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Abstract
In the field of civil and mining engineering, blasting operations are widely and frequently used for rock excavation, However, 
some undesirable environmental problems induced by blasting operations cannot be ignored. Blast-induced flyrock is one 
important issue induced by blasting operation, which needs to be well predicted to identify the blasting zone’s safety zone. 
This study introduces an adaptive weighted multi-kernel learning model (AW-MKL) to provide an accurate prediction of 
blast-induced flyrock distance in Sungun Copper Mine site. The proposed model uses a combination of multi-kernel learning 
(MKL) approach and adaptive weighting strategy based on weighted Euclidean distance and modified local outlier factor 
(MLOF) to maximally improve the predictive ability of kernel ridge regression (KRR). To demonstrate the superiority of 
the proposed approach, six machine learning models were developed as comparisons, i.e., KRR, RF, GBDT, SVM, M5 Tree, 
MARS and AdaBoost. The outcomes of the proposed method achieved the highest accuracy in testing phase, with RMSE 
of 2.05, MAE of 0.98 and VAF of 99.92, which confirmed the strong predictive capability of the proposed AW-MKL in 
predicting blast-induced flyrock distance.

Highlights

•	 An adaptive weighted multi-kernel learning model (AW-MKL) to predict blast induced flyrock.
•	 Improve the performance of kernel ridge regression (KRR) using the combination of multi-kernel learning (MKL) and 

adaptive weighting.
•	 Use MKL to reduce the effort devoted in determine optimal kernel.
•	 Measure the correlation between model input and training samples using weighted Euclidean distance.
•	 Propose a modified local outlier factor (MLOF) to evaluate the uncertainty of training samples.
•	 The proposed adaptive weighting strategy assign weights to training samples according to the weighted Euclidean distance 

and MLOF.
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1  Introduction

Blasting operations are the most conventional method to 
produce desired rock fragmentation in civil and mining con-
struction works (Bhandari 1997). However, only 20–30% of 
the explosive energy generated by explosives can be used for 
rockmass breakage, and the remaining part is wasted to sur-
rounding environment, leading to undesirable consequences 
like ground vibration, airblast and flyrock (Yari et al. 2017; 
Harandizadeh and Armaghani 2021; Murlidhar et al. 2021; 
Monjezi et al. 2010, 2011). In open pit mines, flyrock is con-
sidered as the main hazard of blasting operations, because 
it may cause fatal or non-fatal events (Bajpayee et al. 1999). 
The blast-induced flyrock phenomenon is defined as the bro-
ken rock particles boosted far from the free face after blast-
ing operations (Yari et al. 2014). Factors affecting flyrock 
can be concluded into two categories, controllable factors 
and uncontrollable factors, and both of them should be con-
sidered to design a reliable blasting operation (Yari et al. 
2013; Jahed Armaghani et al. 2016). For controllable factors, 
flyrock is mainly affected by drilling, blasthole diameter, 
specific charge, stemming, delay time and burden (Rezaei 
et al. 2011). Inappropriate geologic features and loosing rock 
at the top of free face are the main uncontrollable sources 
that may lead to flyrock (Raina et al. 2004).

To predict flyrock distance induced by blasting opera-
tions, traditional studies used empirical equations to estimate 
the relationship between flyrock distance and its influencing 
factors. One famous empirical equation was proposed by 
Lundborg et al. (1975), using the hole diameter as variable 
for flyrock distance estimation. The relationship between 
stemming to burden ratio and flyrock distance was explored 
in the study (Olofsson 1990). An empirical equation con-
sidering the effect of both uncontrollable parameters (rock 
quality designation) and controllable parameter (stemming 
to burden ratio) was developed by Trivedi et al. (2014) to 
predict flyrock distance. However, the accuracy of empiri-
cal equations is limited due to several limitations like the 
diversity of influencing factors and the inherent uncertainty 
of blasting operations (Hustrulid 1999; Monjezi et al. 2007).

