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Rock mass blastability classification provides a theoretical basis for rock mass blasting design, which is used to select blasting
explosives, to estimate the unit explosive consumption, and to determine blasting design parameters. The primary factors that
affect rock mass blastability were analyzed by selecting five indexes for rock mass blastability classification, that is, the rock
Protodyakonov coefficient, rock tensile strength, rock density, rock wave impedance, and integrity coefficient of rock mass, and
by identifying standards for the rock mass blastability classification and a method for testing the blasting classification indexes.
The index weights were calculated using the combination weight method, which is based on game theory. A model for rock
mass blastability classification was developed in combination with a fuzzy pattern recognition method. This classification method
was applied to a Heidaigou open-pit coal mine, where mudstone, fine sandstone, medium sandstone, and coarse sandstone were
determined to have a blastability degree of II, which corresponds to a blastability characterization of “easy,” and the unit explosive
consumption of mudstone, fine sandstone, medium sandstone, and coarse sandstone was determined to be 0.44, 0.42, 0.40, and
0.36 kg/m3, respectively. These results were used to develop a loose blasting design that was effective for loose blasting.

1. Introduction

Rock mass blastability is a measure of the resistance of a rock
mass to blasting and crushing. The physical and mechanical
properties and structural characteristics of rocks synchronize
to various extents and in different ways to impede blasting
and crushing under blasting loading [1]. Thus, the rock
mass blastability is also a comprehensive indicator of several
inherent properties of a rock mass under dynamic loading.
The rock mass blastability reflects the degree of difficulty in
rock blasting [2]. An understanding of rock mass blastability
and systematic rock mass blastability classifications form the
theoretical basis of blasting optimization design [3].The rock
mass blastability can be used to select suitable explosives,
estimate the explosive unit consumption, and determine
reasonable blasting parameters, which can reduce blasting
costs and improve labor productivity by ensuring predictable
blasting characteristics.

Foreign and Chinese scholars have conducted numer-
ous research studies on rock mass blastability classification

using different methods from various perspectives and have
developed a variety of indexes and methods for rock mass
blastability classification [4].There are currently twomethods
for rock mass blastability classification. In the first method,
the analysis and calculation involve one or more parameters,
and a numerical value, such as a blastability index or the
crushing energy, is chosen as a measure of the blastability of
the rock mass [5]. In the second method, various parameters
are chosen to describe the rock mass, and the rock mass
blastability classification is performed using statistical math-
ematics, fuzzy mathematics, or other mathematical methods.
The characteristics and internal mechanisms that affect rock
mass blastability can be identified more accurately using
several indexes to systematically evaluate the rock mass
blastability. Therefore, many classification schemes and eval-
uation algorithms have been applied to rock mass blastability
classification, including neural networks [6–8], projection
pursuit [9], genetic algorithms [10], fuzzy set theory [11–
13], cluster analysis [14], and attribute recognition [15]. Each
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algorithm has its advantages and disadvantages. For example,
a neural network has considerable fault-tolerance ability
and a rapid evaluation speed but requires a representative
learning sample. In addition, the learning parameters and
number of hidden layers are difficult to identify, and the
number of hidden layers affects the convergence rate, the
convergence properties of the network, and its applicability
to nonlinear problems. The index weights do not need to
be identified when the rock mass blastability is classified
using the projection pursuit algorithm, thereby ensuring that
the classification is objective. However, when optimizing the
projection direction, this scheme can easily converge to a
local optimum, which results in early maturing or early
convergence, among other problems. Genetic algorithms can
be used to accurately classify the respective categories but has
additional parameter requirements, such as gene variables
and genetic generations. The challenge encountered in using
cluster analysis and attribute recognition is to determine
reasonable index weights.

There are three essential requirements for developing a
rock mass blastability classification model. First, the most
representative characteristic must be chosen as the classifi-
cation index, and classification standards must be developed.
Second, each index should be assigned a reasonable weight.
Finally, a suitable evaluating algorithm should be chosen.The
rock blasting mechanism and the factors affecting rock mass
blastability for the aforementioned research scenario were
used to identify the classification indexes and classification
standards for rock mass blastability. The blastability of a
rock mass was described using the following values: “easy,”
“moderate,” “difficult,” and other fuzzy values, depending on
practical production requirements. The indices of two rock
samples typically have similar values but are characterized by
different rating categories by observation. This result is not
reasonable.Thus, rock blastability can be characterized using
transitional values that lie in between different levels; that is,
the values are fuzzy. There is no distinct boundary between
different levels. The same rock mass could be assigned to dif-
ferent classifications by different people or based on different
situations. Thus, it is more suitable to use fuzzy mathematics
to classify rock mass blastability. Rock mass classification can
then be based on this developed rockmass rating and the rock
characteristics; that is, rock mass blastability classification
is a pattern recognition problem. Therefore, fuzzy pattern
recognition was used to develop a rock mass blastability
classification model. However, the weights of the indexes
are not considered in pattern recognition, which prevents
the application of this method to cases with unequal index
weights.The combinationweightmethodwas used to identify
the index weights to reduce the effects of subjective factors
and avoid irrelevant factors.

