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Introduction

Blasting is one of the most important 
unit operations in surface mines. The cost 
of blasting can be 25% of the mineral pro-
duction costs [1]. The quality of blasting 
results affects the efficiency of loading,
hauling, crushing, and processing opera-
tions, which influence the energy con-
sumption and environmental impacts of
mining [2, 3]. Fragmentation as a direct 
measure of blasting quality is affected by
many parameters which are mainly divided
into two categories [4–7]: 

a) Controllable parameters such as 
the explosive type and blasting pattern
geometry

b) Uncontrollable parameters such as
rock mass condition and geological struc-
tures

Uncontrollable parameters are known
as the most important influencing vari-
ables in the blasting outcomes [8, 9]. The
selection of the right controllable blasting
parameters, especially pattern geometry,
is carried out based on rock mass characteristics. Hence,
it affects the workability of fragmented rocks in the rest of
the production process such as crushability and grindabil-
ity [10] and could clearly control the unwanted side effects
of blasting such as flyrock [11], ground vibrations, and air-
blast [12].

Blastability is the measure of rock mass resistance to
dynamic loading of blasting and fragmentation stress [13].
It is challenging to assess the blastability accurately due to
the large scale effects of the blast, the complexity of rock 
mass structures, and the simultaneous variation of all associ-
ated rock mass factors [14]. Thus, so far many researchers
have tried to summarize the rock mass blastability in index
measures or classifications such as Blastability Index (BI)
[15], Energy-Block Transition (EBT) model [16], Blastability
Quality System (BQS) [17, 18], neural networks [19], fuzzy
sets [20] and Rock Mass index (RMi) [21]. As the review of
past literature reveals, the BI presents a basic definition of
blastability and is the most popular approach for the blasta-
bility analysis. The main reason for this fact is the easiness of
application and reasonable outputs. However, there are some
problems in the scoring of BI parameters in the field, which
will be discussed in the following parts.

Considering the variable nature of input parameters in
all mentioned methods, the blastability analysis includes
inherent uncertainties which could affect the blasting results
significantly [22]. When a fixed score is rated to an input
parameter of blastability classification methods, it could
misaddress the engineers in other rock masses and make
unrealistic overview and judgments because of the high
level of undetectable variation in rock mass characteris-
tics. Sometimes the combination of simultaneous changes
in input parameters is not captured in the field studies and
observations. One of the applicable approaches to over-
come the influence of unobserved rock mass characteris-
tics and existent uncertainties is simulation, particularly the
Monte Carlo method. In this approach, all considered input
parameters are taking into account as statistical distribution
functions instead of fixed values. This could widely provide a
better view of output parameters while presents it as a distri-
bution function too.

In this research, a Monte Carlo simulation program has
been developed to assess the rock mass blastability in open
pit mines using a stochastic modeling approach, based on
the Blastability Index (BI). A wide range of field data has
been collected from Sungun copper mine to develop the
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probabilistic structure of rock mass blastability assessment. 
In the following parts of the paper, the detailed information 
about data collection, simulation process, and research out-
puts are presented.

Blastability Index (BI)

BI was introduced by Lily [15] based on
the in-situ characteristics of the rock mass to
predict specific charge of blasting in open pit
mines. It is also applied for the description of
the effortlessness of blasting and rock frag-
mentation. The BI is calculated by equation (1),
which is supported by parameters presented in
Table 1.

BI = 0.5(RMD+JPS+JPO+SGI+H).   (1)
The maximum amount of BI is 100, and the

higher BI means more satisfaction from blasting
results. Based on calculated BI value, the rock 
mass blastability is described as “very difficult”
(BI < 8), “difficult” (8 < BI < 13), “moderate”
(13 < BI < 20), “easy” (20 < BI < 40) and “very
easy” (40 < BI) [23]. This difference in descrip-
tion has apparent effects on excavation cost.