Considering the limitations of empirical equations, the 
machine learning based predictive approach was considered 
by many researchers for flyrock distance prediction due to its 
strong non-linear approximation ability. As a traditional and 
widely used machine learning method, artificial neural net-
work (ANN) models were developed by many studies to pre-
dict blast-induced flyrock distance (Trivedi et al. 2014, 2015; 
Ghasemi et al. 2014; Mohamad et al. 2013; Monjezi et al. 
2013; Saghatforoush et al. 2016; Guo et al. 2021). In the 
studies (Jahed Armaghani et al. 2016; Rezaei et al. 2011), 
flyrock distance predictive model were designed using fuzzy 
inference system (FIS) and its variant, adaptive neuro fuzzy 

inference system (ANFIS) respectively. Tree based models 
were also implemented for flyrock distance estimation. The 
basic classification and regression tree (CART) model was 
trained by Hasanipanah et al. (2017) using 65 sets of blasting 
data collected from Ulu Tiram quarry, Malaysia. The ensem-
ble tree models, like random forest (RF) and extreme gradi-
ent boosting (XGBoost) were developed by Han et al. (2020) 
and Yari et al. (2023), showing that they are capable for fly-
rock distance estimation. Other than these models, support 
vector regression (SVR) were also available for prediction 
of blast-induced flyrock distance (Amini et al. 2012; Rad 
et al. 2018). In these studies, the developed machine learning 
models have shown their superiority over empirical equa-
tions by achieving higher accuracies. However, their approx-
imation abilities are still limited because they suffer from 
various limitations. For example, the ANN has the prob-
lem of local minima, and the performance of SVR is highly 
depend on the hyperparameters. Therefore, hybrid models 
were developed by many studies to address this issue where 
meta-heuristic algorithms were used to further improve 
the performance of machine learning models through an 
iterative optimization process. Marto et al. (2014), Monjezi 
et al. (2012) and Hasanipanah et al. (2022) proved the local 
minima problem of ANN can be solved using imperialist 
competitive algorithm (ICA), genetic algorithm (GA) and 
adaptive dynamical harmony search algorithm. The perfor-
mances of ICA, GA and particle swarm optimization (PSO) 
in optimizing ANN were compared in the study (Koopial-
ipoor et al. 2019). Nguyen et al. (2021) used whale optimiza-
tion algorithm (WOA) to tune the hyperparameters of SVR 
under different kernel functions. Although hybrid models 
are able to achieve better predictive performances, its draw-
back is obvious, that is time-consuming. This is because the 
meta-heuristic algorithm optimizes the model through an 
iterative process where the model always needs to be trained 
thousands of times to achieve its optimum performance.

In this study, an attempt had been made to develop an 
adaptive-weighted multi-kernel learning method (AW-
MKL). The predictive power of KRR has already been 
examined in the field of predicting blast-induced flyrock 
distance by Jamei et al. (2021). Hence, this study attempts 
to further improve the performance of KRR by introducing 
the adaptive weighting strategy and multiple kernel learn-
ing (MKL) method. The AW-MKL is proposed consider-
ing two aspects. Initially, considering the size of dataset, 
reweighting of training samples according to the variation 
of input can be applicable to improve the model perfor-
mance since the computational cost is not huge. Moreover, 
the development of KRR requires careful selection on ker-
nel function and its parameters to achieve the optimal per-
formance. Most of the existing studies used meta-heuristic 
algorithms for hyperparameters tuning (Ding et al. 2024; 
Chen et al. 2022), which is time consuming (Zhang et al. 
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2022). Hence, the multi-kernel learning method is appli-
cable for reducing the effort devoted in tuning the optimal 
kernel by developing a composite kernel function. Con-
sidering these two issues, the combination of reweight-
ing strategy and MKL method is applied to improve the 
predictive power of KRR method. An existing study has 
proved the applicability of reweighted KRR model (Zhang 
et al. 2023), and the proposed AW-MKL extended it into 
multiple kernel version. Beyond that, the proposed AW-
MKL reallocates the model attention considering pairwise 
similarity as well as the uncertainty degree of training 
sample. For this issue, a weighted Euclidean distance is 
used to measure the similarity between samples. Using the 
similarity based weighting strategy, those training samples 
with high similarity can contribute more to the model out-
put. Furthermore, considering the uncertainties involved 
in blasting operations (Ghasemi et al. 2012; Armaghani 
et al. 2016), some datapoints might violate the general 
relationship between flyrock distance and its influencing 
factors and are therefore hard to be fitted. These datapoints 
might generate negative impact on the overall fitting per-
formances of the model. Hence, a modified local outlier 
factor (MLOF) is proposed to address this issue, and used 
with the aforementioned weighted Euclidean distance to 
weaken the impact of those datapoints with higher uncer-
tainties. The combination of weighted Euclidean distance 
and MLOF based sample similarity weighting strategy is 
called adaptive weighting in this study, which is applied 
to the MKL model to further improve the predictive capa-
bility and reliability of MKL model. To examine the reli-
ability of the proposed method, seven other machine learn-
ing models were implemented as comparison, i.e., KRR, 
SVM, RF, GBDT, MARS, M5 Tree and AdaBoost.

