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A B S T R A C T

As a widely used rock excavation method in civil and mining construction works, the blasting operations and the
induced side effects are always investigated by the existing studies. The occurrence of flyrock is regarded as one of
the most important issues induced by blasting operations, since the accurate prediction of which is crucial for
delineating safety zone. For this purpose, this study developed a flyrock prediction model based on 234 sets of
blasting data collected from Sugun Copper Mine site. A stacked multiple kernel support vector machine (stacked
MK-SVM) model was proposed for flyrock prediction. The proposed stacked structure can effectively improve the
model performance by addressing the importance level of different features. For comparison purpose, 6 other
machine learning models were developed, including SVM, MK-SVM, Lagragian Twin SVM (LTSVM), Artificial
Neural Network (ANN), Random Forest (RF) and M5 Tree. This study implemented a 5-fold cross validation
process for hyperparameters tuning purpose. According to the evaluation results, the proposed stacked MK-SVM
model achieved the best overall performance, with RMSE of 1.73 and 1.74, MAE of 0.58 and 1.08, VAF of 98.95
and 99.25 in training and testing phase, respectively.
1. Introduction

Among all the rock excavation methods, the most effective one is still
the blasting technique. During detonation of explosives in the blast hole,
huge explosive energy is generated in the form of shock waves, leading to
rock displacement and fragmentation [1]. However, only 20%~30% of
the explosive energy can be utilized, and the remaining of this energy is
wasted to surrounding environment, resulting in several negative effects
such as ground vibration, air overpressure and flyrock [2–9]. Among
these hazards, flyrock is considered as the main contributing factor of
human injuries and structural damages [10,11]. The flyrock phenome-
non is defined as a free rock particle generated by detonation that travels
considerable distance away from the blast face. Main mechanisms lead-
ing to flyrock are identified as cratering, rifling and face bursting [12,13].
According to the existing studies, the influencing factors of flyrock can be
divided into two types, including blast design parameters and rock
properties, which are also called controllable and uncontrollable factors.
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As for blast design parameters, they are controllable since they can be
modified by blasting engineers [14,15]. Burden, spacing, powder factor,
hole diameter and stemming are all controllable parameters affecting the
flyrock. The rock properties like RQD, tensile strength and Poisson's ratio
are uncontrollable, as they depend on the site condition of blasting area
and cannot be changed by human. Prediction of flyrock distance is key to
manage andminimize the environmental damages of blasting. To address
this issue, many researches were carried out to study the relationship
between flyrock distance and its aforementioned influencing factors.
According to the existing studies, flyrock estimation strategies can be
grouped into three categories, i.e., mechanistic modelling, empirical
approach and machine learning approach.

The mechanistic modelling compute the flyrock distance by fully
identifying the physical mechanism behind blasting operation [16–18].
However, the required parameters like launch angle and launch velocity
are hard to be collected. Furthermore, the developed mechanistic models
are region dependent. In the empirical approach, an empirical equation is
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Table 1
Geological and geometrical features of Sungun Copper Mine [44].

Geological/Geometrical Properties Value

Geological reserve of the deposit 796 MT
Proved reserve 410 MT
Average grade 0.67%
Height of the working benches 12.5 m
Slope of the working benches 680

Angle of the overall pit slope 370

Width of the ramp 30 m
Slope of the ramp 50

Age of the mine Around 32 yr
Overall stripping ratio 1.7
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fitted based on the assumption that the flyrock distance and influencing
factors follow a certain relationship [19,20]. For example, a linear
equation is fitted in Ref. [21] using burden, spacing and specific charge as
variables. Similar to mechanistic models, the drawback of empirical
equations is also site dependency, since the fitting of equation is only
conducted for data ranges recorded at a specific location.

