre (Onederra, 2004b). FRAGMENTO uses a single-
ring model to create fractures in near and mid-to-far regions
from the blasthole. Onederra (2004b) introduced a stochastic
method for simulating coarse fragmentation based on data from
an SLC operation. The simulation outputs indicated that, while the
generated fragmentation statistics might not be entirely precise,
they did exhibit reliable and consistent patterns, especially when
forecasting average and maximum particle size values. By
comparing these results with real-world case studies, Onederra
concluded that FRAGMENTO could be applied in the initial stages
of project assessment, such as pre-feasibility and feasibility
studies, for the comparison of different drill and blast scenarios
and their costs. However, it is important to note the limitations of
the simulation approach, associated with the constraints inherent
in the single-ring blasting model (Onederra, 2004b).

The Swebrec function and the extended Swebrec function were
developed because of differences between the Rossin-Rammler
curve and sieved fragmentation data observed in the European
Union (EU) ‘Less Fines’ project, in a collaboration between the
Swedish Rock Engineering Research Foundation and Montan
Leoben University. The Swebrec function is (Ouchterlony, 2005;
Ouchterlony and Sanchidrian, 2018):

1

Pg =
{1 + [In(Xmax/X)/In(Xmax/X50)] b}

we (X) (1)

where b is the shape parameter, xp3x iS the maximum size of
blasted materials, and x5q is the median fragment size and x is the
fragment size.

The Kuznetsov-Cunningham-Ouchterlony model was devel-
oped by replacing the RR function with the Swebrec function in the
Kuz-Ram model (Ouchterlony and Sanchidrian, 2018).

More recently, the fragmentation energy-fan model
(Ouchterlony et al., 2018) and the distribution-free blast model
(Ouchterlony et al., 2017; Sanchidrian and Ouchterlony, 2017) have
been developed to predict surface blast PSD. The distribution-free
blast model considers various constant parameters that must be
defined using experimental data from the site. It is a complex
model developed through dimensional analysis, adapted from
asteroid collision theory (Sanchidrian and Ouchterlony, 2017). The
fragmentation energy-fan describes fragmentation data in the
form of percentile fragment sizes as a function of specific charge,
represented by a set of straight lines in a log-log diagram. The
slope of these fan-shaped lines is related to the percentile passing
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of fragments across different sieve sizes, which is used to derive
the PSD curve. The constant parameters in these fan-shaped
curves should be determined by experimental data (Ouchterlony
et al.,, 2017).

1.2. Numerical modelling of particle size distribution induced by
blasting

Numerical modelling in rock mechanics uses mathematical
methods to simulate the behaviour of rock masses, treating them
as either continuous or discrete systems based on the scale and
nature of the problem (Jing, 2003). Previous models have primarily
focused on open-pit mining. For example, Ding et al. (2019) used
LS-DYNA (ANSYS) to study the damage characteristics of adjacent
blastholes after detonation and the distribution of cracks in the
damage zone. They generated PSD data from the simulations and
used them to optimize blasting parameters (Ding et al., 2019).
Another study for open-pit blasting was described in Shahrin et al.
(2019), where the discrete element method was used to model the
rock media and the bounded particle method was used to imple-
ment the detonation pressure and blasthole loading in LS-DYNA.
The PSD data were calculated using the GoldSize software
(Shahrin et al., 2019).

The Hybrid Stress Blasting Model (HSBM) was developed by the
Sustainable Minerals Institute (SMI) of University of Queensland in
collaboration with Itasca Consulting Group. The development
project was initiated in 2001 and sponsored by a consortium of
mining companies and explosive manufacturers, including Dyno
Nobel and African Explosives Limited. HSBM is a three-
dimensional (3D) blasting model designed to simulate explosive
detonation, fragmentation, and blast movement, by integrating
various numerical codes to achieve physically realistic outputs.
Rock breakage was initially calculated through the ‘Blo-Up’
component, which utilised Itasca's Particle Flow Code 3D to create
a ‘synthetic rock mass’ with bonds between particles, enabling the
model to replicate the macro response of tested rock samples to
blast loading. However, the excessive simulation run times, even
with supercomputing power, led to the development of ‘Blo-Up2’,
which paired continuum and discrete numerical methods with a
fully coupled gas flow model (Ruest et al., 2006; Furtney et al.,
2009; Sellers et al., 2012; Onederra et al., 2013; Mitchell et al,,
2023). Blastholes were represented using the Fast Lagrangian
Analysis of Continua finite difference method, while wave propa-
gation and rock fragmentation for muck pile formation were
handled by a bonded lattice model. The explosive in the updated
HSBM was represented within the central zones of the Fast
Lagrangian Analysis of Continua region using a specialized
constitutive behaviour, with detonation models determining key
parameters such as the velocity-of-detonation (VoD), the Wil-
liamsburg equation-of-state parameters, and the final reaction
extent. The near-field region surrounding the explosive was
modelled as a Mohr-Coulomb material, which was coupled to the
explosive reaction products through the Williamsburg model,
ensuring a realistic simulation of the interaction between the
detonation process and the surrounding rock mass (Ruest et al.,
2006; Furtney et al., 2009; Chitombo et al., 2010; Sellers et al.,
2012; Onederra et al., 2013; Mitchell et al., 2023). Despite these
advancements, the limitation of the lattice model to simulate
stresses or to support complex failure mechanisms has limited its
capability. Nevertheless, extensive validation using mine site and
laboratory data demonstrated the ability of the original ‘Blo-Up’
model to simulate microfracture creation through to blast move-
ment. HSBM continues to be used in mining operations to address
a range of blasting challenges, though the development of ‘Blo-
Up2’ for the purpose of improving the computational efficiency
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came with severe limitations. The final report of the HSBM project
is documented in (Chitombo et al., 2010).