Case study, Sungun Copper Mine 

Data collection

In this paper, a case study was carried out
in Sungun copper mine in north-west of Iran,
to collect the required data for simulation. The
annual production of this mine is around 14
million tones. The ore body of the mine has
grade variation due to its porphyry and mas-
sive shape. Generally, it consists of two types
of low-grade and high-grade minerals, which
are surrounded by waste and interlocking dike
masses. In the pit area, 80 faults are active
in small to medium size and affect the rock 
masses’ characteristics significantly. In total,
the mentioned BI parameters were measured
and collected in 46 points (mainly in ore rock 

masses) of the pit walls. For each data collection point, a 
window of bench face with the dimensions of 8 meters length 
and 12.5 meters height (equal to mine bench height) were 
considered to be able to map the rock mass conditions (spe-
cially RMD) with accurate and acceptable level. As it is seen, 
the BI classification is based on the qualitative evaluation of 
rock mass condition, which is mixed with some quantitative 
measurements. Therefore, assigning a fixed value to a spe-
cific rock mass could raise uncertainty in overall blastability 
assessment. For instance, when the rock mass is mixed with 
all three RMD conditions, the scoring faces difficulty, and 

Table 1. Ratings for blastability index parameters [15]

Score Parameters

Rock Mass Description

10 Powdery/friable

20 Blocky

50 Totally massive

Joint Plane Spacing

10 Close (<0.1m)

20 Intermediate (0.1–1)

50 Wide

Joint Plane Orientation

10 Horizontal

20 Dip out of face

30 Strike normal to face

40 Dip into face

10–50 Specific Gravity Influence

1–10 Hardness

Table 2. Results of BI parameters collected from case study mine

Site
No.

Parameters’ Scores Site
No.

Parameters’ Scores

RMD JPS JPO SGI H RMD JPS JPO SGI H

1 20 0.55 22 17.75 4 24 15 0.24 25 16.25 4.5

2 20 0.55 25 14.25 3 25 17 0.27 25 10 6

3 20 0.55 27 20 3.5 26 18 0.24 23 15.5 5

4 20 0.55 18 16 3.5 27 18 0.25 21 11.25 4.5

5 8 0.2 25 13.75 4 28 20 0.37 25 11.5 4.5

6 20 0.35 27 15.25 5 29 16 0.15 25 12.75 5.5

7 18 0.12 25 11.75 4.5 30 15 0.14 25 10 5.5

8 20 0.55 25 10 4 31 20 0.15 25 14.75 4

9 20 0.22 25 10 3.5 32 20 0.1 25 10 5.5

10 15 0.25 28 10 6 33 20 0.1 25 32 4

11 14 0.175 25 10 6 34 17 0.16 27 13.25 5

12 12 0.08 25 10 6 35 15 0.12 27 25.75 6

13 20 0.3 25 18.25 6 36 13 0.07 25 22.5 3.5

14 15 0.32 33 10 4 37 20 0.3 25 19.25 4

15 13 0.09 25 10.75 5 38 20 0.27 23 24 3

16 10 0.06 25 10.75 5 39 20 0.25 27 20 5

17 15 0.32 23 10 4 40 20 0.25 25 11.5 4.5

18 15 0.15 30 10 3 41 12 0.09 25 19 4

19 15 0.15 25 10 4 42 17 0.16 25 20 4.5

20 20 0.25 25 21.5 5.5 43 20 0.21 27 10 5.5

21 20 0.55 25 21.25 3 44 20 0.27 22 10 4.5

22 20 0.35 25 20.25 5.5 45 20 0.27 27 10 3.5

23 17 0.175 15 22.5 5.5 46 15 0.17 25 10 5.5

Comment: RMD – Rock Mass Description; JPS – Joint Plane Spacing; JPO – Joint
Plane Orientation; SGI – Specific Gravity Influence; H – Hardness.

Fig. 1. Mixed-face condition in studied rock masses in 

Sungun Copper Mine



PHYSICS OF ROCKS AND PROCESSES

36 EURASIAN MINING. 2021. No. 1. pp. 34–38

the user should make the judgment and put a score con-
sidering all conditions by himself. One of the easiest ways
to overcome this challenge is by applying a weighted mean
of scores, which is used in this research too. Fig. 1 pres-
ents the mixed-face condition of mine benches, which has
been observed during the field studies, and the BI of the two
different types of rock masses were combined using area-
based weighed mean. Table 1 presents the collected data
from all 46 mentioned points of the mine in detail.

Statistical analysis

As an essential requirement for the Monte Carlo
simulation, it is essential to analyze the collected
geotechnical data statistically. For this purpose,
all available data were applied to find out the best-
fitted distribution for each mentioned parameter.
Generally, 55 different distributions, especially the
most applicable ones such as Weibull (two and three
parameters), exponential, normal, lognormal, logis-
tic, log-logistic, and Gamma, were tested on the data
using Easyfit software. The Kolmogorov-Smirnov 
(K-S) goodness-of-fit test was considered for the
selection of best-fitted distributions. The results of
the statistical analysis are presented in Table 3.