2. Indexes and Standards for the
Classification of Rock Mass Blastability

2.1. Selection of Classification Index. Explosive blasting can
fracture a rock mass in two ways. First, the cohesive force
between rock granules can be overcome, thereby rupturing
the internal rock structure and producing a new fracture

surface. Second, primary and secondary fractures can be
exacerbated via further expansion. Therefore, the primary
influential factors of rock mass blastability are the physical
and mechanical properties of the rock and the structural
characteristics of the rock mass [16]. Typical indexes for
classifying rock mass blastability include the rock density,
rock wave impedance, rock tensile strength, integrity coef-
ficient of the rock mass, and the mean crack interval of the
rock mass. These indexes reflect different aspects of rock
mass blastability. However, to simplify rock mass blastability
classification and enable its practical application, all of the
indexes are not used. The characteristics of a rock mass
must be considered when choosing indexes for rock mass
blastability classification. Minor representative indexes can
comprehensively reflect different aspects of the rock mass
blastability. There should be little or no correlation between
the indexes. The chosen indexes should be easy to obtain
using various methods, such as experiments and field mea-
surements. The aforementioned considerations were used to
select the following final indexes for when considering rock
mass blastability.

2.1.1. Protodyakonov Coefficient and Tensile Strength of Rock.
The shock wave and detonation gas produced by explosive
blasting can typically rupture a rock mass through pulling
and pressing. Therefore, the Protodyakonov coefficient and
tensile strength of the rock are important parameters in
rock mass blastability. During blasting, the rock is subject
to temporary impact loading, for which the rock dynamic
loading strength is clearly higher than the rock static loading
strength. Therefore, the rock mass blastability can be accu-
rately measured by indexes for the dynamic loading strength
that are affected by the triaxial effect of the rock. However,
the dynamic loading strength of rock is difficult to measure
and exhibits a strong linear correlationwith the uniaxial static
loading compression strength and tensile strength [17]. Thus,
the static loading strength is chosen as one of the indexes
for rock mass blastability classification. The Protodyakonov
coefficient of the rock, which is determined from the uniaxial
compressive strength of the rock (1), is an objective measure
of rock fastness that is widely applied in China. Therefore,
the Protodyakonov coefficient and compressive strength of
the rock are chosen as indexes for rock mass blastability
classification:

𝑓 =
𝜎
𝑝

𝐾
. (1)

In the equation above, 𝑓 is the Protodyakonov coefficient
of the rock; 𝜎

𝑝
is the rock’s uniaxial compressive strength in

MPa; and 𝐾 is a constant equal to 10MPa.

2.1.2. Rock Density. The energy produced from rock blasting
is transferred into kinetic energy in the rock block, which
can result in the displacement or thrusting of the rock block.
A higher rock density causes more of the energy produced
in rock blasting to be consumed by the displacement and
thrusting of the rock. Therefore, the amount of energy
consumed is indicative of the difficulty of the rock blast; that
is, the rock mass blastability decreases with increasing rock
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Table 1: Classification standards of rock mass blastability.

Blastability class 𝜎
𝑡

(MPa) 𝑓
𝑃

(t/m3) 𝐾V
𝑍

(106 kg/m3 ×m/s) Characterization of blastability

I ≤1.5 ≤2.5 ≤2.0 ≤0.15 ≤3 Very easy
II 1.5–3 2.5–6 2.0–2.4 0.15–0.35 3–6 Easy
III 3–6 6–10 2.4–2.75 0.35–0.55 6–9 Moderate
IV 6–12 10–18 2.75–3.0 0.55–0.75 9–12 Difficult
V ≥12 ≥18 ≥3.0 ≥0.75 ≥12 Very difficult

density. Therefore, the rock density is generally used as an
index for rock mass blastability classification.

2.1.3. Rock Wave Impedance. The dynamic Poisson’s ratio,
dynamic elastic modulus, bulk modulus, and Lamé param-
eter for rock can be derived from the P- and S-wave velocities
of the rock. All of the physical property indexes of rocks such
as the mineral composition, porosity, water-bearing, and
weathering degree are captured in the P-wave velocity of the
rock.The P-wave velocity of the rock can be easily measured.
The rock wave impedance can be obtained by multiplying
the P-wave velocity of the rock by the rock density (2).
The impedance is a measure of the force of the disturbance
required to produce a unit speed of a moving rock particle
during the transmission of a stress wave in the rock and is a
measure of the resistance of the rock to momentum transfer.
Therefore, the rock wave impedance is chosen as one of the
indexes for the rock mass blastability classification:

𝑧 = 𝜌Vpr. (2)

In the equation above, 𝑧denotes the rockwave impedance
(106 kg/m3 × m/s), 𝜌 denotes the rock density (kg/m3), and
Vpr denotes the P-wave velocity of the rock (m/s).