LS-DYNA (ANSYS) was used to determine the effects of chang-
ing the delay time and primer position on particle size distribu-
tions in SLC mines. The explosive was modelled using the Jones-
Wilkins-Lee (JWL) equation-of-state, and the damage accumu-
lated in the Westerly granite rock was modelled using the Riedel-
Hiermaier-Thoma (RHT) material model. To calculate fragment
sizes, an indirect method utilising a damage threshold was
employed to identify cracks and determine the final fragment
sizes. Then the extended Swebrec curve was fitted to the fragment
data to create a final PSD curve (Yi et al., 2017). The results showed
that longer delay times between blastholes can produce finer
fragmentation, and when assessing the impact of primer location,
they found more boulders were created at the point of initiation.
However, the RHT material model created simulation stability is-
sues due to excessive element distortion, highlighting a challenge
when using continuum finite element modelling for simulating
fragmentation caused by blasting (Yi et al., 2017). Further research
by Yi et al. (2022) with modelling in LS-DYNA determined that
increasing the burden dimension will increase the fragment sizes.
Then a 3D flow model of the blasted material was constructed in
LS-DYNA. For the flow model, the explosive detonation was
simulated by a particle blast model, a loose particle model was
used to simulate the cave waste rock, a bounded DEM model was
used to represent the blasted orebody, and the rock mass around
the blast was modelled with a finite element mesh. The particle
blast method is an extension of the Corpuscular Particle Method, a
coarse-grained, multi-scale approach used for gas dynamics
simulation. The results showed that the upper part of the ring has
coarser fragments compared with the lower part of the ring and
suggest that large fragment sizes and irregular shapes of frag-
ments could cause the gravity flow pattern of fragmented ore to
deviate from an elliptical shape. However, to control simulation
run times, large particles were used, with waste particle radii
ranging from 0.3 m to 0.45 m, and the ore particle radius was
0.24 m. Also, as only a single ring was modelled, blast pre-
conditioning of the ring burden was not considered (Yi et al.,
2022).

A separate study to reduce the production of boulders in an SLC
ring blast. Yang et al. (2021) constructed 2D plane strain models in
LS-DYNA to examine the interaction between two blastholes. Im-
age processing using MATLAB was used to segment rock particles
in the model. The results showed that shorter delays between
holes increased the average and maximum fragment sizes, how-
ever, the model had a tendency to create excessively large frag-
ments around the first blasthole to fire. This could be due to a lack
of pre-conditioning and representing the rock mass as homoge-
neous. The study also utilised a 3D single-hole geometry to
investigate the effect of using single-versus double-priming. The
results show that double-priming can increase the number of
fragments and the complexity of the fracture network (Yang et al.,
2021).

Zhang et al. (2020) used Particle Flow Code 2D to model the
explosive loading by using a particle expansion algorithm and the
results were compared with field experiments to calculate the size
of the blasting funnel. When an explosive detonates in a rock
medium, the explosive energy is absorbed by the rock through
plastic deformation and failure. Once the rock can no longer
absorb energy completely, surface displacement occurs, leading to
rock damage and the formation of a blasting funnel (Zhang et al.,
2020). The modelling results showed a good fit for the size of
the blast funnel compared to field data. However, there was a clear
deviation in the predicted peak particle velocity and blast vibra-
tion compared to field data. This discrepancy could be due to
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differences in the location of the measured peak velocity in the
field and the simulation (Zhang et al., 2020). The software from
Lapcevic et al. (2023) encompasses a wide range of blast config-
urations, including both parallel and fan-shaped blast hole pat-
terns, different explosive types and different rock properties.
Additionally, the software can account for blast hole deviation,
misfires, and damage caused by previous blasts. The model shows
very good agreement with field fragmentation data when blasting
in massive rock types with few discontinuities. Fig. 2 shows the 3D
fragmentation model setup (Lapcevic et al., 2023).

As discussed, all previous models have their own limitations.
Within the context of blasting in an SLC operation the main
shortcomings of the models are their inability to accurately take
into consideration the influence of confinement due to blasting a
ring into cave material, and the complex interaction of the deto-
nating explosives and the surrounding rock mass within a blast
event.

1.3. Sub-level caving field fragmentation data

Luossavaara-Kiirunavaara Aktiebolag (LKAB) mining company
used a camera to take images of blasted material in loaded buckets.
Fig. 3 shows a schematic diagram of the camera location for
fragmentation monitoring (Wimmer, 2012; Thurley et al., 2015;
Manzoor et al., 2022).

Video of more than 15,000 loaded buckets was assessed and a
total of 7258 buckets were analysed using a quick rating system
written in MATLAB. From the median size of the blasted material
in each bucket, they were divided into four categories; fine, me-
dium, coarse and oversize (Thurley et al., 2015; Manzoor et al.,
2022). Manzoor et al. (2022) concluded that reducing the diam-
eter of the blastholes did not have a significant impact on the
reduction of the median fragmentation size, although the
measured blast-induced ground vibration did decrease. However,
the effects of blasthole deviation and variations from the design of
hole charging on blast performance were not considered (Manzoor
et al., 2022). In another study, 3D photogrammetry image data
were generated by cameras mounted on Load-Haul-Dump
buckets. Bucket sieving was done for about 70 t and the sieving
data were compared with the results from the 3D photogram-
metry analysis. The results showed that while the size distribution
from the analysis did not perfectly match the sieving data, the 3D
imaging provided a useful estimation of coarse and fine fragment
size fractions. Significant differences were observed between the
measurement of the fragment sizes at the drawpoint and the same
fragments in Load-Haul-Dump buckets, highlighting the impact of
sampling location and the need to measure large quantities of data
(Thurley et al., 2015).

Fig. 2. The 3D fragmentation model illustrating blast ring geometry and design
(Lapcevic¢ et al., 2023).
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Drift

Fig. 3. Schematic of fragmentation monitoring (Manzoor et al., 2022).

Wimmer (2012) used historical data from LKAB mine sites,
along with scale model blasting data and laboratory scale data, to
examine the flow and breakage behaviours of Kiruna magnetite
rocks. The primary conclusion from this work was that magnetite,
in terms of fragmentation, exhibited behaviour similar to that of
conventional hard rock. This was despite the deviation from the
typical Swebrec distribution, which was likely attributed to the
internal flow mechanisms within the SLC stope (Wimmer, 2012).
In other research the sieving data from Kiruna were compared
with the results of the WipFrag 2D image analysis (Wimmer and
Ouchterlony, 2009). WipFrag is software that determines PSD
data through the processing of muckpile images. The conclusions
highlighted several notable drawbacks of image-based fragmen-
tation analysis, specifically issues with the automated delineation
of fragments, the impact of image resolution, and material segre-
gation effects (Wimmer and Ouchterlony, 2009). The LKBlast
software was developed by LKAB based on the Kuz-Ram model. A
comparison study with real case data using image analysis did not
reveal a good correlation between the model results and field data.
This highlights the difficulty in collecting representative frag-
mentation data underground and the use of empirical models to
predict the size distribution of blasted material (Lith et al., 2004).

At the Ernest Henry Mine (EHM) in Australia, a full-scale
experiment was conducted to measure PSD data using a 3D laser
scanner at various draw stages corresponding to different extrac-
tion tonnages. Additionally, markers were used to examine the
flow of blasted material and assess recovery at the draw-points
(Campbell, 2019). In some cases, all the scan data for a blast,
from its complete extraction at the draw-point, was combined into
a single PSD. Analysis of the recorded fragmentation data
(Campbell and Thurley, 2017; Campbell, 2019) demonstrated that
decreasing the explosive density resulted in coarser particles and
increasing the explosive density reduced the fragmentation sizes.
In addition, Campbell's work also demonstrated that the ring
burden and explosive density have a significant impact on ore
recovery. Fig. 4 shows an example of a laser scan image at a draw-
point and its related processing.

