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Aiming at the complex nonlinear relationship among factors affecting blasting fragmentation, the input weight and hidden layer
threshold of ELM (extreme learning machine) were optimized by gray wolf optimizer (GWO) and the prediction model of GWO-
ELM blasting fragmentation was established. Taking No. 2 open-pit coal mine of Dananhu as an example, seven factors including
the rock tensile strength, compressive strength, hole spacing, row spacing, minimum resistance line, super depth, and specific
charge are selected as the input factors of the prediction model. .e average size of blasting fragmentation X50 is selected as the
output factor of the prediction model and compared with the results of PSO-ELM and ELM. .e results show that MAPE of
GWO-ELM, PSO-ELM, and ELM are 1.78%, 5.40%, and 10.90%, respectively; their RMSE are 0.007, 0.022, and 0.045, respectively.
.e ELM model optimized by the gray wolf optimizer is more accurate and has stronger data fitting ability than PSO-ELM and
ELM models, and the prediction accuracy of GWO-ELM is much higher than that of PSO-ELM and ELM.

1. Introduction

It is of great theoretical and practical significance to study
the fragmentation distribution of rock blasting. Accurate
prediction of fragmentation is of guiding value to the op-
timization of blasting parameters [1, 2]. On the one hand, the
size and distribution of blasting blocks are the important
basis to judge the blasting effect; on the other hand, the
analysis of rock blasting fragmentation distribution is an
important way to further study blasting fragmentation
mechanism and optimize blasting parameters. Scholars at
home and abroad have put forward many theoretical models
for the prediction of blasting fragmentation. .e classical
models include Kuz–Ram model and Rosin-Rammer model
[3–5]. Because blasting is a complex nonlinear process, these
classical theoretical models are based on certain assumptions
and consider few influencing factors, so they all have certain
limitations [6–9].

With the rapid development of artificial intelligence
technology, using the powerful processing ability of com-
puter to analyze the complex nonlinear process of blasting
has been widely used, such as BP neural network, support

vector machine, and GEP [4, 10–15]. Hasanipanah [16]
proposed a new model for forecasting the rock fragmen-
tation using adaptive neuro-fuzzy inference system (ANFIS)
in combination with particle swarm optimization (PSO)
[17–19]. Hasanipanah [16] proposed the rock engineering
system (RES) technique to evaluate the risk associated with
rock fragmentation as well as its prediction at Sarcheshmeh
Copper Mine [16]. Hasanipanah et al. [20] developed a
precise and applicable model based on regression tree (RT)
to predict blast-produced flyrock distance in Ulu Tiram
quarry, Malaysia [20]. Hasanipanah et al. [21] developed a
precise equation for predicting flyrock through particle
swarm optimization (PSO) approach [21]. Hasanipanah
et al. [22] developed a novel hybrid artificial neural network
(ANN) based on the adaptive musical inspired optimization
method to predict blast-induced flyrock [22]. Hasanipanah
and Bakhshandeh Amnieh [23] developed a fuzzy rock
engineering system (FRES) framework to efficiently evaluate
the parameters that affect flyrock [23]. Hasanipanah et al.
[22] proposed a new uncertain rule-based fuzzy approach for
the evaluation of blast-induced backbreak [24]. Zhu [25]
presented a new hybridmodel by combining chaos recurrent
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adaptive neuro-fuzzy inference system (CRANFIS) and
particle swarm optimization (PSO) to predict ground vi-
bration [25]. Fattahi and Hasanipanah [26] developed a new
integrated intelligent model to approximate flyrock based on
an adaptive neuro-fuzzy inference system (ANFIS) in
combination with a grasshopper optimization algorithm
(GOA) [26]. Dhal and Azad [27] proposed a binary version
of the hybrid two-phase multiobjective FS approach, based
on particle swarm optimization (PSO) and gray wolf opti-
mization (GWO) [27, 28].