2.1.4. Integrity Coefficient of Rock Mass. The geological prop-
erties of a rock mass, such as the integrity, fissure, and degree
of development of a joint fissure, are captured in the P-
wave velocity of the rock mass. A fast wave propagation
velocity in a rock mass typically corresponds to mild rock
densification, hardness, integrity, andweathering. In contrast,
a slow wave propagation velocity corresponds to severe rock
porosity, weakness, fragmentation, structural development,
and weathering. The integrity coefficient of a rock mass is
given by the square of the ratio of the P-wave velocity of a
rockmass to the P-wave velocity of the rock (3), which reflects
the extent of fracturing for a geological discontinuity, such as
a joint fissure. A rock mass with a small integrity coefficient
is susceptible to a large amount of rock mass crushing, and
the rock mass can be easily blasted. Therefore, the integrity
coefficient of the rock mass is chosen as one of the indexes
for the rock mass blastability classification:

𝐾
𝑉
= (

Vpm
Vpr

)

2

. (3)

In the equation above,𝐾
𝑉
denotes the integrity coefficient

of the rock mass, Vpm denotes the P-wave velocity of the rock
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Figure 1: Schematic for testing the P-wave velocity of the rockmass.

mass (m/s), and Vpr denotes the P-wave velocity of the rock
(m/s).

In conclusion, five indexes were chosen for the rock
mass blastability classification: the Protodyakonov coefficient
and tensile strength of the rock, rock density, rock wave
impedance, and the integrity coefficient of the rock mass.
Among these indexes, the Protodyakonov coefficient and
tensile strength of the rock are mechanical property indexes
of the rock, the rock density and rock wave impedance
are physical property indexes of the rock; and the integrity
coefficient of the rock mass is a measure of the geological
properties of the rock mass. These five indexes primarily
reflect the relevant physical and mechanical properties and
characteristics of the geological structure of a rock mass and
blasting and can be easily obtained by fieldmeasurements and
experiments.

2.2. Determination of the Standards for Rock Mass Blastability
Classification. Thevalue selection and designation of classifi-
cation standards play an important role in the development of
models for rock mass blastability classification. In the litera-
ture, the standards for classification indexes are determined
using five ranks for rock mass blastability: very easy, easy,
moderate, difficult, and very difficult. These classification
standards for rock mass blastability are shown in Table 1 [18].

2.3. Measurements and Results for the Indexes

2.3.1. P-Wave Velocity of the Rock Mass. Figure 1 illustrates
a hole that is drilled by a geological drilling rig to measure
a rock mass. A small quantity of explosive is placed at the
bottom of the hole, and two vibration pick-up instruments
are placed around the hole. These two instruments should be



4 Mathematical Problems in Engineering

Figure 2: Vibration pick-up.

placed as far apart as possible and in a straight line with the
hole. Detonating the explosive in the hole produces a surface
wave and volume wave in the rock mass, where the volume
wave consists of P-wave and S-wave components.The velocity
of the P-wave is higher than that of the S-wave, and, thus,
the P-wave reaches the measuring point before the S-wave.
When the P-wave reaches measuring point 1, it triggers the
“vibration pick-up 1,” which records the time 𝑡

1
at which the

P-wave reaches point 1. The “vibration pick-up 2” records
the time 𝑡

2
at which the P-wave reaches measuring point

2. The P-wave velocity of the rock mass is calculated using
the difference between the times that the P-wave reaches
measuring points 1 and 2 and the distances between the two
measuring points and the center of the explosive cartridge.
Equation (4) shows the formula used to calculate the P-wave
velocity of the rock mass for the geometry shown in Figure 1
[19]:

Vpm =
√ℎ2 + (𝑠1 + 𝑠2)

2
− √ℎ2 + 𝑠1

2

𝑡2 − 𝑡1
. (4)

In the equation above, ℎ denotes the depth of the hole (in
m), 𝑠
1
denotes the distance betweenmeasuring point 1 and the

hole (in m), 𝑠
2
denotes the distance between the two points

(in m), 𝑡
1
denotes the time at which the P-wave reaches point

1 (in s), and 𝑡
2
denotes the time at which the P-wave reaches

point 2 (in s).
Following the aforementioned principles, field tests were

performed at different locations in the Heidaigou open-cast
coal mine, where the drilling hole diameter was 127mm
and the hole depth was between 5 and 17m. A vibration
velocity transducer (model CD-21, manufactured by Beijing
Instrument Industry Group Co., Ltd., in Beijing, China) was
used as the vibration pick-up instrument, and a blasting
vibration instrument (model EXP3850, Chengdu VIDTS
Dynamic Instrument Co., Ltd., in Chengdu, China) was used
as the blasting vibration recording instrument, as shown in
Figures 2 and 3, respectively.

The bench consisted primarily of medium sandstone, and
a hole was drilled in the bench at an altitude of 1,185m, as
shown in Figure 4. The depth of the hole was 16.3m, and the
distances 𝑠

1
and 𝑠
2
were 7.1 and 16.7m, respectively.

Figure 3: Blasting vibration recorder.

Figure 4: Photograph of the rock mass.
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Figure 5: Test pattern of the P-wave velocity of the rock mass.

The two times that were obtained from the test, 𝑡
1
=

−23.65ms and 𝑡
2
= −13.75ms, are shown in Figure 5. The P-

wave velocity of the medium sandstone mass was calculated
to be vpm = 1,118m/s using (4).

Similarly, the measurements indicated that the wave
velocity in the mudstone mass was 1,273m/s, the wave
velocity in the sandstone mass was 944m/s, and the wave
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Figure 6: Rock samples.

Table 2: Test results for the rock mass blastability indexes.