In summary, previous research has largely concentrated on
open-pit blasting, while studies on underground blasting remain
limited. This study developed a model incorporating pre-
conditioning for blasting in sublevel caving and compared its
predictions, using similar input variables, with field data available
from the literature. The calibrated model accounted for key factors
such as confinement, pre-conditioning, delay time, fracture fre-
quency, blast design, and inherent rock properties, offering a more
accurate representation than earlier models.

2. Case study

EHM is situated 38 km northeast of Cloncurry within the
Eastern Fold Belt of the Mount Isa Inlier in northwest Queensland
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Fig. 4. lllustration of a laser scan and particle segmentation: (a) Processed scan, (b)
regions containing fines coloured, and (c) individual, non-overlapping particles col-
oured (Campbell and Thurley, 2017).

(Campbell, 2019). EHM is an active SLC operation below an old
open pit. SLC production commenced after the completion of the
open pit and targets ore situated nearly 1000 m deep, as illustrated
in Fig. 5 (Campbell, 2019).

Table 1 outlines the typical ring design parameters for the SLC
operation at EHM. Each ring requires 165 m of drilling and contains
approximately 2850 t of rock. Table 2 presents the rock properties
for the Volcanic ore. Campbell's study assessed the impact of
different explosive densities (0.9 g/cc, 1.1 g/cc, and 1.25 g/cc),
burden sizes (2.2 m, 2.6 m, and 3 m), and hole diameters (89 mm,
102 mm, and 114 mm) on fragmentation, flow characteristics and
the recovery of blasted ore (Campbell and Power, 2017; Campbell
and Thurley, 2017; Campbell, 2019).

The EHM orebody is a breccia formation within Proterozoic
rocks, which are covered by a 50-m-thick layer of sand, clay, shale,
and gravel (Fig. 6). Above the intermediate volcanic rocks that host
the orebody, the hanging wall sequence includes a shear zone,
Schist, fine-grained Albitite, and Diorite (Campbell, 2019).

3. Methodology

Numerical modelling was employed in this study to examine
the effects of rock properties and blast design parameters on blast-

Fig. 5. The mining layout of the EHM (Campbell, 2019).
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Table 1

Ring blast design parameters.
Parameter Value
Borehole diameter (mm) 102
Burden (m) 2.6
Number of holes per ring 8
Explosive density (g/cc) 1.1
Delay time (ms) 25
Powder factor (kg/t) 0.4

Table 2
Rock properties.

Rock type Felsic volcanic ore
Density (g/cc) 3.83

Young's modulus (GPa) 66.7

Poisson's ratio 0.27

P-wave velocity (m/s) 4665

S-wave velocity (m/s) 2618

UCS (MPa) 193.8

Tensile strength (MPa) 9.2

Fracture frequency (fractures/m) 2

Footwall shear Hangingwall shear

Diorite

- 500m

Intermediate
* volcanics

Felsic volcanics
(orebody)

—- 1000m

Fig. 6. General geology of EHM.

induced fragmentations. A prior study by Khodayari et al. (2024)
simulated rock fragmentations using various explosive densities,
joint set spacings, and burden sizes. Built on this work, this study
expanded the scope by incorporating additional blast design pa-
rameters and a wider range of rock properties. PSD curves were
generated from numerical simulations and subsequently used as
inputs for regression analyses to develop the new regression pre-
dictive model.

3.1. Numerical simulations

The Mechanistic Blasting Model (MBM) is used to simulate the
explosive loading applied to a blasthole wall and the subsequent
fracturing of the surrounding rock masses (Minchinton and Lynch,
1997; Minchinton and Dare-Bryan, 2005; Dare-Bryan et al., 2013).
MBM is built on the commercial hybrid finite element/discrete
element code Elfen (Owen et al., 1992), utilising proprietary Orica
modules to simulate the detonation of the explosive charge in a
blasthole, including gas loading of the surrounding rock masses.
The non-ideal detonation data was used to model the reactive flow
of the detonation products, both before and after the sonic
Chapman-Jouguet plane, and also the effects of rock confinement
and blast hole diameter on the resulting velocity-of-detonation
(VoD) and the pressure-time profile on the blast hole wall (Kirby
et al., 2014).
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Although MBM is a comprehensive 3D model, practical
computational constraints arise when running 3D models due to
the size of the model that can be simulated and the complexity of
fracturing in three dimensions. As a result, the majority of simu-
lation projects currently are two-dimensional, in axisymmetric or
plane strain configurations.

In this study, the ring blasts were simulated using a plane strain
'plan view’ model, which takes a horizontal section through the
ring. In the software, while the wave dispersion is accurate due to
holes being modelled as circles, the lack of S-waves radiating from
the holes is a limitation. However, the implementation allows
modelling of inter-hole interaction to evaluate blast patterns and
timing.

The design parameters and rock properties of EHM listed in
Tables 1 and 2 were used to prepare the baseline simulation in
this work. The EHM blast design is shown in Fig. 7. The holes in
Fig. 7 are labeled A to H and the numbers show the detonation
sequence of holes, where charges with the same number have the
same initiation delay Therefore, the detonation sequence starts
with hole 1, followed by hole 2, and then proceeds with the two
holes numbered 4, the two holes numbered 6, and finally the two
holes numbered 8. The broken green line in Fig. 7 represents the
horizontal section through the ring, which was used to construct
the ‘plan view’ model geometry (Fig. 8). This section was selected
because it represents the average charge spacing within the ring
design and so will generate an ‘average’ fragmentation for the ring.
The model geometry used a generalized representation of existing
jointing within the rock mass as a discrete fracture network, based
on the fracture frequency (Table 2).

The level of confinement due to the cave material, for the ring
to blast into, is a key parameter that must be addressed in the
model. The optimal way to represent this confinement needs to be
investigated. The initial baseline model consisted of three rings, of
which only the first two were fired. Additionally, a void was
created in front of the first ring to allow the movement of blasted
material following the firing of the first ring. Fig. 9 illustrates the
variability in damage after the first ring has been fired due to
different existing fractures between holes. The damage from the
first ring has pre-conditioned the front half of the second ring
burden. Subsequently, the second ring fires into the partially
confined first ring burden, simulating the confined ring blasting
conditions within an SLC operation. The numerical results used in
our analysis are from the second ring.