In recent years, with the development of artificial intelligence, ma-
chine learning techniques are frequently used in many fields of study for
its strong learning ability as well as the ability to effectively relate input
and output variables [22–26]. In the field of flyrock prediction, many
machine learning models can be applied, including Artificial Neural
Network (ANN), Adaptive Neuro Fuzzy Inference System (ANFIS), Sup-
port Vector Machine (SVM) and decision trees. ANN is probably the most
famous and is widely used by the researchers to estimate blast induced
flyrock distance. There are many types of ANN, i.e., Multilayer Percep-
tron (MLP), Recurrent Neural Network (RNN) and Convolutional Neural
Network (CNN). Considering the characteristics of objective problem,
most of the existing studies applied the MLP type of ANN in this field of
study [27–33]. Since the ANN suffers from the problem of local minima,
many existing studies developed hybrid learning ANN to address this
issue, in which the meta-heuristic algorithms were combined with
traditional back-propagation algorithm for model parameters optimiza-
tion purpose. Relative studies in hybrid ANN models can be found in
Refs. [34–37], where the Harris Hawks Optimization (HHO), Imperialist
Competitive Algorithm (ICA), Genetic Algorithm (GA) and adaptive
dynamical harmony search algorithm were used respectively. Addition-
ally, the effectiveness of three different meta-heuristics in optimizing
ANN were compared in Ref. [38], including ICA, GA and Particle Swarm
Optimization (PSO). Although the use of meta-heuristic can guarantee for
higher accuracy, the time efficiency of which is low due to the iterative
training process. To improve the training efficiency, the Extreme
Learning Machine (ELM) was used and combined with
Biogeography-based Optimization (BBO) in Ref. [39]. Compared with
traditional gradient based ANN, the ELM is able to train the model in one
try and therefore reduce the training time of hybrid learning approach.
Other than ANN, the applicability of ANFIS in estimating flyrock was
evaluated in the studies [3,40]. The ANFIS can also be regarded as a
variant of ANN, since it is the combination of Fuzzy Inference System
(FIS) and ANN. Both ANN and ANFIS are parametric machine learning
techniques. Beyond that, non-parametric models like decision tree
models and SVM were also implemented by existing studies. The tradi-
tional Classification and Regression Tree (CART) was used by Hasani-
panah to predict blast induced flyrock in Ulu Tiram quarry [41].
Ensemble learning methods like boosting and bagging can be applied to
decision trees, and the ensemble tree models like Random Forest (RF),
Gradient Boosted Decision Tree (GBDT) and extreme gradient boosting
(XGBoost) are frequently applied for flyrock prediction by the existing
studies [42–44]. The SVM is a kernel based algorithm, which is also
frequently used to estimate blast induced flyrock distance [20,45].
Different from ANN of ANFIS, the model performances of these
non-parametric models are affected by hyperparameters. Similarly, one
can also apply the meta-heuristics for hyperparameters tuning to opti-
mize the model performances. Examples of these can be found in the
studies [46,47], where the Whale Optimization Algorithm (WOA) and
HHO with multi-strategies (MSHHO) were used to optimize the hyper-
parameters of SVM respectively.

As mentioned previously, most of the existing studies attempted to
obtain better performance of SVM by optimizing its hyperparameters via
meta-heuristic approach. One of the tunable hyperparameters of SVM is
the kernel parameter. However, rather than searching for an optimal
kernel, the authors believe that an optimal kernel function can be
generated using the combination of different kernels. Hence, the current
study applied a multiple kernel learning method to develop a composite
kernel function which is a linear combination of various kernels. This
also reduce the number of parameters need to be tuned. Furthermore,
considering the importance level of different contributing factors, a
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stacked structure is used to address this issue in order to further improve
themodel performance. The proposedmethod is further comparedwith 6
other machine learning models to verify its reliability, i.e., SVM, MK-
SVM, LTSVM, ANN, RF and M5 Tree.

This paper is organized as follows. Section 2 describes the theory
concept of the proposed method as well as the used blasting dataset. In
Section 3, the details of development of all the aforementioned machine
learning models are presented. The results obtained are subsequently
reported in Section 4 along with a corresponding discussion on the model
performances. Based on the discussion, a conclusion is drawn in the last
section highlighting the contribution achieved by this study as well as the
future scope.

2. Materials and method

2.1. Data collection

The data used in this study is collected from Sungun Copper Mine site,
which is one of the largest porphyry copper mines in Iran. It is located in
the East Azarbaijan province, at 46043�E longitude and 38042�N latitude,
and is 2000 m above sea level. Copper is the main product of this mine,
which can be extracted from its primary minerals, i.e., chalcopyrite,
pyrite, chalcocite, cuprite and malachite. In addition to copper, gold,
silver, and molybdenite can also be extracted from this mine. Table 1
provides a summary of the geological and geometrical features of this
mine, and the map of the study area is presented in Fig. 1.

In Sungun Copper Mine, bench blasting with one free face is used for
mineral extraction process. Main explosive material used was ANFO, and
the blastholes were stemmed with drill-cutting particles. Detonating cord
was used as initiation of blasting operations. The main blasting pattern
was triangular, and the burden to spacing ratio was designed according
to the characteristics of the blasting block in different areas of the mine.
The blasting operations used a flat face method as blasting sequence,
where the inter-hole delay time is set as zero and a delay happens be-
tween blasting rows. Flyrock is considered as one of the main ill effects of
the blasting operations in this mine. As a result, this study attempted to
develop a model predicting flyrock distance. For this purpose, 234
blasting events were designed and recorded, where 6 blasting parameters
were collected, i.e., hole length, spacing, burden, stemming, powder
factor, and specific drilling. The basic descriptive statistics of these fea-
tures as well as the measured flyrock distance were summarized in
Table 2. Fig. 2 illustrated the correlation matrix plot of the dataset, which
can be used to study the level of relationship between target (flyrock) and
its 6 influencing parameters.

According to the correlation coefficients demonstrated in Fig. 2, other
than powder factor and specific drilling, the other features have an in-
verse relationship with flyrock. Furthermore, it can be observed that
powder factor shows the biggest influence on flyrock. Compared with
other features, specific drilling has the lowest correlation to flyrock,
whose correlation coefficient is 0.1009, indicating a less significance.