Rock mass 𝜎
𝑡

𝜎
𝑝

𝜌 𝜎pm Vpr
(MPa) (MPa) (t/m3) (m/s) (m/s)

Mudstone 2.19 27.6 2.68 127 3 374 4
Fine sandstone 2.72 43.6 2.41 957 322 6
Medium sandstone 2.26 27.3 2.36 1118 272 4
Coarse sandstone 1.50 24.3 2.23 796 236 0

velocity in the coarse sandstone rockmass was 796m/s in the
Heidaigou open-cast coal mine.

2.3.2. P-Wave Velocity of the Rock Mass. Different types of
rocks were collected from the Heidaigou open-cast coal mine
and processed into standard samples with specifications of
𝜙50mm × 100mm, as shown in Figure 6. A TICO ultrasonic
detector was used to determine the P-wave velocity of the
rock. The TICO detector had two sensors, a sender and a
receiver. The distance l between the two sensors and the
propagation time 𝑡 of the test sound wave to travel between
the two sensors were used to calculate the wave velocity Vpr =
𝑙/𝑡. The wave velocities were as follows: 3,744m/s for the
mudstone, 3,226m/s for the fine sandstone, 2,724m/s for the
medium sandstone, and 2,360m/s for the coarse sandstone.

2.3.3. Rock Density, Tensile Strength, and Compressive
Strength. The rock density was determined by weighing the
samples and calculating the sample volumes.

The tensile strength and uniaxial compressive strength
of the rock were measured using microcomputer control
electron universal testingmachines (modelWDW300,KeXin
Testing Machine Co., Ltd., in Changchun, China). The spec-
ifications for the test samples for the uniaxial compressive
strength measurements were 𝜙50mm × 100mm. The Brazil
splitting method was used to measure the tensile strength of
the rock with specifications of 𝜙50mm × 25mm.

The test results for the rock density, rock tensile strength,
and rock compressive strength are provided in Table 2.

Table 3: Rock mass blastability classification index values.

Rock mass 𝜎
𝑡 𝑓

𝑃
𝐾V

𝑍

(MPa) (t/m3) (106 kg/m3 ×m/s)
Mudstone 2.19 2.76 2.68 0.12 10.03
Fine sandstone 2.72 4.36 2.41 0.09 7.77
Medium sandstone 2.26 2.73 2.36 0.17 6.43
Coarse sandstone 1.50 2.43 2.23 0.11 5.26

Table 4: Judgment matrix 𝑃.

Variables 𝜎
𝑡

𝑓 𝜌 𝐾V 𝑧

𝜎
𝑡

1 1/5 1/3 1/4 1/2
𝑓 5 1 3 2 4
𝑃 3 1/3 1 1/2 2
𝐾V 4 1/2 2 1 3
𝑧 2 1/4 1/2 1/3 1

The classification index values of the rock masses were
calculated and are shown in Table 3.

3. Determination of the Index Weights Using
the Combination Weight Method

To circumvent the deficiencies of the subjective weight
method and the objective weight method, the index weight
was systematically determined using the analysis hierarchy
process (AHP) to calculate the subjective weight, the entropy
method (EM) was used to calculate the objective weight, and
the combination weight method (CWM), which is based on
game theory (GT), was used to determine the index weights
for the rock mass blastability classification.

3.1. Determination of Subjective Weight Using the Analysis
Hierarchy Process. AHP is a systematic, hierarchical analysis
method that incorporates both qualitative and quantitative
analyses; thus, AHP is simple and practical and avoids the
uncertainties and errors that can arise when determining the
indexweights.Themethodology used to calculate theweights
using the AHP is detailed in Saaty’s papers [20, 21].

A pairwise comparison of the Protodyakonov coefficient,
tensile strength, density, wave impedance, and integrity
coefficient of the rock mass was performed to construct a
judgment matrix, as shown in Table 4.

The calculation produced the eigenvector W = (0.06,

0.42, 0.16, 0.26, 0.10)T, maximum eigenvalue 𝜆max = 5.068,
and the consistency index CI = 0.017. For 𝑛 = 5 elements,
the random index was found to be RI = 1.12, which was used
to calculate the consistency ratio CR = 0.017/1.12 = 0.015 <
0.1. Therefore, the judgment matrix satisfied the consistency
check. The consistency ratio weight vector was determined
using AHP to beW1 = (0.06, 0.42, 0.16, 0.26, 0.10).

3.2. Determination of the Objective Weight Using the Entropy
Method. Information theory states that the information
entropy is a measure of the degree of disorder in a system.
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Lower information entropy indicates a lower degree of
disorder and a higher utility value of the information; the
opposite holds true for higher information entropy [22].
An indicator that does not produce different effects for
different levels of rock mass blastability is not useful for
rock mass blastability classification. Thus, if an indicator
produces a smaller difference for different levels of rock
mass blastability, the effect of the indicator on the rock mass
blastability classification is smaller, and the corresponding
information entropy is higher; the opposite holds true for
an indicator that produces a larger difference for different
levels of rock mass blastability. That is, the difference degree
of the indicator for the rock mass blastability classification is
inversely proportional to the information entropy.Therefore,
the index weight was determined from the difference degree
of the rock mass blastability classification indicator using the
EM.The calculation procedure is detailed in the papers of Pei-
Yue et al. [23] and Zou et al. [24].

