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induced rock fragmentation - A case
study of Kajiado County quarries,
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Abstract

Driven by the necessity to improve blast performance regarding fragment size distribution in
limestone mines, this paper introduces the prediction and measurement of blast fragmentation
distribution through the modified Kuz-Ram (MKR) and Kuznetsov-Cunningham-Ouchterlony
(KCO) models. Precise prediction and measurement of rock fragmentation resulting from
blasting play a critical role in hard rock ore extraction. This is due to the substantial influence
of post-blast ore size distribution on the efficiency of all subsequent downstream rock handling
and processing operations. Additionally, employing secondary breakage of boulders, when
necessary, leads to an unjustified rise in production costs. In this paper, the MKR and KCO
models were utilised to identify the most appropriate model for application in Bisil and
Simba quarries situated in Kajiado County, Kenya. Split-Desktop was used for blast fragment
measurement by processing digital images obtained after blasting and computing the fragment
size distribution of the blasted rock. As per the investigation, the recorded percentages of
boulders generated at the sites ranged from 7% to 12.3% for the Simba quarry and from 11.2%
to 23.9% for the Bisil quarry, respectively. Regression, correlation, and root mean square error
(RMSE) were employed as the primary performance indicators. The study concluded that KCO
outperformed MKR in accurately predicting blast fragment sizes in the examined quarries.
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Introduction

Drilling and blasting in limestone mining act to minimise the size of rock to enable easy handling

of the fragments in the downstream mining processes (Babaeian et al., 2019). Fragments of specific

sizes are crucial in mining activities as they affect subsequent operations such as loading, hauling, and
crushing. Precise measurement of rock fragmentation resulting from blasting, which is the initial stage
of size reduction, is particularly significant in hard rock drilling and blasting (Gheibie et al., 2009). The
distribution of rock sizes after blasting significantly impacts the effectiveness of all subsequent rock
processing and comminution processes downstream (Abuhasel, 2019). In case there are too many fines
or boulders, there is a direct economic liability to the mining company (Kanchibotla, Valery, and Morrell,
1999; Jahed Armaghani, 2018).

Several methods have been proposed for measuring blasted rock size distribution (Yusuf and
Hashim, 2020). The sieve method provides a direct and precise method of measuring fragment sizes
(Ouchterlony and Sanchidrian, 2019). However, the process is costly, time-consuming, and generally
unrealistic for large-scale applications (Ouchterlony, 2005). Direct observation of the muck piles after
blasting has also been used in the past but can only result in an approximation at best. The limitations
of the sieve and observation methods can be overcome by the use of empirical models that have been
developed by different researchers (Ouchterlony and Sanchidrian, 2019), as discussed in the theory
section.

Kansake and other researchers in 2016, while studying fragmentation models in gold mines in
Ghana, found that the distribution of the fines in a blast greatly influences the fragmentation models to
be used (Kansake, Temeng, and Afum, 2016). Both Kuz-Ram and modified Kuz-Ram (MKR) provided a
more accurate fragment size distribution prediction compared to Kuznetsov-Cunningham-Ouchterlony
(KCO). The ability of these models to predict depends mainly on the geology of the rock and the blast
design. Therefore, a more comprehensive study is needed to point out the most suitable empirical
fragmentation model for sedimentary rocks. When planning hard rock mining using drilling and
blasting methods, it is important to carry out fragmentation modelling for optimal material handling and
informed control of blast output (Tosun and Konak, 2015).
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An accurate model for predicting rock fragmentation is crucial
for enhancing production efficiency during blasting operations.
Factors such as geological conditions, geometric configurations,
and explosive properties, including rock mass features, blast design,
and explosive type, influence the distribution of blast fragment
sizes (Hekmat, Munoz, and Gomez, 2019). Rock fragmentation
influences the volumetric and packing properties of rocks (e.g., the
fill factor and bulk volume) and therefore, the digging and hauling
efficiency of the equipment utilised (Adebayo and Aladejare,
2013). Similarly, several studies have demonstrated the direct
influence of the rock size distribution when fed into the crusher
and mill processes on energy consumption, therefore, influencing
the productivity of these processes (Latham and Lu, 1999; Tosun,
2018). Thus, blast fragmentation prediction and post-blast rock
fragmentation measurements are identified as critical metrics in
mining operation optimisation. With blasting affecting all the
preceding downstream operations, including loading, hauling, and
processing, there is a need for blasts to be designed and fragment
sizes modelled to ensure that the selected blast parameters give the
desired fragmentation.