Fig. 1. Map of sungun copper mine site [44].

Table 2
Description of dataset.

Unit Min Max Mean Standard deviation

Hole length m 10 14 12.3098 1.1837
Spacing m 2 6.5 4.5278 0.9009
Burden m 2 5 3.6944 0.8154
Stemming m 1.8 4.5 3.6637 0.7640
Powder factor kg/m3 0.2 0.93 0.4608 0.1977
Specific drilling m 0.04 0.29 0.0729 0.0396
Flyrock m 10 100 68.6838 17.4155
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2.2. Support vector machine

Support Vector Machine (SVM) is a powerful and robust machine
learning technique proposed by Cortes and Vapnik in 1995 [48,49]. It
was first introduced to solve classification problem, and can be further
extended to deal with regression task. Given a set of training data
fxi; yigni , SVM approximates the desired output yi by fitting the following
nonlinear regression hyperplane:

f ðxÞ ¼ wTφðxÞ þ b (1)

where w and b are the weights and bias. φð�Þ is the prespecified nonlinear
mapping function. The purpose of SVM is to find the hyperplane that
maximizes the margin, in which the margin is defined as the Euclidean
norm of the weights, kwk. Therefore, the objective function of SVM can
be written as:

minimize :
1
2
kwk2 þ C

Xn

i¼1

jyi � f ðxiÞjε (2)

where jyi � f ðxiÞjε represents the ε-insensitive loss function, which has a
tolerance of error within ε, defined as:
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jyi � f ðxiÞjε ¼
0; jyi � f ðxiÞj� ε

jyi � f ðxiÞj � ε;jyi � f ðxiÞj > ε
(3)
�

The positive constant C in equation (2) is a penalty coefficient that
controls the degree to which the model can tolerate those datapoints that
fall outside the ε-insensitive tube. Introducing two slack variables ξi

þ and
ξi

�, equation (2) can be rewritten as:

minimize :
1
2
kwk2 þ C

Xn

i¼1

ðξiþ þ ξi
�Þ (4)

subject to :
8i : yi � f ðxiÞ � εþ ξi

þ

8i : f ðxiÞ � yi � εþ ξi
�

8i : ξiþ; ξi� � 0
(5)

To solve the above optimization problem, one can introduce non-
negative Lagrange multipliers αþ

i , α
�
i , η

þ
i and η�i to the constraint (5)

and reformulate equation (4) as:

L :¼1
2
kwk2 þ C

Xn

i¼1

ðξiþ þ ξi
�Þ �

Xn

i¼1

�
ηþi ξi

þ þ η�i ξi
��

�
Xn

i¼1

αþ
i ðεþ ξi

þ � yi þ f ðxiÞÞ �
Xn

i¼1

α�
i ðεþ ξi

� þ yi � f ðxiÞÞ
(6)

Taking the partial derivatives of equation (6) with respect to the
primal variables (w, b, ξi

þ, ξi
�) and setting them to zero, the following

optimality can be obtained:

∂L
∂b¼

Xn

i¼1

�
αþ
i � α�

i

�¼ 0 (7)

∂L
∂w¼w�

Xn

i¼1

�
αþ
i � α�

i

�
φðxiÞ¼ 0 (8)



Fig. 2. Correlation Matrix of Dataset (histogram in diagonal line, correlation coefficients in upper triangular, and scatter plots in the lower triangular).
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∂L
∂ξiþ;� ¼C � αþ;�

i � ηi
þ;� ¼ 0 (9)
Substituting equations (7)–(9) into equation (6), the ηþi and η�i can be
eliminated and the dual optimization problem of SVM can be obtained as:

L :¼1
2

Xn

i¼1

Xn

j¼1

�
αþ
i �α�

i

��
αþ
j �α�

j

�
K
�
xi;xj

�þε
Xn

i¼1

�
αþ
i þα�

i

��Xn

i¼1

yi
�
αþ
i �α�

i

�

(10)

Subject to :

Xn

i¼1

�
αþ
i � α�

i

� ¼ 0

8i; 0 � αþ
i ; α

�
i � C

(11)

The above constraint dual optimization problem can be solved using
Sequential Minimal Optimization (SMO) algorithm. More details of SMO
can be found in Refs. [50,51]. According to equation (8), the weight
vector w in equation (1) can be replaced by

Pn
i¼1ðαþ

i � α�
i ÞφðxiÞ, and

therefore equation (1) can be reformulated as:

f ðxÞ¼
Xn

i¼1

�
αþ
i � α�

i

�
Kðxi; xÞ þ b (12)

The Kða; bÞ in equations (10) and (12) denotes the kernel function rep-
resenting the inner product ðφðaÞ;φðbÞÞ. Various kernel functions can be
used, i.e., linear, polynomial and Gaussian kernel. They are defined as:

K
�
xi; xj

� ¼ xTi xj (13)