Using the sample data for mudstone, fine sandstone,
medium sandstone, and coarse sandstone that are given
in Table 3, the entropy of each indicator was calculated to
be H = (0.984 8, 0.979 6, 0.998 4, 0.979 9, 0.979 5), which
yielded the consistency ratio weight vectorW2 = (0.20, 0.26,
0.02, 0.26, 0.26).

3.3. Combination Weight from Game Theory. The weights
obtained from different weight methods may not be consis-
tent with each other. GT can be used to minimize the sum of
the differences between the final determined weight and the
weight determined from each method [25]. The procedure
for determining the GT-based combination weight is given
below [26].

Assume that 𝐿methods are used to weight the indexes of
the rock mass blastability classification, where the 𝐿 weight
vectors are given byW

𝑘
= (𝜔
𝑘1
, 𝜔
𝑘2
, . . . , 𝜔

𝑘𝑛
) (where 1 ≤ 𝑘 ≤

𝐿, and 𝑛 indicates the number of indexes of the rock mass
blastability classification). A combination weight vector can
be constructed from a random linear combination of the 𝐿
weight vectors as follows:

W
𝑐
=
𝐿

∑
𝑘=1

𝛼
𝑘
⋅WT
𝑘
. (5)

In the equation above, W
𝑐
denotes the combination

weight vector and 𝛼
𝑘
denotes the coefficient of the linear

combination, where 𝛼
𝑘
> 0.

The most satisfactory combination weight vector is
obtained by minimizing the deviation between the com-
bination weight vector W

𝑐
and each weight vector W

𝑘
by

optimizing the coefficient 𝛼
𝑘
of the 𝐿 linear combinations.

The game model is given as

min


𝐿

∑
𝑘=1

𝛼
𝑘
⋅WT
𝑘
−WT
𝑙

2

(𝑙 = 1, 2, . . . , 𝐿) . (6)

The differential attribute of the matrix is used to calculate
the optimum first derivative condition in (6), which can be
written in the following matrix form:

[
[
[
[
[
[
[

[

W1 ⋅WT
1 W1 ⋅WT

2 ⋅ ⋅ ⋅ W1 ⋅WT
𝐿

W2 ⋅WT
1 W2 ⋅WT

2 ⋅ ⋅ ⋅ W2 ⋅WT
𝐿

...
... d

...

W
𝐿
⋅WT

1 W
𝐿
⋅WT

2 ⋅ ⋅ ⋅ W
𝐿
⋅WT
𝐿

]
]
]
]
]
]
]

]

[
[
[
[
[
[

[

𝛼1

𝛼2

...

𝛼
𝐿

]
]
]
]
]
]

]

=

[
[
[
[
[
[
[

[

W1 ⋅WT
1

W2 ⋅WT
2

...

W
𝐿
⋅WT
𝐿

]
]
]
]
]
]
]

]

.

(7)

Thematrix is used to calculate the normalization process-
ing of (𝛼

1
, 𝛼
2
, . . . , 𝛼

𝐿
), as shown in (8), to obtain the optimal

linear combining coefficient 𝛼∗
𝑘
(1 ≤ 𝑘 ≤ 𝐿) as follows:

𝛼∗
𝑘
=

𝛼
𝑘

∑
𝐿

𝑘=1
𝛼
𝑘

. (8)

Therefore, the optimal combination weight vector is

W∗ =
𝐿

∑
𝑘=1

𝛼∗
𝑘
⋅W
𝑘
. (9)

In the equation above,W∗ denotes the optimal combina-
tion weight vector, W∗ = (𝜔∗

𝑗
)
1×𝑛

, where 𝜔∗
𝑗
is the optimal

combination weight vector for the 𝑗th index, with ∑𝑛
𝑖=1
𝜔∗
𝑗
=

1.
The calculated subjective and objective weights were used

to determine 𝛼∗
1
= 0.691 2 and 𝛼∗

2
= 0.308 8 using (7)

and (8), andW∗ = (0.10, 0.37, 0.12, 0.26, 0.15)was calculated
using (9). The index weights that were determined using the
AHP, EM, and CWM are shown in Figure 7.

Figure 7 illustrates that the index weights that were deter-
mined using the combination weight method lay between
those calculated using the AHP and those calculated using
EM. The CWM balanced and coordinated the impacts that
the subjective and objective methods exerted on the weights,
thus overcoming the one-sidedness of each method; the
finalized CWM produced more realistic results than the
individual methods.

4. Fuzzy Pattern Recognition Model for
Rock Mass Blastability

4.1. Model Principles. We assume that the rock mass blasta-
bility can be divided into 𝑚 levels for 𝑛 indexes, where each
blastability has its own grading standards (the value range of
each index) and that the𝑚 grading standards of the rockmass
blastability can serve as the 𝑚 fuzzy subsets 𝐴

1
, 𝐴
2
, . . . , 𝐴

𝑚

that constitute a standard sample database {𝐴
1
, 𝐴
2
, . . . , 𝐴

𝑚
}.