Theory

Fragmentation models

The creation of fragmentation models arises from the necessity

to offer engineering solutions to blasting challenges, including

the optimisation of run-of-mine (ROM) fragmentation (Esen,
2013). Different models have been developed for fragment size
distribution prediction from specific blast designs (Ouchterlony
and Sanchidridn, 2019). Nevertheless, none of these models adeptly
forecasts the size distribution resulting from a blast. The inputs for
such models include explosive properties, the geometry of the blast
design, and insitu rock properties.

Fragment size distribution prediction models are mainly
classified into two broad groups, which consist of empirical
and mechanistic models. Every model operates under its set of
assumptions regarding the origins of fines production, whereas
empirical models presume that finer fragmentation results from
a heightened powder factor, characterised by increased input
energy from explosives (Sanchidridn and Ouchterlony, 2017). On
the contrary, mechanistic models attribute fines production to
the physics and dynamics of detonation, as well as the transfer of
blast energy during blasting. Consequently, their complexity and
the requirement for intricate data render mechanistic models less
favoured on mine sites (Cardu, Dompieri, and Seccatore, 2012).

Mechanistic models represent the pinnacle of modelling
sophistication, showcasing progressive systems. They employ
numerous numerical techniques and deliver blast predictions by
accurately mimicking changes in conditions over time (Ouchterlony
and Sanchidridn, 2019). By analysing stress or strain within the
affected region, they have the capability to simulate the loading of
bulk explosives and the movement of rocks around the blast area
(Tosun and Konak, 2015). They are the most perplexing prediction
models that are often used to describe the behaviour of complex
system components, and some can take days or weeks to run even
on powerful multi-centre or graphical user interface (GPU)-based
computers (Raina, Murthy and Soni, 2015).

In contrast, empirical computer models rely on the direct fitting
of scientific and computational expressions to data obtained from
field measurements or potential estimation. Examples of these
models incorporate the fracture forecast models and the scaled
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separation equation for predicting vibration (Abuhasel, 2019).
Among these models is Da Gama's 1970 model, which forecasts
fragment size distribution by considering the required energy

and explosives, as well as rock characteristics (Ouchterlony and
Sanchidridn, 2019). This model had the disadvantage of neglecting
the effects of stemming length, spacing, and bench height and did
not have factors for predicting the uniformity of the fragmented
rocks. In 1973, Larsson developed another model, which utilised
burden, spacing, specific charge and characteristics of the rock’s
discontinuities for prediction (Ouchterlony and Sanchidrian, 2019;
Shehu, Yusuf and Hashim, 2020). This model was the earliest model
to account for the uniformity index of blasted rock (Ouchterlony
and Sanchidridn, 2019). In 1973, Kuznetsov introduced an empirical
model that accounted for variables such as the type of explosives,
rock mass classification, the impact of applied blast energy, and
assessment of fragmentation uniformity. This model quantifies
fragmentation in terms of mass percentage, powder factor (blast
energy applied per unit volume of rock), and mean fragment size
(Franklin and Maerz, 2018).

In 1983, Cunningham introduced the Kuz-Ram model, which
could compute both the average fragment size and the uniformity
index for the muck pile resulting from a bench blasting round. This
model utilises the Rosin Rammler (RR) sieving curve function,
which characterises fragmentation curves for equal mean size
(Ouchterlony, 2019). In 1987, Kou and Rustan, working under the
Swedish Detonic Research Foundation (SveDeFo) adjusted Larson’s
model (Ouchterlony, 2019). The main parameters considered were
the bench height, stemming length, discontinuity characteristics,
and the rock’s nature. One of the drawbacks of the model was the
approximation of the rocks’ parameters leading to a lower value of
the predicted dimensions of the rocks fragmented. (Gheibie et al.,
2009).