In-situ stress keeps the fracture surfaces in contact during
explosive loading, which can lead to more consistent results in the
simulations. In-situ stresses were applied as a face loading of

Primer___
position

25 m

Charged
length T

Uncharged o
collar

Fig. 7. Blast design of EHM (Campbell and Thurley, 2017).
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Void for first ring to fire into
[ |

Existing fractures 47L

First ring % Q:
Second ring % 5 1
\>§

Fig. 8. Baseline model geometry with the same delay time as used in EHM blast
design.

Fig. 9. Simulation after the first ring has fired.

1 MPa to the top and bottom of the geometry outer boundary,
while a loading of 2 MPa was applied to the left and right sides of
the outer boundary. While these are not very high stresses, the
stress field local to the ring will be lower than the natural stresses
at this depth due to the influence of the cave.

After detonating the second ring, a region was sampled using
the FragSize software which delineates all the fragments and
creates a cumulative size distribution (Dare-Bryan et al., 2013). The
height of the region matches the burden, and its width is the
distance between the first and last hole (Fig. 10).

3.2. Calibration and verification of the Mechanistic Blasting Model
(MBM)

To verify the numerical model, its results were compared with
the measured fragmentation data from EHM. In the EHM dataset,
125 measurements were conducted at various increments through
the excavation at the draw points. Scans were taken every 250 t up

Fig. 10. Simulation after the second ring has fired, showing the second ring burden
region sampled for fragment size analysis.
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to 1000 t and then every 500 t until the prescribed draw was
reached, helping to reduce bias in size distribution calculations. To
ensure an unbiased calculation of particle sizes, Campbell used a
combined dataset created by merging the fragmentation data from
all scans into a single dataset for each draw point (Campbell, 2019).

The most accurate measurement of the size distribution of
broken rocks is through sieving the material. However, sieving is
rarely used due to its high cost and disruption to mining opera-
tions, particularly in underground mining. In the EHM study work,
only the remote laser scanning measurement method was used.
Since laser scanners can only capture the surface of the muckpile
at the draw-point, the dataset produced will be biased as the 3D
information is not available. The combined dataset based on
different draw tonnages from the stope as discussed above helps
minimise any bias, though it cannot be eliminated. It is also well
known that remote methods have limitations in capturing fines
(Sanchidrian et al., 2009; Noy, 2013; Thurley, 2013). However, in
Campbell's dataset, the proportion of fines (particles smaller than
50 mm) is less than 10 % (Campbell, 2019), therefore, the use of P20
as the smallest percent passing data point is reasonable.

The EHM measured fragmentation data covers blast design
changes with explosive densities of 0.9 g/cc, 1.1 g/cc and 1.25 g/cc,
burden sizes of 2.2 m, 2.6 m and 3 m, and hole diameters of 89 mm,
102 mm and 114 mm. All these scenarios were modelled in this
study. Non-ideal detonation modelling was used to generate
detonation parameters for the range of hole diameters, explosive
density and explosive types (Kirby et al.,, 2014). The non-ideal
detonation model uses unconfined velocity-of-detonation mea-
surements over a range of charge diameters, and the product
critical diameter, to characterise the reaction kinetics within the
model and fit an unconfined velocity-diameter curve to the
measured data. Fig. 11 shows examples of the unconfined velocity-
diameter curve fitted to measured data for a heavy ANFO and a
straight emulsion (Subtek™). Note the higher sensitivity of the
straight emulsion enables the product to detonate unconfined in
much smaller diameter charges than the heavy ANFO, which cor-
responds to a higher confined VoD for a given hole diameter.
Further details can be found in (Kirby et al., 2014).

Titan™ 7000i emulsion was used for the different blasting
scenarios at EHM. The Subtek™ product from the CPeX library was
selected as representative of Titan™ 7000i. The non-ideal deto-
nation data for Subtek™ are shown in Table 3. The table shows that
increasing explosive density has a greater impact on the velocity-
of-detonation (VoD), and detonation pressures than increasing the
hole diameter. The Chapman-Jouguet density (CJ Density) only has
incremental increases across the range of hole diameters
modelled. While the numerical modelling requires the pressure-
time detonation data of non-ideal detonation, for completeness,
it is worth noting that from the ideal detonation calculations, the

5.6
B Unconfined data

5.1 = Unconfined

= Confined

4.6

34
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Inf 146 73 49 39
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effective detonation energy released for explosive densities of
0.9 g/cc, 1.1 g/cc and 1.25 g/cc to be 1.86 MJ/kg, 2.16 MJ/kg and
2.38 MJ/kg, respectively.

The reported EHM dataset includes the 20%, 50%, and 80%
passing sizes (P20, P50, and P80), along with the maximum par-
ticle size from each blast. To predict particle size variations based
on the field data, an appropriate distribution function was needed.
The Rosin-Rammler, Gates-Gaudin-Schumann (GGS) and Swebrec
functions were explored for their representation of the fragment
size distribution of the baseline EHM data (Table 4), as shown in
Fig. 12.

Clearly, the Swebrec and Rosin-Rammler distribution functions
fit the field data better than the GGS function, especially for coarse
size fractions. Both the Swebrec and Rosin-Rammler distribution
functions are suitable candidates. The Swebrec function was cho-
sen in this study due to the increased flexibility of its three pa-
rameters over the two in the Rosin-Rammler function.

Fig. 13 compares three raw MBM PSD curves, corresponding to
void sizes of 50 cm, 25 cm, and 10 cm, with the baseline Swebrec
curve. The MBM curves for 50 cm and 25 cm void sizes are similar
and are significantly finer compared to the measured data. How-
ever, the curve for the 10 cm void size aligns well with the
measured data for the coarser size fractions. Therefore, the
measured baseline Swebrec curve is taken as the Swebrec curve
fitted to the raw MBM PSD data. Note that the humps in the raw
PSD curves from the numerical models are artifacts of the mesh
dependencies in the numerical models. The mesh size used in the
model dictates the minimum size of the modelled fragments,
which causes a bias at the size of 50 mm in these simulations.

The coarser fragmentation with the smaller void size highlights
the influence of confinement in blast performance. While it is
difficult to exactly replicate the confinement against a burden in a
SLC ring blast in numerical simulations, changing the void size in
the MBM geometries is an effective means of calibrating the model
against the measured field data.

Fig. 14 compares the Swebrec curves fitted to the measured
EHM fragmentation data and the raw simulation PSD data for
different explosive densities. The model reasonably replicates the
changes in fragmentation for the coarse size fractions with
different explosive densities. However, for the 1.25 g/cc explosive
density the model predicts a finer fragmentation size in the me-
dium size fraction range as shown by the red broken line Swebrec
curve compared to the broken green line fitted to the field data.
Despite this, the overall agreement between the model outputs
and EHM data gives reasonable confidence in the numerical
models.