K
�
xi; xj

� ¼ �
xTi xj þ 1

�d (14)

K
�
xi; xj

�¼ exp
�� σ

��xi � xj
��2� (15)

In equations (14) and (15), the coefficients d and σ represent the poly-
nomial order and kernel length, respectively. In this study, the proposed
model uses the multiple kernel learning method to construct a composite
kernel function which is the linear combination of all these three kernel
functions.
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2.3. Multi-kernel SVM

According to the existing studies, the kernel function is highly
correlated to the final fitting performance of SVM. Therefore, careful
selection of kernel function and fine tuning of its parameters, i.e., poly-
nomial order and kernel length, are necessary for SVM development.
However, such process would be very time consuming. Hence, to reduce
the effort devoted in finding an optimal kernel, this study uses a chunking
based Multiple Kernel Learning (MKL) algorithm to replace the single
kernel function by a linear combination of various kernels. The details of
the proposed MKL method will be described in following.

1) MKL Training: As mentioned above, the kernel function Kð�; �Þ in the
MK-SVM is represented by a linear combination of different single
kernel functions and the kernel function can be expressed as:

Kallð�; �Þ ¼
XM
m¼1

βmKmð�; �Þ

s:t
XM
m¼1

βm
2 ¼ 1; βm � 0

(16)

where βm is the combination coefficient. In equation (16), an l2-norm
constraint was imposed to ensure the non-sparsity of kernel mixture.
Denote the term ðαþi � α�i Þ in equation (12) as αi, the combination co-
efficient βm can be calculated according to Ref. [52]:

βm ¼
�
βm

2αTKiα
�1=3

� PK
m¼1

�
βm

2αTKmα
�2=3

	1=2 (17)

where α is the column vector of αi. In the MKL method, the combination
coefficient β and the weight vector of SVM were updated iteratively until
the normalized maximal constraint violation of MKL converge to the
predetermined precision. The termination criteria can be formulated as:




1� G

Gold





 � ϵ (18)
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where ϵ is a very small positive precision value and G is the objective
function of MKL, written as:

G¼
X
i

yiαi � 1
2

XK
m¼1

βmα
TKmα (19)

2) Kernel Generation: All the three kinds of kernel function presented in
equation (13)–(15) are included in the composite kernel. As for the
kernel parameters, various of polynomial functions and Gaussian
functions are constructed using different values of d and σ. 13
different values of σ were used, ½0:1;0:5;1;1:5;2;3;4;5;…;10�, and the
polynomial order varies from 1 to 3. Beyond that, since the training
input always consists of various attributes, kernel functions using
single attributes are also constructed to further increase the diversity
of kernels in order to enable more information can be included. As-
sume the dimensionality of training input x is N, then the kernel
functions are generated using (Nþ1) features presented as following:

� ½xi�i¼1;2;…;N
½x1; x2;…; xN � (20)

Therefore, for example, if the input vector is 4-dimensional, 80 kernel
functions (ð13 þ 3Þ*5) will be generated.

Based on the above description, the pseudo code for MK-SVM training
is presented as following.

Algorithm 1. MK-SVM Training
In algorithm 1, the training of SVM (α calculation) used the SMO
algorithm, the details of which can be found in Ref. [51].

2.4. Stacked structure

The stacking method is an ensemble learning method, which uses the
integration of several base learners to form a meta-learner to improve the
predictive capability. In a stacked model, the base learners are trained in
the first place, and the meta learner is subsequently developed using the
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outputs of the base learners as training inputs. In the proposed stacked
MK-SVMmodel, all the base learners and the meta-learners used the MK-
SVM introduced in the previous section for modelling purpose. The
development of the proposed stacked MK-SVM was illustrated in Fig. 3.

The proposed stacked model consists of only one base learner, which
is trained using the specific drilling as model input. This is because its
impact on the flyrock distance is less significant compared to the other
parameters based on the previous correlation analysis. According to
Fig. 2, the correlation coefficients between other parameters and flyrock
are larger than 0.4, whereas that for specific drilling is only 0.12, which
indicates a less significance. Based on the findings of existing studies [53,
54], directly using those less correlated features with other influencing
factors together as input might worsen the model performance. Inspired
by the stacking method, the authors add a base learner to address this
issue by studying the latent relationship between specific drilling and
flyrock distance, and the generated feature is then fused with other
feature in the meta-learner level to form the final predictor. Such stacked
structure is able to improve the correlation level of the less significant
features via the base learner. Hence, in the meta-learner level, all the
input attributes have relatively high relationship with desired output,
and the model accuracy can be improved. Furthermore, it needs to be
mentioned that the kernel generation strategy described in equation (20)
is not applicable for the base MK-SVM development, since it is trained
using one attribute and only the kernel functions with different length
and order will be generated. Subsequently, all the attributes of training
data along with the outputs of all base learners will be used as input to
train the meta learner. The training of meta-learner follows all the details
described in the previous section.
3. Model development

3.1. Model evaluation

In this study, the performances of the models are evaluated by three
evaluation indices, Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE) and Variance Accounted For (VAF). The formulas used to
calculate these indices are given as follows:



Fig. 3. Structure of stacked MK-SVM

Fig. 4. Cross-validation process of stacked MK-SVM

Table 3
Optimal hyperparameters of models.