In addition, many experts at home and abroad have done
a lot of research on blasting prediction and calculation.
Wang et al. [29] proposed an improved VCCS algorithm
based on discrete features to solve the segmentation problem
of 3D LPCD of small blast muck piles, which cannot be
effectively segmented and thus greatly influence the 3D
LPCD of large blast muck piles [29, 30]. By further dem-
onstrating that the impact of brittleness on fragmentation is
physically inherent in the material dimension, we present
new mechanistic insights into the blast-induced rock frag-
mentation via integrated analytical modelling, finite element
simulation, and image processing [31, 32]. Yan et al. [33]
present a new approach based on the three-dimensional
distinct element code (3DEC) method to model the dynamic
cracking and casting process of bench blasting with rea-
sonable consideration of blasting fragmentation size.

ELM is a single hidden layer forward neural network
with fast learning speed and strong generalization ability
[34, 35]. However, because the algorithm randomly gen-
erates input weights and hidden layer thresholds, its stability
is poor. .e learning effect is significantly affected by the
number of hidden layer nodes [2, 36–44].

.erefore, this paper uses GWO to optimize the ELM
input weights and hidden layer thresholds to improve the
stability and prediction accuracy of the ELM model, so as to
establish the GWO-ELM blasting fragmentation prediction
model.

2. Research Methods

2.1. Extreme Learning Machine. Traditional extreme learn-
ing machine is a single hidden layer forward neural network;
it consists of an input layer, a hidden layer, and an output
layer; after initialization, the weights between the input layer
and the hidden layer and the threshold of the hidden layer
are random and fixed. In the case of determining the relevant
parameters, the weight between the hidden layer and the
output layer is calculated using the training sample, so as to
complete the sample learning.

Considering there are k different training samples, the
input matrix X and the output matrix Y of the extreme
learning machine are as follows:

xi, yi( , xi � x1i, x2i, . . . , xni 
T
,

yi � y1i, y2i, . . . , yni 
T
, (i � 1, 2, . . . , K).

(1)

.e activation function of the hidden layer is determined
as f(x); the number of hidden layer nodes is L, then the

output value of training samples of the extreme learning
machine can be expressed as,

tj � 
l

i�1
βif ωixj + bi (j � 1, 2, . . . K), (2)

where βi is the output weight between the neuron in the
hidden layer and the output factor in the output layer, ωi is
the input factor of the input layer and the neuron in the
hidden layer, and bi is the threshold of hidden layer neurons.

.e existence of βi, ωi, and bi makes the output value of
training samples infinitely close to the expected output, see
below:



K

j�1
tj − yj � 0. (3)

Equation (3) can be simplified as,

Hβ � Y. (4)

When the expected output and the output matrix are
determined, the output weight is obtained by solving the
least square solution of the linear equations:

β � H
+
Y. (5)

Here, H+ is the Moore–Penrose generalized inverse
matrix of the matrix H of the hidden layer.

2.2. GWO Optimized Extreme Learning Machine

2.2.1. Gray Wolf Optimization Algorithm. Gray wolf opti-
mization algorithm is a new metaheuristic swarm intelli-
gence algorithm. Related researches show that it performs
well in finding optimal solutions and the algorithm is simple.
Gray wolf algorithm simulates the strict social hierarchy of
wolves in nature, as shown in Figure 1. .e first layer is the
head wolf (denoted as α wolf), and the individuals in the
lower layer are β wolf, c wolf, and ω wolf, respectively.

(1) Surrounded by Prey. When the gray wolf algorithm
attacks the prey, it firstly surrounds the prey, and its
mathematical model can be expressed as the following
equations:

D � C · Xp(t) − X(t)


, (6)

X(t + 1) � Xp(t) − A · D. (7)

In equations (6) and (7), t represents the number of
iterations, and X and Xp represent the positions of gray
wolves and prey, respectively. .e coefficient vectors are A
and C, and the calculation formulas are shown in the fol-
lowing equations:

A � 2 · a · r1 − a, (8)

C � 2 · r2, (9)

where A is the weighting factor, it is decreasing linearly from
2 to 0, and r1 and r2 are a random number (0, 1).
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(2) Hunting Behavior. After surrounding the prey, the
wolf can locate the prey wherever it is and hunt after it, but
this does not mimic the intelligent social behavior of the
wolf. According to the characteristics of social rank, the
optimal solution is α; the suboptimal solution, the third
optimal solution, and other individuals are denoted as β, c,
and ω, respectively. .e ω gray wolf updates its position
according to the top three wolves, as shown in the formula
below:

Dα � C · Xα(t) − X(t)


,

X1 � Xα(t) − A1 · Dα,

(10)

Dβ � C · Xβ(t) − X(t)


,

X2 � Xβ(t) − A2 · Dβ,
(11)

Dc � C · Xc(t) − X(t)


,

X3 � Xc(t) − A3 · Dc,
(12)

X(t + 1) �
X1 + X2 + X3( 

3
. (13)

(3) Attack Prey. .e final stage of the gray wolf algorithm
is to attack the prey, so as to find the optimal solution. .e
algorithm’s optimization process is mainly realized by
changing A according to the decreasing of a in formula (8).
.en, the prey is hunted according to equations (10)–(13),
and finally the prey is attacked.

2.2.2. GWO-ELM Arthmetic. Aiming at the problem that
the input weights and hidden layer thresholds generated
randomly during ELM algorithm training lead to poor
prediction effect and stability, the global search ability of the
algorithm is used to solve the optimal input weights and
hidden layer thresholds..e rootmean square error between
the output value of training samples and the expected output
value is used as the fitness function of GWO algorithm to
improve the prediction accuracy of ELM. Its algorithm flow
is shown in Figure 2.

3. Blasting Fragmentation Prediction Model
Based on GWO-ELM

3.1. Field Investigation. .e No. 2 open-pit coal mine of
Dananhu is located in Hami City, Xinjiang Uygur Auton-
omous Region, with an annual output of 6 million tons. Coal
mine is located in the northwest of the mining area, with a
strike length of 6.21 km, a slope width of 6.19 km～6.88 km,
and an area of 40.52 km2. .e coal mine is located in the
remnant hill area, the remnant hills are low and scattered,
the tops are round, the relative height difference is not large,
the dry valleys are wide, the platform surface is relatively flat,
and the ground surface is covered by residual and sloping rock
debris layers..ere is no surface water systemwithin 50 km of
the mining area and other surrounding areas. .e altitude of
the area is +413.79m～+569.50m, the lowest point is near the
ZK10-3 hole in the south central part of themine field, and the
highest point is located in the northwest part of the mine field.
.e terrain is generally high in the north and west and low in
the middle and southeast. .e topography has a maximum
elevation difference of 155.71m and a slope of 15–30 degrees.
It belongs to a low mountain and hilly area.

.e spontaneous combustion of coal seams in the
mining area causes the rock series and surrounding rocks
above the coal seam to burn and bake, making the rocks with
plastic deformation characteristics brittle and fragile. .e
rock mass has a fragmented structure, and the structure is in
the form of flakes, plates, fragments, wedges, and rhom-
buses. .e nearer the roof of the burning coal seam, the rock
morphology appears as molten rock, which is characterized
by locally developed tiny pore structures..e overall igneous
rock section is dominated by red tones, followed by varie-
gated colors such as light yellow, yellow, and gray.

3.2.5eDetermination of the Factors Affecting the Lumpiness.
.ere are many factors affecting blasting fragmentation,
which are mainly related to rock mechanical properties,
blasting parameters, and charging technology. According to
the previous experience and the actual situation of the site,
seven main factors affecting the fragmentation were selected
as the input factors of the prediction model, including rock
tensile strength, rock compressive strength, hole spacing and
row spacing, minimum resistance line, ultra-depth, and unit
consumption of explosive. .e average size of blasting
fragmentation X50 was selected as the output factor of the
prediction model. By using GWO-ELM to deal with non-
linear mapping, the prediction model of bench blasting
fragmentation distribution is established.

3.3. Parameter Selection. Initialize the gray wolf algorithm
and select the appropriate parameters, parameter selection
40, inertia weight ω� 8, the maximum number of iterations
T� 300, and the learning factors C1, C2 are C1�C2�1.5.