When comparing the model results to the field data for the
three burden sizes (Fig. 15) they all produced similar P80 passing
sizes. However, in the fines portion of the PSD, the measured data

[ Unconfined data
‘mm Unconfined
= Confined

47 ] G g Bty

4.3

38
33
29

2.8

10 7 6 5 4
Diameter (mm)

Inf 30

Fig. 11. VoD vs diameter curves for unconfined measurements and model data for (a) a heavy ANFO and (b) Subtek™.

3354



A. Khodayari, C. Xu, P. Dare-Bryan et al.

Table 3
Non-ideal detonation data for Subtek™.
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Hole diameter (mm) 89 102 114

Explosive density (g/cc) 091 1.13 1.25 0.91 1.13 1.25 0.91 1.13 1.25
VoD (m/s) 4691 5376 5750 4732 5433 5815 4761 5476 5866
VN pressure (GPa) 10.01 14.19 16.47 10.21 14.55 16.92 1035 14.83 17.27
C] pressure (GPa) 4.97 7.73 9.24 5.07 7.93 9.49 5.14 8.08 9.68
(] density (g/cc) 1.18 1.42 1.55 1.19 1.43 1.56 1.18 1.44 1.58
CJ time (ps) 421 4.86 521 437 4.82 5.07 4.86 497 5.03

Table 4

Fragmentation data for a range of explosive densities measured at EHM (after Campbell, 2019).

Percent passing (%) Passing size (mm)

Explosive density1.1 (g/cc) (Baseline)

Explosive density 0.9 (g/cc) Explosive density 1.25 (g/cc)

20 94 111 84
50 216 235 196
80 393 437 350
100 100 o
------- Campbell - 1.1 g/cc (Swebrec) - baseline T
Baseline EHM data- Swebrec 90 |——===== Campbell - 1.25 g/ce (Swebrec)
g0 |~-mm==- Campbell - 0.9 g/cc (Swebrec)
80 _— - i i
Baseline EHM data Rosin Rammler Explosive density 1.1 g/cc - baseline
o 70 Explosive density 1.25 g/cc
®  EHMData ) ) .
o o 60 Explosive density 0.9 g/cc
=
2 — - — Explosive density 1.25 g/cc (Swebrec,
Baseline EHM GGS g 50 P 125 g/p ¢
=
g 40
40 g
A 30
20
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0 e TI -~ 5
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Fig. 12. Comparison of different distribution functions fitted to field data measured
for the baseline EHM blast design.
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Fig. 13. Fragmentation from baseline simulations with a range of void sizes compared
to the baseline data of Campbell (2019).

for the smaller 2.2 m burden was coarser than the baseline (with a
2.6 m burden), while, as one would expect the 2.2 m burden model
created finer fragmentation than the baseline. The unexpectedly
coarser measured fragmentation for the 2.2 m burden size could
be due to the excessive preconditioning from the previous ring.
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Passing Size (mm)

Fig. 14. Comparison of the measured fragmentation curves fitted to blast field data
(Campbell dashed lines) with the raw simulation PSD outputs (solid curves) for
explosive densities 0.9 g/cc, 1.1 g/cc, and 1.25 g/cc. The red chain curve shows the
Swebrec curve fitted to the raw PSD output for explosive density 1.25 g/cc.
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Fig. 15. Comparison of the PSD curves for blasts with different burden sizes.

This preconditioning would impact the explosive/rock interaction
after excavation of the previous ring, which is not currently
considered in the numerical model. Another possibility could be
that the burden of 2.2 m mobilizes more cave material, resulting in
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coarser fragments at the draw point. As for the 3.0 m burden size,
the model resulted in slightly coarser fragmentation compared to
that of the 2.6 m burden size, whereas in the field data, the 3.0 m
burden case exhibited significantly coarser fragmentation in the
fines portion of the PSD.

Comparing the raw PSD simulation data for the range in blast
hole sizes modelled (Fig. 16), the change in PSD follows a pattern
similar to the changes in explosive densities (Fig. 14). As Campbell
mentioned, changing the explosive density to 0.9 g/cc and 1.25 g/
cc in 102 mm blast holes produces a similar energy distribution to
that of 89 mm and 114 mm blast holes with an emulsion density of
1.1 g/cc (Campbell, 2019). Therefore, the measured fragmentation
Swebrec curves for different explosive densities have been over-
laid on the raw simulation PSD curves for different hole diameters,
with reasonable agreement (Fig. 16).

In summary, after calibrating the model geometry to an
appropriate confinement with the 10 cm void MBM can effectively
predict the coarse portion of the blast induced fragmentation and
a fitted Swebrec curve can provide a full PSD for the simulations.

4. Results and discussion

The initial comparison between the model results and the EHM
measured fragmentation data, as reported by Khodayari et al.
(2024), demonstrated a strong correlation, especially for fragmen-
tation sizes larger than P65. In Figs. 14-16, the simulation outputs
for cases with different explosive densities, burden sizes, and hole
diameters closely match the Swebrec curves fitted to the EHM data
for fragmentation sizes greater than P70. Following this, multiple
scenarios were simulated using MBM, incorporating varying input
parameters related to the rock properties and blast design, to assess
their effects on the resulting particle size distributions. A key
contribution of this study, compared to the work by Khodayari et al.
(2024), lies in its expanded scope. While Khodayari et al. focused on
the effects of explosive densities, burden sizes, and joint set spac-
ings, this study further investigates additional factors, including
different hole diameters, in-situ stresses, tensile strength, and
charge spacing, to evaluate their impact on the size distribution of
blasted materials. Swebrec curves were fitted to the raw MBM
fragmentation data. The fitted curves were then used to produce
passing size data for P20, P50 and P80 for regression analysis. The
identification of input parameters that have the greatest influence
on fragmentation led to the derivation of regression predictive
models. To assess the performance of the new regression models,
the coefficient of determination (R?) was used.

100

------- Campbell - Hole Diameter 102mm (Swebrec)
90

-~ Campbell - Hole Diameter 114 mm (Swebrec)
80

Campbell - Hole Diameter 89mm (Swebrec)

70

Hole Diameter 102mm- baseline
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Fig. 16. Comparison of the PSD curves for blasts with different hole diameters.
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The input variables for the numerical simulations are shown in
Table 5. The non-ideal detonation parameters described in Table 3
were included for the relevant changes to blasthole diameter and
explosive density. A total of 34 model scenarios were simulated in
MBM, changing one input parameter at a time, as well as combi-
nations of parameters.