Hyperparameters

Stacked MK-SVM C ¼ 16;ε ¼ 2�8

MK-SVM C ¼ 4; ε ¼ 2�7

SVM C ¼ 32;ε ¼ 2�6;σ ¼ 0:5
LTSVM C1 ¼ C2 ¼ 32; ε1 ¼ ε2 ¼ 2�10;σ ¼ 10
ANN ½6� 2� 10� 1�
RF ntree ¼ 300;mtry ¼ 0:4
M5 Tree depth ¼ 4;minleafsize ¼ 10
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Pn �
~yi � yi

	2uuu

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

v
t

(21)

MAE ¼
Pn
i¼1





~yi � yi






n

(22)

VAF ¼ 1� varðyi � ~yiÞ
varðyiÞ � 100 (23)

where ~yi represents predicted, yi is the observed value and y denotes the
mean value.

3.2. Model development

In this section, the development process of the proposed stacked MK-
SVM model was described. For comparison purpose, several existing
machine learning models were also implemented, including three SVM
models, i.e., MK-SVM (without stacking), traditional SVM, and
Lagrangian Twin SVM (LTSVM). The LTSVM is a state of art SVM variant
model proposed in Ref. [55], the innovation of which will be introduced
in the following section. Other than SVM and its variants, some widely
used machine learning models such as ANN, RF, M5 Tree were also
developed and compared. For evaluation purpose, 34 sets of blasting
dataset were randomly selected out of the whole dataset and served as
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the testing dataset. The remaining 200 sets of data were used as training
dataset. To obtain the optimum model performances, a 5-fold cross
validation process was used to determine the optimal hyperparameters,
where each fold of validation dataset consists of 20 sets of randomly
selected training data. Different hyperparameter combinations were
generated using grid searchmethod, and the mean cross validation RMSE
was used as the standard to select the optimal sets of hyperparameters.
The models were subsequently trained again on the whole training
dataset after the optimal hyperparameters were obtained. The details of
the hyperparameters tuning process were illustrated as following and the
obtained hyperparameters for models were summarized in Table 3.

1) MK-SVM and Stacked MK-SVM: Since the proposed multiple kernel
learning approach uses a composite kernel function, the tuning of
kernel parameters for the stacked MK-SVM and MK-SVM was not
necessary. Hence, only the regularization coefficient C and half width
of ε-insensitive band εwere tuned. 9 different values of Cwere used to
search for the optimal, f20;21;22;…;28g. As for ε, it should be a very
small positive constant, and therefore was searched in f2�10;2�9;2�8;

…;2�3g. The stack MK-SVM involves two separate MK-SVM learners,
and the same C and ε values were applied, that is Cbase ¼ Cmeta and
εbase ¼ εmeta. For illustration purpose, the cross-validation result of
stackedMK-SVMwas presented in Fig. 4. The cross-validation process
reported an optimal combination of fC; εg for stacked MK-SVM was
f16; 2�8g, and the MK-SVM with fC¼ 4; ε¼ 2�7g has the best vali-
dation performances.

2) SVM and LTSVM: The SVM developed here refers to the traditional
SVM without multiple kernel learning. Therefore, other than C and ε,
the kernel parameters of SVM need to be determined. All of the three
types of kernel function were taken into consideration. Similar to the
multiple kernel learning approach, 13 different kernel length (σ)
values were used for Gaussian function, ½0:1;0:5;1;1:5;2;3;4;5;…;10�,
and the order of polynomial function varied from 1 to 3. As for



Table 4
Training and testing performances of models.

Training Performance

RMSE Score MAE Score VAF Score Rank

Stacked MK-SVM 1.73 7 0.58 7 98.95 7 1
MK-SVM 1.99 6 0.92 6 98.61 6 2
SVM 2.70 4 1.52 4 97.44 4 4
LTSVM 2.07 5 1.11 5 98.48 5 3
ANN 4.30 3 3.05 2 93.48 3 5
RF 4.60 2 2.57 3 92.53 2 6
M5 Tree 6.75 1 4.04 1 83.94 1 7

Stacked MK-SVM 1.74 7 1.08 7 99.25 7 1
MK-SVM 4.58 6 2.87 6 94.79 6 2
SVM 4.74 4 3.21 5 94.43 5 3
LTSVM 4.72 5 3.42 4 94.39 4 4
ANN 4.96 3 3.53 3 94.10 3 5
RF 6.27 2 3.82 2 90.50 2 6
M5 Tree 7.44 1 4.72 1 86.37 1 7
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LTSVM, its difference between traditional SVM is that it attempts to
fit two regression hyperplanes whereas traditional SVM only have
one. More details of TSVM can be found in Refs. [55,56]. Therefore,
the number of tunable hyperparameters of TSVM is doubled. For
LTSVM, two regularization coefficients C1 and C2, two ε values, ε1
and ε2 need to be determined. For simplicity, the authors followed the
experiment process presented in Refs. [55,56] and applied the same
hyperparameters for both hyperplanes, that is, C1 ¼ C2 and ε1 ¼ ε2.
The searching space of C, ε and kernel parameters was the same as
aforementioned. According to the validation results, the optimal
combinations of fC; εg were f32;2�6g and f32;2�10g for SVM and
LTSVM respectively, and the optimal kernel for both of them was
Gaussian function, with kernel length of 0.5 and 10 respectively.