In 2000, Chung and Katsabanis used Otterness’ and other
researchers' data collected in 1991 to verify the accuracy of the
Kuz-Ram model (Ouchterlony, 2019). They proposed that the
RR function gives a better representation of the fragment size
distribution data (Ouchterlony and Sanchidrian, 2019). More
advanced empirical models were developed with Kuznetsov-
Cunningham-Ouchterlony (KCO) in 2005 and modified Kuz-Ram
in 2009 (Ouchterlony and Sanchidridn, 2019). These models can
often be represented in a spreadsheet and run on a laptop in almost
no time (Monjezi et al., 2010).

Modified Kuz-Ram model

This empirical model closely resembles the previous Kuz-Ram
model, with the only alteration being the adjustment of the
Kuznetsov equation through the application of a 0.073 multiplier.
This modification aims to enhance the model's accuracy in
predicting the mean fragmentation size (Gheibie et al., 2009).

The Kuz-Ram uniformity index is further refined with an
enhanced version proposed by Cunningham, which takes into
account the blastability index (BI) of the specific rock under
consideration (Ouchterlony and Sanchidrian, 2019). The model is
made up of two main functions, namely the average broken rock
size (Xm), as shown in Equation 1 and the modified uniformity
index (7). The input parameters of the two functions (X, and )
are easy to obtain on-site, however, the model does not factor in
the impact of blast timing, and the top size is also not well defined
(Gheibie et al., 2009):

19
0. 30
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where Xy, is the average broken rock size in cm, Q. is the explosive
weight per drill hole in kg. The broken rock volume per blast hole,
Vo (m3) is, Sanro is the relative weight strength of the explosive to

ANFO, and Bl is the blastability index as shown in Equation 2:

BI = 0.5(HF + JPS + JPA + RDI + RMD) 2]

where HF is the hardness factor, JPS is the joint plane spacing, JPA
is the joint plane angle, RDI is the rock density influence, and RMD
is the rock mass description (Bieniawski, 1988). These parameters
are computed based on the rock mass classification introduced by
Bieniawski in 1988, as outlined in Table 1.

The broken rock volume per blast hole Vo (m?) can be found by
using Equation 3:

Vo =BxSxH (3]

where B is the blasting burden in m, S is the blast hole spacing in m,
and H is the bench height in m. The uniformity index n is defined
by Equation 4:

W_ |BCL — CCL| .

e R @)

where B is the blasting burden in m, D is the blast hole diameter in
mm, § is the blast hole spacing in m, W is the drilling accuracy in
m, BCL is the bottom charge length in m, and CCL is the column
charge length in m, and H is the bench height in m, and L is the
total charge length in m. When employing a staggered pattern,
Equation 4 needs to be be multiplied by 1.1 (Gheibie et al., 2009).
The modified uniformity index (1) is shown in Equation 5.

KCO model

The Kuznetsov-Cunningham-Ouchterlony (KCO) fragmentation
model extends the Kuz-Ram model by substituting the Rosin-
Rammler equation with the Swebrec function (Ouchterlony and
Sanchidridn, 2019). It was proposed to address two significant
weaknesses of the Kuz-Ram model: its limited ability to accurately
predict fragments with high fines, and its upper limit cut-off of
block sizes (Ouchterlony, 2005). The Swebrec function shown in
Equation 6 includes three parameters, the 50% passing (Xso), the
maximum block size (Xyax), and b, which is a curve undulation
parameter that depends on the uniformity index of the Kuz-Ram
model (Franklin, 1993; Babaeian et al., 2019; Ouchterlony and
Sanchidridn, 2019).

Poo =%
In (=Max
Ji+ = 6]
\ In (X—So)} J

where P(x) is the percentage fraction of fragments passing sieve size
X, and b denotes the curve undulation parameter. Xyax stands for
the minimum (insitu block size; S or B). The equations comprising
the KCO models are illustrated in Equations 7 to 11.