Table 6 presents the passing size data across all 34 modelled
scenarios. The names of model scenarios reflect the parameters
that have changed compared to the baseline model, as discussed
above. For instance, TS 5 represents that only the tensile strength
has been altered from 9.2 MPa to 5 MPa, compared to the baseline
model.

4.1. Definition of rock property and blast design factors

The different input parameters (Table 5) were divided into four
groups of variables. The first group, Blast Design Factors (BDF),
includes parameters that can be controlled by operators. These
parameters are charge spacing, burden, hole diameter, and
explosive density. According to Table 6, an increase in charge
spacing and burden sizes leads to larger fragment sizes, while an
increase in hole diameter and explosive density results in smaller
fragment sizes. Thus, the BDF is defined as

CS*B

BDF=p+ip

(2)
where the variables are defined in Table 5.

Note that BDF is directly related to powder factor. However,
powder factor represents the average explosive charge density for
the entire blast ring, not the variations of the charge density within
the ring. Therefore, BDF is used instead powder factor to differ-
entiate the contribution of the range of blast design parameters
modelled.

The second group of parameters affects the quality of the rock
mass. The Rock Property Factor (RPF) is defined by variations in
size distributions due to changes in tensile strength and fracture
densities. According to Table 6, an increase in tensile strength leads
to larger fragment sizes across all models. Table 6 also shows that
the effect of fracture density on P80 differs from its effect on P20
and P50. With fewer discontinuities in the rock mass, the blast
produces finer fragmentation below 80% passing compared to the
baseline case. This finer fragmentation occurs because stress
waves radiating from each charge experience less disruption,
maintaining higher amplitude as they travel further through the
rock mass. Consequently, different definitions of RPF are required.
RPF for P80 is defined in Eq. (3), while RPF for P20 and P50 are
defined in Eq. (4):

RPFpgo = TS/FD 3)

(4)

The third category is In-situ stress (IS), which relates to stresses
in the rock mass in the ring due to the influence of the excavation
on the background stress field and is presented in MPa. According
to Table 6, for the range of stresses considered, increasing in-situ
stresses leads to a decrease in fragment sizes. The fourth cate-
gory comprises non-ideal detonation parameters, to determine the
influence of different detonation characteristics on fragmentation.
Since the type of explosive was the same across the models, the
Non-Ideal Detonation Factor was not considered in the regression
analysis. However, non-ideal detonation parameters will be
investigated further in future research, when different types of
explosives are considered.

RPFpsg and p20 = TS*FD
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Table 5
The input variables.
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Input parameter name Abbreviation Unit Parameter variations

Hole diameter HD mm 89, 102 and 114

Explosive density ED g/cc 0.9,1.1 and 1.25

In-situ stress IS MPa 1,5and 10

Burden B m 2.2,23,24,26,2.8,29and 3

Tensile strength TS MPa 2.5,5,9.2, 15, 20, 25 and 30

Fracture density FD Joints per m 1,2 and 4

Charge spacing CS m 2.1,2.3,2.5,2.7 and 2.9

Table 6
Different model scenarios and their resulting passing size data.

Scenario name Model number P20 (mm) P50 (mm) P80 (mm)
TS 5 Model 1 40.78 130 282.05
TS 2.5 Model 2 22.22 90 230.68
Burden 2.4 Model 3 62.7 171 343.18
Burden 2.9 Model 4 87.76 208 382.85
IS 10 Model 5 43.21 140 312.64
IS5 Model 6 67.61 175 343.84
DI 89 Model 7 97.17 235 431.25
DI 114 Model 8 55.81 160 332.42
DI89ED 0.9 TS 5 Model 9 105.41 238 423.32
DI 89 ED 0.9 TS 20 Model 10 117.66 254 44353
DI 114 ED 0.9 Model 11 80.23 209 402.29
DI 114 ED 1.25 Model 12 49.14 150 317.82
DI 89 ED 1.25 Model 13 78.86 190 357.50
One joint per m Model 14 46.63 162 374.47
TS 15 Model 15 96.21 220 394.81
TS 20 Model 16 108.14 249 4479
TS 25 Model 17 115.34 260 461.93
TS 30 Model 18 163.44 350 599.65
Burden 2.2 Model 19 51.77 154 324.58
DI 89 ED 0.9 Model 20 111.28 244 430.53
DI89ED0.9TS 201S 10 Model 21 111.92 250 441.30
DI 89 ED 0.9 TS 30 IS 10 Model 22 195.31 342 507.79
DI 89 ED 1.25 TS 20 IS 10 Model 23 86.21 218 407.4
DI89 ED 1.25 TS 301S 10 Model 24 148.36 330 585.3
ED 0.9 Model 25 110.97 243 429.31
ED 1.25 Model 26 78.84 187 346.18
Spacing 2.5 Model 27 65.75 180 359.7
Spacing 2.9 Model 28 85.76 207 388.02
Baseline Model 29 82.42 200 374.32
Burden 2.3 Model 30 60.25 161 320.68
Burden 3 Model 31 101.22 221 390.71
Four Joints per m Model 32 89.85 203 365.55
Spacing 2.1 Model 33 51.6 150 309.08
Spacing 2.3 Model 34 58.05 160 323.15

4.2. Regression analysis

A multivariate regression analysis was performed on most of
the data listed in Table 6, as training data, to identify key param-
eters influencing the PSD in SLC operations and to formulate a
prediction equation. Fig. 17 presents scatter plots illustrating the
relationships between selected P20, P50, and P80 size data and the
explanatory variables. The figure reveals a strong linear relation-
ship between the percentage changes in input variables and the
passing size data, with simple least-squares fittings yielding an R?
value greater than 80% for all variables.

4.2.1. Prediction of P80, P50 and P20 passing sizes

For P80, a sensitivity analysis was performed using the t-sta-
tistic (t) and p-value. The t-statistic is used to determine the sig-
nificance of each regression coefficient, while the p-value indicates
the probability of obtaining a t-statistic as extreme as the one
calculated from the data, assuming the null hypothesis is true. In
this case, the null hypothesis assumes that the corresponding
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regression coefficient has no effect on the P80 prediction. A low p-
value suggests that the coefficient significantly contributes to the
model, indicating that the associated parameter has a meaningful
impact on P80. (Greenland et al., 2016).

Table 7 shows the significance levels based on p values. Vari-
ables with a p-value of less than 0.05 are generally considered
sensitive. Each parameter p-value is categorised into five signifi-
cance levels: highly significant, significant, mostly significant,
marginally significant, and low significance. Additionally, a
parameter is considered sensitive if the t > 1.3 or t < —1.3.