Monte Carlo Simulation

Monte Carlo is a simulation technique applied for
understanding the effects of uncertainty in forecast-
ing and engineering measurements and provides an
estimation of an unknown value. This method was
first proposed by Metropolis and Ulam [24]. Johan-
sen and Evers [25] believe that the most formal defi-
nition of this method has been presented by Halton
[26] as “representing the solution of a problem as a
parameter of a hypothetical population, and using a
random sequence of numbers to construct a sample
of the population, from which statistical estimates
of the parameter can be obtained.” It is a stochas-
tic method that is performed upon numerical values
of parameters that are randomly selected from sta-
tistical distribution functions utilizing the random-
number-generator functions within [0–1] inter-
val. The simulation is repeated n times, each time
using different randomly-selected values, and the
resulted outputs are a large number of results from
the model, which are summarized and described
in the form of statistical distribution as well. In this
paper, a MATLAB code was developed for simulation
running. The reliable and comprehensive toolbars,
predefined random generator functions, and being
user friendly are three main reasons for using the
MATLAB instead of other programming languages
or commercial simulation software. 

Finally, by running the simulation with the itera-
tion number of 2000, the values of BI were calcu-
lated by the program. Fig. 2 shows the results of 
simulation and histogram of field-collected BI val-
ues. As seen in this figure, the blastability condi-
tion of less than two percent of the rock masses is
very difficult (BI<8), the others are difficult, moder-
ate, easy and very easy conditions with the share of
8, 47.5, 37.5 and 5 percent respectively. Average
blastability of rock masses in the studied mine is 18

which is close to moderate score of blastability classification
as well. In comparison the actual blastability values with the
results of simulation, it is obvious that these values vary from
32 to 54. It shows that the average blastability score is 40 and
the overall blastability is in easy condition. The difference
between these two results obviously reveals that how much
uncertainty is associated with blastability analysis because
of lack of enough data and wide range of variation in input
parameters.

Table 3. The results of the statistical analysis of rock mass 

blastability parameters 

Histogram and cumulative distribution 
function plots

Best-fitted 
Distribution

Parameters

Log-Logistic (3P)
K-S goodness 
of fit = 0.088

RMD

Kumaraswamy
K-S goodness 
of fit = 0.169

JPS

Weibull
K-S goodness 
of fit = 0.312

JPO

Log-Logistic
K-S goodness 

of fit = 0.18
SGI

Log-Logistic
K-S goodness 
of fit = 0.138

H
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Conclusion

In modern blasting in open pit mines, it is confirmed that 
rock mass characteristics play a crucial role in controlling 
the blasting results. Accurate blastability assessment of rock 
masses not only enhances the quality of fragmentation but 
also decreases the production costs significantly. The main 
challenge in the optimal design of blasting patterns is the geo-
logical uncertainties which directly deviates the blasting from 
its primary production goals. 

This paper presents a stochastic analysis of rock mass 
blastability in open pit mines. At the same time, the lake of 
data and cost restrictions does not allow in-depth and com-
prehensive field studies. Monte Carlo simulation, as a power-
ful tool for uncertainty mapping in any multi-variable measure-
ments, has been applied for blastability assessment of rock 
masses. The overall results of simulation reveal that the Monte 
Carlo method could provide a better estimate of any possible 
combination of geological factors (2000 conditions in devel-
oped simulation program). Considering the achievements, if 
the blasting designers rely on just limited knowledge of field 
studies, it could lead them to inefficient blasting with uncon-
trollable side effects. As the field observations of the authors 
show, unexpected results of blasting in Sungun mine is clear 
evidence of uncertainty in blastability assessment of rock 
mass and its effects on unwanted side effects and oversize 
formation by inefficient blasting (Fig. 3). 

The comparison between real field data and simulated dis-
tribution function of BI values reveals that simulation provides 
a broader range of rock mass conditions and can separate the 
boundary condition of rock mass in a better way. Therefore, it 
is recommended to apply the Monte Carlo simulation method 
to forecast any possible conditions and to reduce the uncer-
tainty before any pattern design and blasting optimization. 
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