19
1, 1 115 30

Xon =4 (@) o (SANFO) g

where A is the rock factor as shown in Equation 8, q is the specific
charge/powder factor, kg/m?®, Q is the explosive weight per drill hole
in kg, and Sanro is the relative weight strength of the explosive to

n’ =1.88 (B2 n (5] ANFO.
Table 1
Rock mass classification
Parameter Description Rating
Rock mass description Powdery/friable 10
(RMD) Vertical joints JF =JPS + JPA+ JCF
Massive 50
Joint plane spacing (JPS) Close (§;< 0.1 m) 10
§j is the joint spacing
Intermediate (0.1 < §;< 0.3 m) 20
Wide (0.3<S; < 0.95 VBS) 50
Sj >VBS. (where BS is reduced 80
pattern)
Joint condition factor (JCF) tight joints 1
for relaxed joint 1.5
gouge-filled joints 2
Joint plane angle (JPA) or joint Horizontal 10
plane orientation (JPO) Joints dip out of the face 20
The strike is perpendicular/ 30
normal to the face
Joints dip into the face 40
Rock density influence (RDI) or 0.025p - 50 or 25SG - 50 (p is the density of the rock in kg/m®
specific gravity influence (SGI) and SG is the specific density of rock in tonnes/cubic meters)
Hardness factor (HF) Young’s Modulus, E < 50 GPa E
3
Young’s Modulus, E > 50 GPa Oc
5
(0cis the uniaxial compressive strength (UCS) in MPa)

The Journal of the Southern African Institute of Mining and Metallurgy
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A =0.06(RMD + RDI + HF) [8]
XMax

b= [zmz (ln( )) n
XSO

Alternatively, the value of b can be determined by using
Equation 10, as reported by Choudhary and Gupta (2012):

[9]

DbMax
b= O.S(Dbso)"'zsln (-m) [10]
where Dpwax is the least burden, spacing, or maximum insitu

block size as suggested by Ouchterlony (2005) (Ouchterlony and
Sanchidridn, 2019). The KCO model also gives an alternative
equation for the Xso than originally proposed by the Kuz-Ram
model as given in Equation 11.

1 19
_ In2yn L 1 115 30
()@ o )

However, Equation 11 reduces the fragment size distribution to
smaller values, which leads to an increased percentage of fines. This
drawback of Equation 11 led to the use of Equation 7 in this article
for fragment size distribution.

Materials and method

This study was conducted at limestone quarries situated in Kajiado,
as depicted in Figure 1. The management of these quarries falls
under the purview of two companies: East African Portland
Cement Company Ltd (EAPCC), which oversees operations in
the Bisil quarries, while National Cement Company Limited
(NCCL) operates the Simba Kajiado mine. Bisil quarry comprises
four mining faces, whereas the Simba quarry consists of two
mining faces, with extraction conducted in benches. Following
the collection of bench data, blasting operations were conducted,
and fragment images were captured for subsequent analysis using
Split-Desktop software. In the Kajiado region, limestone and

quartzite formations are typically bordered by semi-calcareous
gneisses. The primary crystalline limestone is followed by a series of
pelitic gneisses with minor calcareous and semi-pelitic layers. The
basement system in the Kajiado region might be arranged into the
accompanying transformed calcareous sediments, which comprise
crystalline limestones and calc-silicate gneisses (see Figure 2). Even
in areas surrounded by intensely migmatised gneisses, there has
been minimal introduction of pegmatitic material into the limestones.
The research methodology comprised the following steps:

»  Fragmentation prediction involved the utilisation of both the
modified Kuz-Ram model and the KCO model. Geotechnical
data collection encompassed parameters, such as joint plane
angle, hardness factor, rock density, joint plane spacing, and
rock mass description for rock mass classification. Following
that, the prediction of fragment sizes was conducted by
applying Python code to implement the modified Kuz-

Ram and KCO models. Quarry activities for data collection
included identifying pushbacks, bench faces (as depicted in
Figure 3), geological measurements, and capturing spatial and
explosive parameters for each blast. Geological measurements
were conducted to ascertain pre-existing fractures and their
orientations. Additionally, joints on each bench face were
identified, and distances between them were measured to
determine the rock mass rating (RMR).