Table 8 presents the results of the regression analysis, high-
lighting variations in p-values. The table identifies the most sen-
sitive variables affecting the P80 passing size. According to Table 8,
RPF is the most significant parameter, while IS is the least signif-
icant parameter. It should be noted that the sensitivity analysis
results indicate that the P80 is sensitive to all three input variables:
BDF, RPFpgp, and IS.

Fig. 18 displays the standardised coefficients of the predictor
variables. The standardised coefficients are obtained if the
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p-value significance code.
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Fig. 17. Sensitivity analyses of P20, P50 and P80 against the BDF, rock property factor and in-situ stresses.

p-value range

Significance

0 < p<0.001 Highly significant
0.001 < p < 0.01 Significant
0.01< p < 0.05 Mostly significant
0.05<p<0.1 Marginally significant
01<p<1 Low significant

Table 8

Sensitivity analysis for the P80 passing size.

Variable p-value Significance codes
BDF 0.001 Highly significant
In-situ stress 0.07 Mostly significant
Rock property factor P80 <0.001 Highly significant
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Fig. 18. P80 Standardised coefficients (95% confidence interval).
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regression analysis is repeated with standardised response and
predictive variables. That is, each variable has its mean subtracted,
and the deviations from the mean are then divided by its sample
standard deviation. These standardised coefficients are directly
comparable and indicate the relative importance of the predictor
variables on the response. The lines at the ends of the bars in the
figure represent the 95% confidence intervals for these coefficients.
The analysis finds that increasing in-situ stress has a decreasing
effect on the P80 passing size. This is counter to expectations. It is
theorised that the while higher in-situ stresses are sufficient to
keep the in-situ discontinuities tightly closed, aiding blast-
induced stress wave transmission in the rock, they are not suffi-
cient to arrest fracture creation and propagation. In contrast,
RPFP80 and BDF have an increasing effect on fragmentation size,
with larger values for these variables resulting in larger fragments.
To predict P80 using the three variables, the R value was 0.79.
Among all the parameters, RPFpgg and BDF were the most influ-
ential, having a significant positive impact on fragment size.
Based on the regression analysis, P80 can be predicted as

P80 (mm) = 135.17 — 4.461S + 2347.81BDF + 17.35RPFpg
(5)

The standardised residuals (observation less model fitted
value) for the model used to predict P80, are shown in Fig. 19. The
residuals have a mean of zero, a consequence of the least squares
fitting algorithm, and the standardised residuals are the residuals
divided by their standard deviation. If standardised residuals have
no obvious pattern and lie between —2.6 and 2.6, which includes
99% of a standard normal distribution, the model is generally
considered to be a reasonable fit to the data. In this case, and for
the other prediction models, all the standardised residuals lie
within these limits.
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Fig. 19. Standardised residuals for the regression model predicting P8O0.

Fig. 20 shows a scatter plot which compares the observed P8O
values with the predicted P80 values from the multivariate linear
regression model. The dashed line indicates the line of perfect
prediction, and the solid lines represent confidence interval of 95%.
The clustering of data points around the dashed line indicates a
good fit of the model, with a weighting of predictions near the
actual values. A few data points lie close to the solid lines and
correspond to the very high tensile strength (30 MPa) and low
tensile strength (2.5 MPa) models. While the new regression
model can predict P80 with good accuracy, it should be further
evaluated for cases of very high and very low tensile strengths in
future applications.

The methodology for predicting P20 and P50 passing size data
was similar to that used for predicting P80. Multivariate regression
analysis was employed to develop equations for P20 and P50 based
on BDF, RPF, and IS. The only difference was in defining the RPF. As
shown in Table 6 and defined in Egs. (3) and (4), the RPF for P80
differs from that for P20 and P50 due to the varying effects of
increasing fracture density on these percent passing values.
Despite the revised equation for the RPF for P50 and P20 compared
to P80, the RPF still has the greatest significance for P50 and P20
passing sizes (Table 9). The standardised coefficients for variables
impacting P50 and P20 (Fig. 21) shows that the trends for RPF, DBF
and IS are the same as P80 (Fig. 18).

The equations for predicting P20 and P50, with R? values of 0.87
and 0.85, respectively:

P20 (mm)= — 59.64 — 2.11IS + 1548.30BDF

+ 1.95RPFp30 and P50 (6)
P50 (mm)= — 10.04 — 3.52IS + 2186.36BDF
+ 3.26RPFpy0 and pso (7)

Fig. 22 presents scatter plots illustrating the relationship be-
tween the predicted P20 and P50 values and those derived from
the fitted curves based on simulation results. Compared to the P80
model, the data points for the P50 and P20 models are more
closely clustered within the confidence intervals, indicating higher
model accuracy for predicting P50 and P20. This is further sup-
ported by the respective R? values, being greater than for the P8O
model.

In Fig. 22, the data points close to the solid lines correspond to
models with very high and very low tensile strength, as with the
P80 model. This indicates that all the regression models are less
reliable at the extreme tensile strengths modelled. However, it
should be noted that, based on all the scatter plots and R? values,
overall, the proposed models predict the size distribution well.
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Fig. 20. Scatter plot of P80 vs predicted P80.

4.2.2. Validation of the derived predictive PSD models

For a range of scenarios, including the baseline scenario and
those with explosive densities of 0.9 g/cc and 1.25 g/cc, as well as
that with a burden size of 3.0 ms, Figs. 23-26 compare three sets of
results: the EHM measured data, predictions from the derived
models (Egs. (5)-(7), referred to as the “new regression model” in
these figures) and the Swebrec curves fitted to the MBM simula-
tion outputs (referred to as “simulation” in these figures). The
MAPE between the models and the EHM data are also provided.

For the baseline configuration, Fig. 23 presents only two curves,
as the field measurement Swebrec curve was taken as the fit of the
Swebrec function to the raw MBM curve. The MAPE for the new
regression model increases from less than 10% at P80 to more than
25% at P20 when compared to the field data for the baseline
configuration.

Fig. 24 shows a comparison of the two models and EHM data for
the 1.25g/cc explosive density design change. The maximum MAPE
between the numerical model and EHM data is 7% while that be-
tween the new model and EHM data is 26%.

For the 0.9 g/cc explosive density design change, comparisons
between both model PSDs and EHM highlight a much better pre-
diction, with maximum MAPE values being less than 5% for MBM
and 10% for the new model (Fig. 25).

Fig. 26 shows the PSD comparisons for the 3.0 m burden design.
The maximum MAPE values are 20% for MBM and 22% for the new
regression predictive model at P20. As previously mentioned,
there was a significant deviation from the predicted fines portion
of the PSD curve compared to the measured data across the range
of burdens analysed. This variation will naturally translate into the
new regression model, as it was trained off the MBM data. Despite
this, the simulation prediction of field data remains reasonable.