The value of the 𝑗th grading standard of the rock mass
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Figure 7: Comparison of weights.

blastability classification is denoted by 𝑥
𝑗
(𝑗 = 1, 2, . . . , 𝑛),

and the universe 𝑈 = {𝑢 | 𝑢 = (𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
)}, namely, 𝑢,

denotes the set of 𝑛 indexes for a certain rock mass sample.
The membership functions 𝜇

𝑖
(𝑥
𝑗
) and 𝜇

𝑖
(𝑢) are con-

structed for a particular fuzzy subset 𝐴
𝑖
. For these functions,

𝑖 (𝑖 = 1, 2, . . . , 𝑚) denotes the number of the rock mass
blastability classification for a standard sample, 𝑗 (𝑗 =
1, 2, . . . , 𝑛) denotes the index number, and 𝑥

𝑗
indicates the

value of the 𝑗th index for a specific rock mass sample. 𝜇
𝑖
(𝑥
𝑗
)

denotes the membership degree of the 𝑗th index of a specific
rock mass sample that relatively belongs to the blastability
degree of the 𝑖th rock mass, and 𝜇

𝑖
(𝑢) is the membership

degree of a specific rock mass sample that relatively belongs
to the blastability degree of the 𝑖th rock mass.

If 𝑢
0
∈ 𝑈 and 𝑘 ∈ {1, 2, . . . , 𝑚} exist such that 𝜇

𝑘
(𝑢
0
) =

max{𝜇
1
(𝑢
0
), 𝜇
2
(𝑢
0
), . . . , 𝑢

𝑚
(𝑥
0
)}, 𝑢
0
is considered to belong

to 𝐴
𝑘
, which means that the blastability degree of rock mass

sample 𝑢
0
belongs to degree 𝑘.

4.2. Development of the Membership Function. To establish
a fuzzy relation between the classification indexes and the
standard samples, the membership functions must first be
developed between each index and each standard sample
[27]. The fuzziest principle and clearest principle must be
obeyed while formulating the membership function. That is,
the membership degree is 0.5 at the endpoint of the interval
for the fuzziest state, and the membership degree is 1 at the
midpoint of the interval for the clearest state. Moreover, the
sum of the membership degrees at any point is 1 [28].

Commonly used membership functions include triangu-
lar, trapezoidal, normal distribution and mountain-shaped
membership functions [29]. Mikkili and Panda concluded
that there are no considerable differences among the mem-
bership degrees that correspond to different membership

Table 5: Value range of the index.

Index
number Degree 1 Degree 2 ⋅ ⋅ ⋅ Degree𝑚 − 1 Degree𝑚

𝑗 ≤𝑎
1𝑗

𝑎
1𝑗
∼𝑎
2𝑗

⋅ ⋅ ⋅ 𝑎
(𝑚−2)𝑗

∼𝑎
(𝑚−1)𝑗

≥𝑎
(𝑚−1)𝑗

functions, and the analysis results are consistent [30]. There-
fore, a trapezoidal membership function was used to formu-
late the fuzzy assessment matrix. Based on the principle used
to identify the membership function, the trapezoidal mem-
bership function degenerated into a triangular membership
function.

Table 1 illustrates that the values of the classification
indexes that were chosen in this study increased with the
degree of rock mass blastability, namely, the incremental
index. The assumed value range of the 𝑗th index for the 𝑖th
degree is provided in Table 5.

Let us consider the trapezoidal membership function as
an example, where the membership functions for each index
of each degree are given as follows:

𝜇1 (𝑥𝑗) =

{{{{{{{{{{{
{{{{{{{{{{{
{

1 𝑥
𝑗
< 𝑏1𝑗

𝑥
𝑗
+ 𝑏1𝑗 − 2𝑎1𝑗

2 (𝑏1𝑗 − 𝑎1𝑗)
𝑏1𝑗 ≤ 𝑥𝑗 < 𝑎1𝑗

𝑏2𝑗 − 𝑥𝑗

2 (𝑏2𝑗 − 𝑎1𝑗)
𝑎1𝑗 ≤ 𝑥𝑗 < 𝑏2𝑗

0 𝑥
𝑗
≥ 𝑏2𝑗,

𝜇
𝑖
(𝑥
𝑗
)

=

{{{{{{{{{{{{{{{{{{{
{{{{{{{{{{{{{{{{{{{
{

0 𝑥
𝑗
< 𝑏
(𝑖−1)𝑗, 𝑥𝑗 ≥ 𝑏(𝑖+1)𝑗

𝑥
𝑗
− 𝑏
(𝑖−1)𝑗

2 (𝑎
(𝑖−1)𝑗 − 𝑏(𝑖−1)𝑗)

𝑏
(𝑖−1)𝑗 ≤ 𝑥𝑗 < 𝑎(𝑖−1)𝑗

𝑥
𝑗
+ 𝑏
𝑖𝑗
− 2𝑎
(𝑖−1)𝑗

2 (𝑏
𝑖𝑗
− 𝑎
(𝑖−1)𝑗)

𝑎
(𝑖−1)𝑗 ≤ 𝑥𝑗 < 𝑏𝑖𝑗

𝑏
𝑖𝑗
− 2𝑎
𝑖𝑗
− 𝑥
𝑗

2 (𝑎
𝑖𝑗
− 𝑏
𝑖𝑗
)