3.4. GWO-ELM Application of the Model. Due to the mis-
match between blasting fragmentation and shoveling
equipment, equipment wear is aggravated, which seriously

α

β

δ

ω

Figure 1: Classification of wolves.
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affects the efficiency of shoveling and restricts economic
benefits. .erefore, it is necessary to predict the average
size of blasting lumpiness size X50. .is guides the op-
timization of blasting parameters, ensures the matching of
blasting block degree and shovel equipment, and im-
proves the production efficiency. 20 groups of blasting

data measured in No. 2 open-pit coal mine of Dananhu
(see Table 1) were selected, 15 groups were randomly
selected as training samples (1–15 groups), and the
remaining 5 groups were used as prediction samples
(15–20 groups). All samples are normalized before input
into the model.

Start

Data normalization
processing

Divide training samples and
prediction samples

ELM neural network

Blasting plate prediction

Output optimal input weight
and hidden layer threshold

Determine the relevant
parameters of the GWO

according to the ELM model

Take the root mean square
error of ELM training samples

as the fitness function

Determine ELM model
parameters

Figure 2: GWO-ELM algorithm flow.

Table 1: Model training samples and prediction samples.

Sample
sequence

Tensile
strength

Compressive
strength

Blast hole
distance

Row
spacing

Minimum
resistance line

Super
deep

Unit
consumption

Average blasting
size X50

MPa MPa m m m m (kg•m−3) m
1 5.6 45.6 6.5 3.5 3.2 1 0.59 0.76
2 6.7 50.3 6.5 3.5 2.8 1.5 0.54 0.67
3 4.8 46.4 7 3.5 2.4 1.2 0.57 0.47
4 5.4 53.4 7 3.5 3.2 1.5 0.55 0.72
5 7.4 57.6 7 3.5 2.7 1 0.52 0.81
6 5.9 48.7 6 3 3.4 1.2 0.58 0.79
7 5.4 49.5 6 3 3.3 1.5 0.55 0.72
8 6.4 54.6 6 3 2.7 1 0.48 0.62
9 6.2 42.6 6.2 3.5 2.9 1 0.54 0.59
10 6.3 52.4 6.2 3.5 2.4 1 0.49 0.54
11 6.9 56.7 6.5 3.5 2.4 1 0.59 0.66
12 6.4 50.3 6.5 3.5 2.6 1.2 0.56 0.63
13 4.9 53 6.2 3.5 3 1.5 0.54 0.66
14 5 48.6 7 3.5 2.7 1.5 0.49 0.58
15 7.1 58.4 6 3 2.6 1 0.47 0.72
16 7 54.6 6.2 3.5 2.8 1 0.56 0.71
17 5.2 52.4 6.5 3.5 2.5 1.5 0.52 0.49
18 5.3 51.4 6 3 2.2 1.5 0.59 0.46
19 6.1 52.8 7 3.5 3.4 1.5 0.49 0.76
20 6.7 51.6 6.2 3.5 3.1 1.5 0.59 0.74
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3.5. Results Analysis. Since the number of hidden layer
nodes will affect the training and prediction effects of ELM,
this paper selects the best hidden layer nodes through trial
and error method. We set 8, 10, 12, 14, 16, 18, and 20 hidden
layers in GWO-ELM model, PSO-ELM, and ELM model,
respectively, for training and prediction. .e relationship
between the mean square error of the training and pre-
diction samples and the node changes of the hidden layer is
shown in Figures 3 and 4. It can be seen that the number of
hidden layer nodes has a significant impact on the training

and prediction of samples, and the training error decreases with
the increase of the number of hidden layer nodes until the error
is zero. When the number of hidden layer nodes is small, the
prediction accuracy is better. With the increase of hidden layer,
the prediction error increases sharply with the increase of
hidden layer nodes, which is because the error becomes
larger due to overfitting. In conclusion, the ELM model
optimized by gray wolf is less sensitive to the number of
hidden layer nodes and more stable. When the number of
hidden layers is the same, the training and prediction effects
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Figure 3: .e relationship between the mean square error of the sample and the number of nodes in the hidden layer.
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of GWO-ELMmodel are better than those of PSO-ELM and
ELM model. In this paper, the number of hidden layers for
GWO-ELM, PSO-ELM, and ELM to reach the best pre-
diction is 10.

Root mean square error (RMSE) and mean absolute
percentage error (MAPE) were adopted to quantify the error
of the predictive model and accuracy [2, 34, 35], which are
given by,

RMSE �

�������������

1
N



N

i�1
xi − yi( 

2




,

MAPE �
1
N



N

i�1
xi −

yi

xi




,

(14)

where xi denotes the measured values; yi denotes the pre-
dictive values; and N denotes the number of predictors.