In all size distributions, the MAPE for the simulation is lower
than that for the new regression predictive model, indicating that
the simulation offers better accuracy in predicting various frag-
ment sizes. Both the MBM and new empirical model are the most
accurate at predicting P80. As demonstrated in Figs. 13-16 and
discussed in previous sections, it is evident that MBM provides
better predictions for larger fragment sizes compared to smaller
ones. Overall, the new empirical model provides reasonably good
predictions for P20, P50 and P80, with the maximum MAPE value
across all cases being 30%.

To further assess the performance of the derived regression
models, two additional simulations were conducted, with several
parameters adjusted from the baseline model (Tables 1 and 2).

For the first blast (NB1), the hole diameter was changed from
102 mm to 89 mm, the explosive density was increased from 1.1 g/
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Table 9
The sensitive parameters on P50 and P20.
Variable P50 P20
P-value Signification codes P-value Signification codes
BDF <0.0001 Highly Significant <0.0001 Highly significant
In-situ stress 0.02 Mostly significant 0.02 Mostly significant
Rock properties factor for P50 and P20 <0.0001 Highly Significant <0.0001 Highly significant
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Fig. 21. (a) P20 standardised coefficients at a 95% confidence interval and (b) P50 standardised coefficients at a 95% confidence interval.
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Fig. 22. Scatter plot of (a) P20 vs predicted P20 and (b) a scatter plot of P50 vs predicted P50.
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Fig. 23. Comparison of PSD curves for the EHM measured data (and MBM si

cc to 1.25 g/cc, the tensile strength was increased from 9.2 MPa to
20 MPa, and the in-situ stress was increased from 1 MPa to 5 MPa.
For the second blast (NB2), the hole diameter was changed from
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IS
g 15
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mulation) and the new regression predictive model, for the baseline configuration.

1000

102 mm to 114 mm, the explosive density was modified from 1.1 g/
ccto 0.9 g/cc, and the tensile strength was increased from 9.2 MPa
to 20 MPa. For these two cases, the predicted P20, P50 and P80
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Fig. 24. Comparison of PSD curves for the MBM simulation results and the new regression predictive model against the EHM data for the 1.25 g/cc explosive density design.
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Fig. 25. Comparison of PSD curves for the MBM simulation results and the new regression model against the EHM measured data for the 0.9 g/cc explosive density design.
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Fig. 26. Comparison of PSD curves for the MBM simulation results and the new regression predictive model against the EHM measured data for the 3.0 m burden design.

passing size data for the new regression model and the numerical
simulations are presented in Table 10.

Figs. 27 and 28 compare the PSD data from the new regression
model and the MBM simulation for the two different blast designs.
Overall, the empirical models produce PSD data that is very close
the MBM data, in particularly for the P20 passing size. At P80 and
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P50 the regression predictive models slightly under predict
compared to MBM.

The MAPE for P20, P50, and P80 confirm the very good agree-
ment in PSD curves predicted by the two models (Fig. 29). The
absolute differences in P20, P50, and P80 are 2.8%, 5.5%, and 4.8%
for NB1, and 1.7%, 2.9%, and 4.7% for NB2, respectively.
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Table 10
Fragmentation data from the new empirical model and the numerical simulations.
Size distribution NB1 NB2
New regression models MBM result New regression models MBM result
P20 (mm) 106 109 122 120
P50 (mm) 241 255 266 274
P80 (mm) 435 457 465 488
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Fig. 27. Comparison of PSD data created by the new regression model and MBM for NB1.
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Fig. 28. Comparison of PSD data created by the new regression model and MBM for NB2.

The MBM results provide better predictions of PSD than the
new regression predictive model, as shown in Figs. 23-26. How-
ever, the new regression model, offers the advantage of efficiency
with reasonable accuracy.
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Fig. 29. The MAPE of predictions using the new regression model compared to the
MBM results.
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5. Conclusions

Fragmentation data from the EHM mine was used to build and
calibrate numerical fragmentation models, and to develop and
validate new empirical models to help reduce computational re-
quirements in modelling blast-induced fragmentations for SLC
operations. A total of 34 different simulations were run in MBM,
and their fragmentation data were compared with the EHM
measured data. The findings indicate that the numerical simula-
tions could satisfactorily predict rock fragmentation sizes for
coarse fractions greater than P65 but were less accurate for smaller
size fractions. To address the accuracy issue for smaller fragment
sizes, the Swebrec curve was fitted to the simulation results, which
was then used to determine P20, P50, and P80 for subsequent
multivariate regression analyses. This led to the development of
three regression models to predict passing sizes corresponding to
P20, P50, and P80.

The modelling input parameters were categorised into four
groups. The first is the BDF, including parameters that are related
to blast design and can be adjusted by operators, such as burden,
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charge spacing, explosive density, and hole diameter. Multiple
simulations were run to determine the influences of each blast
design parameter on the resulting fragmentation, leading to the
establishment of the expression for BDF. The second group is the
Rock Property Factor (RPF), incorporating the tensile strength and
fracture density parameters. The impact of RPF on P80 passing
sizes varied from that on P20 and P50, as fracture frequency
played a more significant role in the finer portion of the frag-
mentation size distribution. The third category is In-Situ Stress
(IS), to assess the impact of local stress states on the fragmenta-
tion. The final group is the Non-Ideal Detonation Factor, to
incorporate the influences of different detonation characteristics
on the fragmentation. Note that, in this study, only one type of
explosive was used, therefore, the effect of non-ideal detonation
parameters has not been examined in the regression analyses.

The developed predictive models have demonstrated strong
performance, with R? values of 0.87 for P20, 0.85 for P50, and 0.79
for P80. Sensitivity analysis showed that the most influential pa-
rameters for fragmentation size distributions are rock property
factors, BDF and in-situ stresses, in the order of significance. A
major contribution of the new regression models is their ability to
incorporate a wide range of variables to estimate fragmentation
size distributions in a wide range of different blasting conditions.
The developed regression models fit well against the EHM data. To
further assess their performances, two additional cases were
simulated using MBM. The results again demonstrated that the
new models could provide very good predictions for P20, P50, and
P80 passing sizes, offering the advantage of avoiding time-
consuming numerical simulations.

It is important to note that the developed regression models
(the coefficients in these models) are specific to the EHM site due
to the site-specific input parameters used in the training simula-
tions. However, the investigation framework and relationships are
expected to be at least qualitatively applicable to different SLC
operations, providing guidance for fragmentation size-related
optimization problems in other mining operations.
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