»  Fragmentation analysis was conducted using image based
particle tracking (IPT). Blast fragment images were captured
using a digital camera and subsequently processed utilising
Split-Desktop 4.0 software to ascertain fragment distribution.

»  Comparative analyses of the prediction and measured results
using statistical techniques. Regression, correlation, and
root mean square error (RMSE) computations were applied
to determine model performance indices. The performance
indices helped identify the most suitable fragmentation model
for the studied limestone mines.

Six blasts were examined for every quarry, and the process was
repeated six times. The findings, which allow for the identification
of blast performance at each quarry site in relation to the chosen
empirical models, are provided in the results section.

A ®U0°E evE I W0E HOUE
w “w
21 Study Area (Kajiado County)
:a :4 X, ﬁ'ﬂaﬂ'i 35'n:n1' H"ﬂ"ll'ﬁ
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Figure 1—Study area
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Figure 3—The bench face of (a) Simba and (b) Bisil quarries before blasting
showing joint orientation

Figure 4 —(a) The blasted rock taken from Simba quarry with scale objecy in
place and (b) delineated image obtained using the Split Desktop 4.1

Results and discussion
Blast fragment size prediction by empirical modelling

The data for blast fragmentation prediction using empirical
formulae were obtained from both the Simba and Bisil quarries,
which were acquired through field measurements. The data
included the geometrical, explosive and rock parameters as
shown in Table 2 to Table 4. The rock mass was classified based

The Journal of the Southern African Institute of Mining and Metallurgy

on Bieniawski's geomechanical rock classification and the
determination of the model’s particle distribution was done using a
code written in Python programming language.

Fragment size analysis by image processing

Even though the size distribution analysis by sieving is a direct and
more accurate method, it is time-consuming and costly (Mohamed
etal., 2015). It is also not practical for large-scale blasts. The only
practical quantitative method of large-scale blast fragmentation
analysis currently available is digital image processing, where
photographs or video images are analysed via computer image
processing software (Shehu, Yusuf, and Hashim, 2020). Digital
image processing is used popularly in the mining industry because
it is affordable, produces useful results, does not interrupt the
production cycle, and is time efficient (Maerz, 1996). However, the
method has a few setbacks compared to sieve analysis as it can only
process the visible part of the muck pile (Shehu, Yusuf and Hashim,
2020). The sampling strategy is carefully considered, as image
analysis processing techniques cannot take into account the internal
muck pile structure (Sanchidrian, Segarra and Lopez, 2006).

There exist several computer software for image analysis. These
include SPLIT (e.g., Split Desktop), Wip Frag, Gold Size (Maerz,
Palangio and Franklin, 1996), Frag Scan, TUCIPS, CIAS, Power
Sieve, IPACS, KTH, and WIEP (Esen, 2013). In this research work
the Split Desktop was used because of its availability, ease of use, and
ability to produce reliable results (Julio et al., 2019). The software
employs grayscale to ascertain the particle size distribution of blast
rock fragments (Julio et al., 2019). Digital images were obtained
using either a digital camera or smartphone. Multiple images were
captured using a smartphone equipped with the Split Camera
application, with a scale object included, as depicted in Figure 4 (a).
High-quality images were transferred to a computer and those with
a resolution of 600 dpi were delineated as shown in Figure 4 (b), to
help determine blasted rock fragment size distribution using Split