As shown in Figure 5 and Table 2, the minimum absolute
errors of GWO-ELM, PSO-ELM, and ELM are 0, 0.02, and
0.05; their minimum relative errors are 0, 2.67%, and 7.35%,
respectively; the maximum absolute errors of GWO-ELM,
PSO-ELM, and ELM are 0.02, 0.05, and 0.09; their maximum
relative errors are 4.08%, 10.64%, and 14.58%, respectively;
their MAPE are 1.78%, 5.40%, and 10.90%, respectively; their
RMSE are 0.007, 0.022, and 0.045, respectively. In conclusion,
the ELM model optimized by the gray wolf algorithm is more
accurate and has stronger data fitting ability than PSO-ELM
and ELMmodels, and the prediction accuracy of GWO-ELM is
much higher than that of PSO-ELM and ELM.

4. Conclusion

(1) In this paper, seven factors including rock tensile
strength, rock compressive strength, blasthole
spacing, row spacing, minimum resistance line,
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Figure 5: Comparison of model predicted value and measured value.

Table 2: Model comparison of predictive values and measured values of average size of blasting block X50.

Sample
sequence

Measured
values

Predictive value Absolute error Relative error

GWO-ELM PSO-ELM ELM GWO-ELM PSO-ELM ELM GWO-ELM
(%) PSO-ELM ELM

16 0.71 0.71 0.68 0.66 0 0.03 0.05 0 4.23% 7.35%
17 0.49 0.47 0.54 0.42 0.02 0.05 0.07 4.08 10.64% 12.96%
18 0.46 0.47 0.48 0.39 0.01 0.02 0.07 2.17 4.26% 14.58%
19 0.76 0.77 0.8 0.67 0.01 0.04 0.09 1.32 5.19% 11.25%
20 0.74 0.75 0.72 0.8 0.01 0.02 0.06 1.35 2.67% 8.33%
Min N/A N/A N/A N/A 0 0.02 0.05 0 2.67% 7.35%
Max N/A N/A N/A N/A 0.02 0.05 0.09 4.08 10.64% 14.58%
Mean N/A N/A N/A N/A 0.01 0.032 0.068 1.78 5.40% 10.90%
RMSE N/A N/A N/A N/A 0.007 0.022 0.045 N/A N/A N/A
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ultradeep, and explosive consumption are selected as
input factors of the prediction model. .e average
size X50 of blasting fragmentation is selected as the
output factor of the prediction model, and the
GWO-ELM blasting fragmentation prediction
model is established. .e average relative error of
prediction is 1.8%, which is better than 5.6% of the
PSP-ELM model and 11.4% of the ELM model. .e
prediction accuracy is high, which has certain
guiding significance for the optimization of blasting
parameters in open-pit coal mines. When the
number of hidden layers is the same, the training and
prediction effects of GWO-ELM model are better
than those of PSO-ELM and ELM model. .e best
hidden layer node 10 in this paper is trained and
predicted with GWO-ELM, PSO-ELM, and ELM,
respectively.

(2) MAPE of GWO-ELM, PSO-ELM, and ELM are
1.78%, 5.40%, and 10.90%, respectively; their RMSE
are 0.007, 0.022, and 0.045, respectively. In con-
clusion, the ELM model optimized by the gray wolf
algorithm is more accurate and has stronger data
fitting ability than PSO-ELM and ELM models, and
the prediction accuracy of GWO-ELM is much
higher than that of PSO-ELM and ELM.

(3) Combining the gray wolf optimizer with the extreme
learning machine, it is applied to the prediction of
blasting fragmentation. .e prediction effect is good
and the stability is high. It has a certain reference
value to the practice of similar prediction engi-
neering. Generally speaking, a large amount of data
is required to perform data through machine
learning methods. .e amount of blasting data in
this article is small and cannot reflect the blasting
predictions of different mining areas. .erefore, in
the follow-up research, we need to expand the
amount of our forecasting data and then continu-
ously improve the forecasting ability of the model.
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