This paper is organized as following. Section 2 describes 
the theoretical concepts of the proposed AW-MKL. In 
Sect. 3, the details of the dataset used and indices used for 
model evaluation are introduced. Then, the developments of 
seven predictive models are also presented in this section. 
Their obtained results and a corresponding discussion are 
reported in the following Sect. 4. In the last section, conclu-
sions are drawn including the main results, contributions and 
limitations of the proposed model.

2 � Background

2.1 � Weighted Multi‑kernel Learning

2.1.1 � Weighted Kernel Ridge Regression

Kernel ridge regression (KRR) was proposed in 1998 
(Saunders et al. 1998). It is the nonlinear version of ridge 

regression using kernel theory. In this study, we per-
form multi-input and single-output regression case and 
the details of KRR are therefore presented as following. 
Denote the training samples as D =

{
xi, yi

}n

i=1
 , where 

xi ∈ ℝ
M is the M-dimensional model input and yi repre-

sents the desired output. In linear regression case, the out-
put is approximated by y = w ⋅ x , and the objective func-
tion of ridge regression can be expressed as:

where X =

⎡⎢⎢⎣

x1

⋮

xn

⎤⎥⎥⎦
 , w =

[
w1 ⋯ wn

]T and Y =
[
y1 ⋯ yn

]T . 

The right-hand term in the above equation is a regularization 
term, which is used to minimize the structural risk. C is a 
positive constant controlling the degree to which the model 
tends to minimize the training error or the structural risk.

To perform nonlinear regression, the training samples 
are mapped through a nonlinear mapping �(⋅) , and there-
fore the above objective function is rewritten as:

where �  is  the matr ix of  mapped samples, [
�
(
x1

)
,… ,�

(
xn

)]
 . Applying the Representer’s theorem and 

kernel trick, w = �
T� and K = ��

T , the solution of the 
objective function can be obtained by equating its derivative 
to zero, expressed as:

The overall prediction can be therefore expressed as:

where K
∗
 represents the kernel matrix between model input 

x∗ and training samples X . Furthermore, Huang et al. (2011) 
proposed a kernel version of extreme learning machine 
(KELM), which interprets the KRR in terms of neural net-
work. More details of KRR can be found in Saunders et al. 
(1998) and (Huang et al. 2011).

In addition, weights can be assigned to different train-
ing samples to address the issue of imbalanced dataset and 
outliers, and therefore the objective function in (2) can be 
rewritten as:

(1)arg min ∶
C

2
‖Y − Xw‖2 + 1

2
‖w‖

2

(2)arg min ∶
C

2
‖Y −�w‖2 + 1

2
‖w‖2

(3)� =
(
K +

I

C

)−1

Y

(4)Ŷ = 𝚽∗w = 𝚽∗𝚽
T� = K

∗

(
K +

I

C

)−1

Y

(5)

⎧⎪⎨⎪⎩

arg min ∶
1

2
‖�‖2 + C

2

n∑
i=1

�iei
2

s.t. ei = yi − ŷi, i = 1,2,… , n
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where �i represents the weight factor assigned to the ith 
training sample. Denote the weight matrix as:

The solution to the output weight � in (3) can be rewrit-
ten as:

2.1.2 � Multiple Kernel Learning

As stated in Cortes and Vapnik (1995), the performances 
of kernel-based algorithms are highly depend on the 
selection of kernel functions. Therefore, MKL is used 
as an alternative approach to reduce the effort devoted to 
searching for an optimal kernel (Zhang et al. 2024a, b). 
It replaces the single kernel function as a linear combina-
tion of different base kernels, and thus the overall kernel 
matrix of MKL takes the form:

where �p represents the weight assigned to the base kernel 
Kp . The base kernel functions can either be different kernel 
functions or same kernel function with various Furthermore, 
according to Liu et al. (2015) and (Bisoi et al. 2020), the 
L1 norm and non-negative constraint were imposed on the 
combination weight �p , described as following:

In this study, the data-dependent kernel uses a combi-
nation of Gaussian functions with various kernel length, 
given as:

where � is the length of Gaussian kernel. In this study, 12 
different � values were used, [0.1, 0.5, 1, 2, 3,… , 10] , and 
therefore the overall kernel function of MKL in this study is 
a linear combination of 12 Gaussian kernels. According to 
Kloft et al. (2011), when the output vector � is given, the 
weight vector � =

{
�p
}m

p=1
 can be updated following the 

equation presented as:

(6)� =

⎡
⎢⎢⎣

�1 ⋯ 0

⋮ ⋱ ⋮

0 ⋯ �n

⎤
⎥⎥⎦

(7)� =
(
�K +

I

C

)−1

�Y

(8)K =

m∑
p=1

�pKp

(9)
m∑
p=1

�p = 1, �p ≥ 0,∀p

(10)KGaussian

�
Xi,Xj

�
= e−�‖Xi−Xj‖2

(11)�p =
�T

Kp�∑m

i=1
�T

Ki�

Therefore, the MKL can be obtained by iteratively 
updating the weight vector � and � following Eqs. (7) 
and (11). The pseudo code describing the training process 
of W-MKL is presented in Algorithm 1.

Algorithm 1: MKL training

2.2 � Adaptive Weighting

According to the objective function presented in Eq. (5), it is 
obvious that KRR can better predict those samples with larger 
weights. Traditional fixed weighting strategy rigidly apply the 
same set of weights could adversely affect the learning per-
formance. To improve this situation, an adaptive weighting 
approach is proposed, in which the weights vary adaptively 
with respect to model input. It can be easily understood that 
the outputs of those samples with very high similarity were 
close. Therefore, if we assign larger weights to those samples 
with higher similarity, the model accuracy could be increased. 
Moreover, as mentioned earlier in the introduction section, 
the blasting operations are uncertain due to its nature and this 
also need to be taken into consideration. Hence, the proposed 
adaptive weighting strategy considered two concepts when 
assigning weights to a training sample, namely its correlation 
to the model input, as well as its uncertainty degree. Specifi-
cally, the uncertainty degree of a training sample is measured 
via a MLOF and the correlation between model input and 
training sample is evaluated by a weighted Euclidean distance 
method. The MLOF method is introduced in the first follow-
ing section, and the overall adaptive weighting strategy is 
presented in Sect. 2.2.2.

2.2.1 � Modified Local Outlier Factor

(a)	 Local Outlier Factor: The local outlier factor (LOF) is 
a commonly used outlier identification method, which 
is based on the density of measurements. Given a data 
point o

(
xo, yo

)
∈ D , the LOF of which can be calcu-

lated following the steps presented below:
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1.	 Given k , the k-distance neighborhood of o
(
xo, yo

)
 

can be represented by Nk(o) , described as:

where d(q, o) represents the Euclidean distance 
between points q

(
xq, yq

)
 and o

(
xo, yo

)
 . dk(o) is the k

-distance, defined as the Euclidean distance between 
the kth nearest neighbor k(xk, yk) and point o

(
xo, yo

)
.

2.	 For a data point q(xq, yq) in the neighborhood Nk(o) , 
the reachable distance between o and q is given by:

	   Note that the dk(q) is the k-distance of q , not data 
point o.

3.	 Thereafter, the local reachability density of o
(
xo, yo

)
 

is calculated as:

where ||Nk(o)
|| represents the number of data points 

in the neighborhood.
4.	 Finally, the LOF of the given data point o

(
xo, yo

)
 can 

be obtained by:

	   According to these equations, the LOF deter-
mines the density level of a data point compared to 
its neighbors. A larger value of LOF indicates that 
this data point is obviously less dense than its neigh-
bors and therefore it is more likely to be affected by 
noise.

(b)	 Modified local outlier factor: For high dimensional 
data, the traditional Euclidean distance might fail to 
identify the outliers, since it treats all the attributes of 
input equally whereas in practical applications they 
may contribute to the output to different degrees. 
Therefore, to address this issue, this study fitted a lin-
ear equation to measure the dependency between model 
input and output. For a M-dimensional input vector, the 
linear equation can be written as:

where A =
[
a1 ⋯ am

]
 and x =

[
x1 ⋯ xm

]T . For two 
data point (xa, ya) and (Xb, yb) , the Euclidean distance 
between them was modified as:

(12)Nk(o) =
{
q ∈ D|d(q, o) ≤ dk(o)

}

(13)r − dist(o, q) = max
{
dk(q), d(o, q)

}

(14)lrd(o) =
��Nk(o)

��∑
q∈Nk(o)

r − dist(o, q)

(15)lof (o) =

∑
q∈Nk(o)

lrd(q)

��Nk(o)
�� ∗ lrd(o)

(16)ŷ = A ⋅ x

(17)d(a, b) =

√(
ŷa − ŷb

)2
+
(
ya − yb

)2

	   The original model input X is replaced by the fitted 
value ŷ . Using the modified Euclidean distance pre-
sented in Eq. (17) in the calculation of Eqs. (12) and 
(13), the MLOF can therefore be obtained following the 
step (1)–(4) illustrated in the previous section.