3) ANN: The ANN developed in this study is a traditional MLP trained by
the Levenberg-Marquardt algorithm. To obtain an optimal ANN,
various network structures were designed. Considering the size of
dataset, deep networks were avoided to reduce the risk of overfitting.
In this study, the maximum number of hidden layers was set as 2, and
the number of hidden neurons was determined in the range f2;4;6;8;
…; 20g. The optimal network topology obtained by the cross-
validation process was ½6� 2� 10� 1�.

4) RF: The RF is an ensemble learning algorithm which uses the concept
of bagging to build a collection of Classification and Regression Tree
(CART). In RF, each CART is trained individually using a subset
generated by bootstrap sampling method, and the overall output is
determined as the averaged output of all trees. Additionally, to
further increase the diversity between CARTs, an attribute selection
process is used in which a predefined number of attributes are
randomly selected and used to search for the best split at each node.
Therefore, the tunable hyperparameters of RF are the number of trees
(ntree) and the number of attributes selected (mtry). In this study, the
searching space of these two hyperparameters were f10;50;100;200;
300;…;1000g and f2; 3; …; 6g. Following the aforementioned
hyperparameters tuning process, the RF with ntree ¼ 300 and mtry ¼
0:4 obtained the best cross validation performance.

5) M5 Tree: TheM5 Tree is a model tree algorithm. Different from GBDT,
the M5 Tree is a single decision tree. It searches for the best split at
each node by selecting the attribute that has the maximal reduction in
output variance. Beyond that, it also fits a linear equation rather than
a single value to approximate the target at each node. Hyper-
parameters like maximum tree depth (depth) and minimum leaf size
(minleafsize) were tuned to obtain an optimal M5 Tree. Considering
the size of dataset, the searching space of these two hyperparameters
was determined as ½2;3;4;…;20� and ½5; 10; 20; 30; …; 100�. The
optimal hyperparameters of M5 Tree obtained by the cross-validation
process were depth ¼ 4 and minleafsize ¼ 10.

4. Results and discussion

4.1. Discussion of model performances

In the previous section, 7 machine learning models were developed,
i.e., stacked MK-SVM,MK-SVM, SVM, LTSVM, ANN, RF andM5 Tree. For
evaluation purpose, the performances of these models were compared on
the testing dataset using the three evaluation indices presented in the
previous section. The obtained results at both training and testing data-
sets were summarized in Table 4, and a corresponding stacked graph was
shown in Fig. 5 depicting the overall score of each model. For illustration
of fitting performance, the predicted versus measured flyrock distance
value at training and testing stage were presented in Figs. 6 and 7. A
Taylor graph was given in Fig. 8 to further compare the performance
differences between models at testing stage.

According to the results presented in Table 4, the proposed stacked
MK-SVM achieved the best overall performances. Notably, at both
training and testing stages, the proposed method obtained the highest
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score on every evaluation criterion, with the lowest RMSE and MAE of
1.73/1.74 and 0.58/1.08, as well as the highest VAF value of 98.95/
99.25, providing ample evidence on the superiority of the proposed
method.

Based on the stacked graph presented in Fig. 5, other than the pro-
posed method, the performances of SVM and its variant models, i.e., MK-
SVM and LTSVM, were better than the other machine learning models.
This indicates that SVMmodels were more capable for flyrock prediction.
Among the remaining models, the reliability of M5 Tree was the lowest.
This was evidenced by the plot of prediction results presented in Figs. 6
and 7, where the predictions of M5 Tree were less correlated to the
ground truth value. The ANN and RF achieved similar training accuracy,
as their obtained training evaluation indices were close. However, at
testing stage, the difference between them was obvious. RF significantly
underperformed ANN at two evaluation criterions, i.e., RMSE and VAF,
which were 4.96/6.27 and 94.10/90.50, which indicates a less collin-
earity with the desired output. This can also be observed from the Taylor
diagram given in Fig. 8 where there is a significant gap between the
representations of these two models. Hence, compared with RF, ANN
demonstrated stronger reliability.