𝑏
𝑖𝑗
≤ 𝑥
𝑗
< 𝑎
𝑖𝑗

𝑏
(𝑖+1)𝑗 − 𝑥𝑗

2 (𝑏
(𝑖+1)𝑗 − 𝑎𝑖𝑗)

𝑎
𝑖𝑗
≤ 𝑥
𝑗
< 𝑏
(𝑖+1)𝑗,

𝜇
𝑚
(𝑥
𝑗
) =

{{{{{
{{{{{
{

0 𝑥
𝑗
< 𝑏
(𝑚−1)𝑗

𝑥
𝑗
− 𝑏
(𝑚−1)𝑗

𝑏
𝑚𝑗
− 𝑏
(𝑚−1)𝑗

𝑏
(𝑚−1)𝑗 ≤ 𝑥𝑗 < 𝑏𝑚𝑗

1 𝑥
𝑗
≥ 𝑏
𝑚𝑗
.

(10)

In the equations above, 𝑥
𝑗
denotes the value of the 𝑗th

index for a given rock sample, 𝜇
𝑖
(𝑥
𝑗
) denotes themembership

degree of index 𝑥
𝑗
that relatively belongs to the 𝑖th blastability

degree, and 𝑏
𝑚𝑗
= 2𝑎
(𝑚−1)𝑗

− 𝑏
(𝑚−1)𝑗

, where 𝑏
1𝑗
= max{2𝑎

1𝑗
−

𝑏
2𝑗
, 𝑎
1𝑗
/2}, and 𝑏

𝑖𝑗
= (𝑎
(𝑖−1)𝑗

+ 𝑎
𝑖𝑗
)/2 (2 ≤ 𝑖 ≤ 𝑚 − 1).
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Figure 8: Pictorial representation of trapezoidal membership func-
tions.
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Figure 9: Rock mass blastability classification procedure.

Equations (10) correspond to themembership function of
the incremental index, which is shown in Figure 8.Themem-
bership function of the descending index can be determined
using the same method and is thus not presented here.

4.3. Identification of the Rock Mass Blastability Degree. The
procedure for the rock mass blastability classification is
summarized in Figure 9. The membership degree of every
blastability degree can be calculated using (11) together
with the classification index and the classification standard
provided in section two, the combination weight provided
in section three, and the membership function provided in
section four for any type of rock as long as the values of
the n indexes are known, and the blastability degree of the
rock can be determined using the principle of the maximum
membership degree. Consider

𝜇
𝑖
(𝑢) =

1
𝑛

𝑛

∑
𝑗=1
𝜔∗
𝑗
𝜇
𝑖
(𝑥
𝑗
) 1 ≤ 𝑖 ≤ 𝑚. (11)

Table 6: Membership degree for each index for mudstone.

Blastability class 𝜎
𝑡

𝑓 𝜌 𝐾V 𝑧

I 0.04 0.43 0 0.73 0
II 0.96 0.57 0 0.27 0
III 0 0 0.70 0 0.16
IV 0 0 0.30 0 0.84
V 0 0 0 0 0

Table 7: Membership degree of each rock mass.

Rock mass Blastability class
I II III IV V

Mudstone 0.35 0.38 0.11 0.16 0.00
Fine sandstone 0.24 0.51 0.24 0.01 0.00
Medium sandstone 0.27 0.59 0.14 0.00 0.00
Coarse sandstone 0.44 0.51 0.05 0.00 0.00

In the equation above, 𝜔∗
𝑗
denotes the satisfactory combi-

nation weight of the 𝑗th index.

5. Project Application

5.1. Rock Mass Blastability Classification. The identified clas-
sification index provided in Table 1 was used to calculate
the specific membership function using (10). Let us consider
the rock mass blastability classification of mudstone from
the Heidaigou open-cast coal mine as an example. The
membership degree between each index and each rock mass
blastability classification was calculated by substituting the
relevant indexes of the rock mass of mudstone into the
membership function in Table 3 and is shown in Table 6.

Equation (11) was used to calculate the following values:
𝜇
1
(𝑢) = 0.35, 𝜇

2
(𝑢) = 0.38, 𝜇

3
(𝑢) = 0.11, 𝜇

4
(𝑢) = 0.16, and

𝜇
5
(𝑢) = 0.The principle of themaximummembership degree

was used to determine that the largest rock mass blastability
degree ofmudstone was 𝜇

2
(𝑢), which corresponds to a degree

of 2, the “easy” blasted rock mass.
The membership degree between each index for the rock

masses of fine sandstone, medium sandstone, and coarse
sandstone and the rock mass blastability classification was
similarly confirmed, and the membership degree between
each rock mass and the rock mass blastability classification
was calculated, as shown in Table 7 and Figure 10. The
principle of the maximummembership degree indicated that
the rock masses of fine sandstone, medium sandstone, and
coarse sandstone could all be categorized as easy blasted rock
masses.

Figure 10 illustrates that although each rock mass had a
maximum membership degree for a blastability of II, which
belonged to the easy blasted rock mass, the mudstone and
coarse sandstone rock mass also had a large membership
degree for a blastability of I, indicating that the degree
for mudstone and coarse sandstone was between the very
easy blasted and easy blasted rock masses. Although the
fine sandstone and coarse sandstone had equal membership
degrees for a blastability of II, the coarse sandstone had a
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Figure 10: Membership degree of each rock mass.