VOLUME 125 FEBRUARY 2025 n7 «
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Table 2
Rock Parameters used in the studied blast rounds
Blast No. | Hardness factor | Joint plane spacing | Joint plane angle | Rock density influence | Rock mass rating | Specific gravity
1 3.7 50.0 30.0 12.0 80.0 2.7
2 4.1 20.0 30.0 13.0 80.0 2.7
Bisil 3 3.9 50.0 40.0 13.5 80.0 2.7
4 4.0 50.0 30.0 12.5 80.0 2.7
5 3.8 50.0 40.0 14.0 80.0 2.7
6 4.0 50.0 30.0 12.0 80.0 2.7
1 3.5 20.0 40.0 13.5 60.0 2.5
2 4.0 50.0 20.0 15.0 50.0 2.5
. 3 43 50.0 30.0 13.8 50.0 2.4
Simba
4 39 50.0 30.0 13.0 60.0 2.6
5 4.0 20.0 20.0 13.6 50.0 2.5
6 4.2 50.0 30.0 14.0 60.0 2.5
Table 3
Geometrical Parameters used in the studied blast rounds
Blast No | Hole diameter (mm) | Spacing (m) | Bench height (m) | Burden (m) | Drilling deviation (m) | Hole depth (m) | Stemming (m)
1 50.0 3.0 10.0 3.5 0.2 11.0 2.0
2 50.0 3.0 10.0 3.5 0.2 11.0 2.0
L. 3 50.0 3.0 10.0 3.5 0.2 11.0 2.0
Bisil
4 50.0 3.0 10.0 3.5 0.1 11.0 2.0
5 50.0 3.0 10.0 3.5 0.1 11.0 2.0
6 50.0 3.0 10.0 3.5 0.2 11.0 2.0
1 50.0 3.5 6.0 2.5 0.1 6.0 1.5
2 50.0 3.5 6.0 2.5 0.2 6.0 1.5
. 3 50.0 3.5 6.0 2.5 0.1 6.0 1.5
Simba
4 50.0 3.5 6.0 2.5 0.2 6.0 1.5
5 50.0 3.5 6.0 2.5 0.1 6.0 1.5
6 50.0 3.5 6.0 2.5 0.1 6.0 1.5
Table 4
Explosive parameters used in the studied blast rounds
Mine Blast No | Powder factor (kg/m®) | Explosive weight /hole (kg/hole) | Initiation system | Blasting pattern
1 0.36 60.00 Nonel Staggered
2 0.35 65.00 Nonel Staggered
Bisil 3 0.35 62.00 Nonel Staggered
4 0.35 64.00 Nonel Staggered
5 0.39 65.00 Nonel Staggered
6 0.37 60.00 Nonel Staggered
1 0.37 45.00 electric Staggered
2 0.42 50.00 electric Staggered
Simba 3 0.40 47.00 electr%c Staggered
4 0.39 50.00 electric Staggered
5 0.39 49.00 electric Staggered
6 0.38 50.00 electric Staggered

Desktop 4.1 software. After delineation was done, fragment size
distribution was generated representing the measured fragment size
distribution.

Statistical analysis of results

Correlation, regression, and root mean square error (RMSE)
computations of the results obtained from the prediction models
and the fragmentation measurements were conducted per quarry.

» 118 FEBRUARY 2025 VOLUME 125

They were presented in regression graphs measured against
predicted results. Six blasts were considered for this research

paper for both quarries. Simba quarry regression analysis showed
KCO had a higher R? value than MKR in the blasts considered at
99.08% against 96.7%, respectively as illustrated in Figure 5 (a).

The correlation analysis showed that there is a stronger correlation
of KCO prediction to the measured fragment sizes than MKR
prediction with a correlation value of 99.5% and 99.0%, respectively

The Journal of the Southern African Institute of Mining and Metallurgy
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Figure 5—Regression graphs for (a) Bisil and (b) Simba quarries. KCO has a higher R” value at 97.87% and 99.08% compared to MKR at 96.50% and 96.74% for both

quarries, respectively
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Figure 6—(a) Simba and (b) Bisil quarries material passing through crusher opening, boulder produced measurement and prediction analysis. It can be noted that the
KCO graph almost resembles the Split Desktop graph, unlike the MKR graph. KCO also has the least error margin

for the same quarry. On the other hand, Bisil quarry regression
analysis showed KCO had a higher R* value than MKR in five out
of the six blasts considered. The overall regression analysis showed
that KCO performed better than MKR with 97.9% against 96.5%,
respectively as illustrated by Figure 5 (b). The correlation analysis
showed that there is a stronger correlation between KCO prediction
and MKR prediction with correlation values of 98.9% and 98.2%,
respectively for the six blasts considered.