Taking a deeper look into the performances between the three types
of compared SVM-basedmodels, i.e., SVM,MK-SVM and LTSVM, theMK-
SVM model achieved higher overall score than the other two models
according to the stacked graph presented in Fig. 5. This is because MK-
SVM slightly outperformed them at every evaluation criterion at both
training and testing stages. However, the performance gap between them
is not huge. Based on the Taylor diagram presented in Fig. 8, their
Fig. 5. Comprehensive stacked graph of models.



Fig. 6. Training results of models.
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accuracy on testing dataset was very close, as their representation points
located closely, indicating similar correlation level and RMSE value.
Among them, the LTSVM achieved closer standard deviation value to the
desired output. The obtained RMSE and correlation coefficient values of
MK-SVM were slightly better. The testing results given in Table 4 also
support such statement, since their obtained evaluation indices values
were very close. Hence, it is hard to tell which one performs better among
them. However, compared with these three models, the progress made by
proposed model was huge. The authors consider the reason behind this is
due to the use of specific drilling as model input. As aforementioned, the
specific drilling was less correlated to the flyrock distance, and using it
directly as model input could worsen the model performance. To inves-
tigate the reliability of this hypothesis, the aforementioned three SVM
models were redeveloped in which the specific drilling was removed
from model input. For simplicity, all the hyperparameters were set as the
same given in Table 3. The obtained results were presented in Table 5.

In Table 5, the terms ‘tr’ and ‘ts’ represent training and testing stages,
respectively, and the sign ‘*’ denotes the redeveloped models. According
to the results presented in Tables 5 and it is obvious that removing the
specific drilling from model input can greatly enhance the testing per-
formance. Meanwhile, the training performances of these models can still
remain as previously, where only slight difference could be seen.
Therefore, this provides ample evidence on the reliability of the afore-
mentioned statement. Although the reliability of these models was
improved by neglecting the impact of specific drilling, the performance
of the proposed method was still significant, which once again demon-
strates the superiority of the proposed method. This implies that simply
removing the specific drilling from the model input is not the best option,
since it is also affecting the blasting operation. Therefore, the impact of
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specific drilling on the distance of induced flyrock phenomenon can be
learned by the first MK-SVM in the stacking structure. Subsequently,
incorporating the learned feature into the input of the second MK-SVM
with other features is able to explore in-depth the relationship between
blast induced flyrock and all the influencing factors given. As a result, the
proposed model is able to improve the model accuracy with the increase
of input factors.

Apart from that, since the proposed model used a stacked structure
and the training process of which is a two-step procedure. Hence,
compared with MK-SVM, the computational complexity of the proposed
method is increased, as the training process of MK-SVM needs to be
repeated. Since the MK-SVM uses a multiple kernel learning approach,
the time complexity of which is also larger than traditional SVM. As a
result, to compare the time complexity, the running times of all the 7
developed models were summarized in Table 6.

As stated previously, it can be observed from Table 6 that the pro-
posed method requires more training time compared with MK-SVM and
traditional SVM. Moreover, the proposed method is faster than LTSVM
and M5 Tree. Although the proposed stacked MK-SVM sacrifices the
computational complexity to achieve higher accuracy, the running time
was only 0.58s, which is acceptable.

Overall, all the developed models demonstrated good potential for
estimating blast induced flyrock distance. Compared with other models,
the proposed stacked MK-SVM is able to make use of all the given fea-
tures, and hence achieves the highest accuracy.
4.2. Error analysis

Error analysis was implemented on the developed models to further



Fig. 7. Testing results of models.
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measure the uncertainty of these models in estimating flyrock distance, in
which the mean value of error e and standard deviation of error Se are
calculated according to the following equations:

e¼
Pn
i¼1

ei

n
(24)

Se ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

ðei � eÞ2

n� 1

vuut
(25)

The positivity or negativity of e indicates the overestimation or un-
derestimation of the prediction model. The scatter of prediction error can
be evaluated by Se. Therefore, a high value of Se implies a high uncer-
tainty of model prediction. Accordingly, the 95 % error confidence band
can be calculated by 	1:96Se. Beyond that, the Nash-Sutcliffe Efficiency
(NSE) is also calculated to further evaluate the model performances. The
calculation of NSE is based on the squared error between observation and
model predictions:

NSE¼ 1�
Pn
i¼1

ei2

Pn
i¼1

ðti � tÞ2
(26)

where ti represents the measured flyrock distance and t is the mean value
of all measure flyrock distance. A NSE value of 1 means a perfect
approximation. It is widely used measure the approximation perfor-
mance of the prediction model [57–59]. Table 7 presents the analysis
results, including the maximum error, mean error, uncertainty
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bandwidth and NSE.
According to the results presented in Table 7, only the LTSVM has an e

value of � 0:20, indicating an underestimation. All the other models tend
to overestimate the flyrock distance and therefore the identified safety
warning distance could be credible. Furthermore, among all the devel-
oped models, the stacked MK-SVM is considered as the most reliable one,
as it has the minimum value of emax (5.70), which is significantly smaller
than the remaining models. Meanwhile, it also provides the lowest un-
certainty bandwidth, which is 	 3.4104, and this implies that the pre-
dictions of the proposed model are more reliable. Moreover, the NSE
value of the proposed method is 0.9924, which is significantly higher
than the remaining models, indicating a strong fitting performance,
whereas the predictions of M5 Tree were less correlated to the observed
values with NSE value of 0.8604. Based on the error analysis result, the
superiority of the proposed method was confirmed, as it demonstrated
the strongest reliability and approximation performance.