Table 8: Unit explosive consumption of rock mass of each classifi-
cation.

Blastability class Unit explosive consumption (kg/m3)
I ≤0.35
II 0.35–0.45
III 0.45–0.65
IV 0.65–0.90
V ≥0.90

larger membership degree for a blastability of I and a smaller
membership degree for a blastability of III, illustrating that
coarse sandstone was more explosive than fine sandstone
despite both sandstones being categorized as easy blasted
rock mass.

5.2. Unit Explosive Consumption. The relevant literature and
material and blasting experience from open-cast mines was
used to determine the unit explosive consumption (ANFO)
for the loose blasting of a rock mass for each classification, as
shown in Table 8.

Let 𝑞
2
, 𝑞
3
, and 𝑞

4
denote the midpoints of the interval

of the unit explosive consumption for degrees II, III, and IV
in Table 8, respectively, where 𝑞

1
= 0.35 − (𝑞

2
− 0.35) and

𝑞
5
= 0.90 + (0.90 − 𝑞

4
) form the vector 𝑄 = (𝑞

𝑖
)
1×5

=
(0.30, 0.40, 0.55, 0.78, 1.02).

The membership matrixU = (𝜇
𝑖
(𝑢))
1×5

between the rock
mass and the rockmass blastability degreewas calculated.The
unit explosive consumption for the loose blasting of the rock
mass was then calculated using

𝑞 =

{{{{
{{{{
{

≤ 0.3 𝜇1 (𝑢) = 1

≥ 1.02 𝜇5 (𝑢) = 1

𝑄 ⋅ 𝑈T 𝜇1 (𝑢) ̸= 1, 𝜇5 (𝑢) ̸= 1.

(12)

Consider the mudstone rock mass in the Heidaigou
open-cast coal mine as an example, where the unit explosive
consumption for loose blasting was calculated to be 𝑞mud =
(0.30, 0.40, 0.55, 0.78, 1.02) ⋅ (0.35, 0.38, 0.11, 0.16, 0) =
0.44 kg/m3. Similarly, the unit explosive consumption values
for fine sandstone, medium sandstone, and coarse sandstone
were determined to be 𝑞

𝑓
= 0.42 kg/m3, 𝑞med = 0.40 kg/m

3,
and 𝑞
𝑐
= 0.36 kg/m3, respectively.

When there are several types of rock masses in a blasting
area, the unit explosive consumption can be approximated
using

𝑞
𝑎
=
∑
𝑛

𝑖=1
𝑞
𝑚𝑖
𝑉
𝑚𝑖

∑
𝑛

𝑖=1
𝑉
𝑚𝑖

. (13)

In the equation above, 𝑞
𝑎
denotes the average unit

explosive consumption (in kg/m3) for loose blasting in the
blasting area, 𝑞

𝑚𝑖
denotes the unit explosive consumption (in

kg/m3) for loose blasting of the rock mass 𝑖, 𝑉
𝑚𝑖

denotes the
volume (in m3) of the rock mass 𝑖, and 𝑛 denotes the number
of types of rock masses in the blasting area.

When there are several rock masses that are approxi-
mately level or when there is a gentle incline from the top to
the bottom of the blasting area, 𝑉

𝑚𝑖
can be replaced by ℎ

𝑚𝑖
in

(13); thus, ℎ
𝑚𝑖

denotes the thickness of the rock mass 𝑖 (m).

6. Conclusions and Further Research

(1) There are no clear boundaries between different
classifications for the blastability of a rock mass; that
is, there is fuzziness in the classification problem.
Thus, a fuzzy pattern recognition method was used
to develop a model for rock mass blastability clas-
sification. The classification results from the model
were obtained as a vector, which providedmore infor-
mation than a point value. Thus, a simple algorithm
was used to make full use of the information, and the
classification procedure was easy to understand.

(2) The relevant indexes of each rock mass that was
tested in the Heidaigou open-cast coal mine were
used with the developed rock mass blastability clas-
sification model to demonstrate that mudstone, fine
sandstone, medium sandstone, and coarse sandstone
in the Heidaigou open-cast coal mine could all be
considered easy blasted rock mass.The unit explosive
consumption of mudstone, fine sandstone, medium
sandstone, and coarse sandstone was determined to
be 0.44, 0.42, 0.40, and 0.36 kg/m3, respectively. Blast-
ing experiments in theHeidaigou open-cast coalmine
demonstrated the accuracy of the aforementioned
conclusions. These conclusions were used to develop
a loose blasting design, which yielded good results.

(3) The standards for the blastability classification of the
rock masses were determined from the literature.
These standards can be applied to actual situations
but are not based on sufficiently large amounts of
sample data; therefore, the scientific basis of these
standards has not been confirmed. In addition, a
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sufficiently large amount of sample data was not
used with the objective weight method. Thus, this
insufficient sample size likely affected the weights that
were determined by the objective weight method to
some extent. Therefore, the next step is to collect
a large amount of sample data of rock masses in
typical areas for use in a more accurate calculation
of the weight of each classification index and a more
accurate calculation and analysis of the standards for
the blastability classification of rock masses.
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