The RMSE results for Simba showed that KCO had the lowest
RMSE at 3.8% compared to MKR whose RMSE was at 7.1% for the
overall six blasts considered. On the other hand, the RMSE results
for Bisil showed that KCO had the lowest error margin between
4.8% and 22.5% against MKR at 5.9% and 24.3% for the six blasts.
The high correlation values indicate that all the predictions from
the models correlated well with the actual results from the blasts
studied. The maximum crusher feed for both quarries is 50 cm,
where all materials of size greater than 50 cm were considered
boulders. In Simba quarry, the KCO model showed better boulder
prediction with an error margin between 1.6% to 8.7%, compared to
MKR whose error margin was between 2.5% to 11.3% as illustrated
by Figure 6 (a).

There was a general trend of overpredicting boulders by the
KCO, while MKR underpredicted the number of boulders produced
per blast round at Simba quarry, as can be seen in Figure 4 (a).
KCO had a better boulder prediction in four blasts while MKR
performed better in two out of the six blasts studied. A varying
trend of boulder prediction was observed with MKR tending
to underpredict the percentage of boulders, while KCO tended
to overpredict the percentage of boulders produced per blast.
According to Split Desktop, the percentage of boulders produced
at the site was between 7.1% to 12.3%. This percentage is quite
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significant but not as much as the percentage of boulders produced
at Bisil quarries. This could be attributed to the fact that Simba
quarry has a better strategy for planning and executing blast rounds.
However, the application of empirical fragment size modelling could
reduce this percentage of boulders significantly. This can possibly be
achieved by redesigning blast round parameters and simulating the
new parameters using empirical models. Optimal parameters can
thereafter be used in performing blasts for better fragmentation.

At Bisil quarry, the KCO model showed better boulder
prediction with an error margin between 0.6% to 8.2% compared
to MKR, of which the error margin was between 4.2% to 19.9% as
illustrated by Figure 6 (b). However, there was a general trend of
underpredicting boulders by the MKR while KCO overpredicted
the percentage of boulders produced per blast round at Bisil quarry.
According to Split Desktop, the percentage of boulders produced at
the site was between 11.2% to 23.9%. The percentage of boulders is
significant and thus has some negative impact on the overall mining
cost as they will need to perform secondary blasting and also slow
down the loading and hauling process. It was noted that KCO
generally performed better in the prediction of boulders than MKR.

Conclusion

This research conducted a comparative analysis of two empirical
blast fragmentation models in separate quarries in Kenya. The study
highlights the superior predictive performance of the Kuznetsov-
Cunningham-Ouchterlony (KCO) model over the modified
Kuz-Ram (MKR) model in both boulder and overall particle size
predictions. Interestingly, the prediction trends varied between

the Bisil and Simba formations, indicating geological influence

on model performance. Despite these variations, both MKR and
KCO models offer valuable guidance on blast fragment particle
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size distribution, tailored to specific geological conditions and
blast designs. This enables miners to assess different blast designs,
explore the effects of altering blast variables, and predict resulting
particle size distributions accurately. Mining operators can leverage
empirical modelling as a tool to optimise blast round fragment size
distribution. The observed tendency of boulder overestimation

at Bisil quarry and underestimation at Simba quarry underscores
the importance of accurate modelling. Notably, KCO exhibited
stronger correlation, higher coefficient of determination, and
lower error margins, reinforcing its reliability in predicting particle
sizes. Moreover, variations in prediction trends across geological
formations suggest that model performance is influenced by
geological factors. Additionally, the relationship between powder
factor and fragment sizes highlights the importance of considering
blasting variables in fragmentation outcomes.
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