5. Conclusion

In this study, an attempt has been made to predict the blast induced
flyrock. For this purpose, 234 sets of data were collected from Sungun
Copper Mine site, where 6 influencing factors were recorded, i.e., hole
length, stemming, burden, spacing, powder factor and specific drilling.
The correlation analysis process reported that the importance level of
specific drilling was significantly lower than the other 5 features. Taking
this issue into consideration, the authors proposed a special stacked MK-
SVM model to make use of every feature. In the proposed stacked model,
the base MK-SVM uses only the specific drilling as input, and the output
of which is then incorporate with other 5 features and used as input of the
meta learner. To evaluate the reliability of the proposed approach, 6



Fig. 8. Taylor plot of testing results.

Table 5
Comparison between SVM models with and without specific drilling.

SVM SVM* MK-SVM MK-SVM* LTSVM LTSVM*

RMSE (tr) 2.70 2.58 1.99 2.14 2.07 2.24
RMSE (ts) 4.74 2.83 4.58 3.00 4.72 3.59
MAE (tr) 1.52 1.67 0.92 1.02 1.11 1.29
MAE (ts) 3.21 2.06 2.87 2.14 3.42 2.43
VAF (tr) 97.44 98.00 98.61 98.40 98.48 98.95
VAF (ts) 94.43 97.67 94.79 97.76 94.39 96.77

Table 6
Running time of models.

Running Time

Stacked MK-SVM 0.58 s
MK-SVM 0.22 s
SVM 0.07 s
LTSVM 1.04 s
ANN 0.26 s
RF 0.38 s
M5 Tree 0.91 s

Table 7
Uncertainty analysis of model performance.

Max error
(emax)

Average error
(e)

Uncertainty
Bandwidth

NSE

Stacked MK-
SVM

5.70 0.25 	 3.4104 0.9924

MK-SVM 13.50 0.58 	 9.0356 0.9470
SVM 15.40 0.60 	 9.3492 0.9434
LTSVM � 15.83 � 0.20 	 9.3688 0.9438
ANN 18.89 1.11 	 9.6236 0.9379
RF 18.99 1.31 	 12.2108 0.9006
M5 Tree 22.90 1.14 	 14.6216 0.8604

R. Zhang et al. Geohazard Mechanics 2 (2024) 37–48

46
other machine learning models were implemented as comparison, i.e.,
SVM, MK-SVM, LTSVM, ANN, RF and M5 Tree. For modelling and
evaluation purpose, 34 sets of blasting data were randomly selected as
testing dataset and the remaining data were used for model development.
During the modelling procedure, the hyperparameters of these models
were tuned using grid search method with a 5-fold cross validation
process. Subsequently, the model performances were evaluated on the
testing dataset using three evaluation criterions, RMSE, MAE and VAF.

Based on the evaluation results, the proposed stacked MK-SVM out-
performed all the other models at both training and testing stage by
achieving RMSE of 1.73/1.74, MAE of 0.59/1.08, and VAF of 98.95/
99.25. It is therefore regarded as the most reliable model in predicting
blast induced flyrock in Sungun Copper Mine site. The authors also found
out that the SVM and its variants are more capable for flyrock prediction
compared to ANN, RF and M5 Tree. Beyond that, the performance of
these SVM models can be further improved if the specific drilling is
removed from model input, and this supports the statement made in
section 2.4 that the direct use of specific drilling can worsen the model
performance. Rather than simply neglecting the impact of specific dril-
ling, the proposed model is able to make use of it with the use of the
proposed stacking structure, and hence achieve higher accuracy. All the
comparison results have illustrated the superiority of the proposed model
over the others.

Although the proposed stacked MK-SVM model demonstrated satis-
factory prediction accuracy in the current study, there are still some
drawbacks and limitations that need to be improved in the future. Firstly,
the dataset used for model development and evaluation only consist of
the blasting data collected from Sungun Copper Mine site and therefore
whether the stacked structure is also applicable in other area is not
examined. Furthermore, in the collected dataset, only the blasting pa-
rameters are available, whereas the uncontrollable parameters
describing the variation of geological condition such as rock quality
designation (RQD) are not included. Considering the above issue, the
proposed model is well capable for predicting blast induced flyrock in
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Sungun CopperMine site, but the applicability of this prediction model in
other sites is questionable. Therefore, the collection of blasting data from
various sites and incorporate geological features as model input are the
main objectives of future study, which enable us to further improve the
model accuracy and evaluate the predictive capability of model on
various site. Additionally, with the increased model inputs, modification
on the stacked structure would be necessary.
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