	   Using the fitted linear equation, one can map the 
original high dimensional data (x, y) into two-dimen-
sional space, denote as 

(
ŷ, y

)
 . Therefore, the proposed 

MLOF method can be explained graphically in two-
dimensional space. Figure 1 demonstrated an example 
of some data points and their fitted equation.

It is acknowledged that the datapoints should be scattered 
along the fitted line since they follow the same relationship, 
whereas those datapoints located far from the fitted line were 
considered to have more uncertainty. Therefore, by mapping 
the original data point (X, y) into 

(
ŷ, y

)
 , those samples that defy 

the common sense can be easily identified, as the two red dots 
shown in Fig. 1. It is worth mentioning that the MLOF method 
is not used to determine whether a datapoint is an outlier, but 
rather to measure the extent to which this datapoint obeys 
the general relationship between model output and inputs, as 
such kind of datapoint can reduce the prediction accuracy and 
should be assigned with smaller weights.

2.2.2 � Adaptive Weighting

Given a model input xt , the weight matrix � can be obtained 
based on the calculation of similarity vector S:

Fig. 1   Fitted value versus measured value of linear equation



684	 R. Zhang et al.

where st,i represents the similarity between model input xt 
and training data xi . The similarity is calculated based on 
the weighted Euclidean distance and aforementioned MLOF.

(a)	 Weighted Euclidean distance: Usually, one can measure 
the similarity between data using Euclidean distance. 
As stated previously, the traditional Euclidean distance 
considered every dimension of the sample has equal 
importance and therefore is not suitable. To address 
this issue, a weighted Euclidean distance is used to 
measure the similarity between data. The weighted 
Euclidean distance can be calculated as:

	   In the above equation, r̃m represents the influence 
degree of mth attribute. To determine r̃m , the Pearson 
correlation coefficient is used, and therefore r̃m is the 
normalized Pearson correlation coefficient, calculated 
by:

(b)	 Adaptive weighting based on weighted Euclidean dis-
tance and MLOF: According to Eq. (19), a training 
sample with smaller the weighted Euclidean distance 
value represents a higher correlation to the model input 
and therefore should be assigned with larger weight to 
guarantee for a better fitting performance. Moreover, 
the level of uncertainty of this sample also needs to be 
taken into consideration to avoid the aforementioned 
negative impact, and therefore its MLOF value should 
be referred as well. Taking into account of these two 
aspects, Eq. (21) is therefore introduced to calculate the 
general similarity factor between xt and xi:

(18)S =

⎡⎢⎢⎢⎣

st,1
st,2
⋮

st,n

⎤⎥⎥⎥⎦

(19)
di,j =

√
r̃1
(
xt,1 − xi,1

)2
+ r̃2

(
xt,2 − xi,2

)2
+⋯ + r̃m

(
xt,m − xi,m

)2

(20)r̃m = M ∗
��rm��∑M

m=1
��rm��

where lof i is the MLOF value calculated for the training 
sample xi . With the use of the exponential function, 
the similarity factor can be scaled into (0, 1] . A train-
ing sample with smaller weighted Euclidean distance 
and MLOF value is considered to be more reliable and 
therefore has a higher similarity value. On the other 
hand, if a training sample has higher correlation to 
model input but located far from its nearby samples, its 
general similarity factor would not be high. The weight 
factor �t,i is the normalized similarity factor, defined as:

2.3 � Adaptive Weighted Multi‑kernel Learning

The proposed AW-MKL is a combination of the previously 
introduced W-MKL, adaptive weighting strategy. During the 
development of AW-MKL, the weight matrix � in Eq. (6) 
is first calculated following the adaptive weighting method 
presented in Sect. 2.2. Subsequently, the MKL model is then 
trained by iteratively updating the kernel combination coef-
ficient � and output weight � based on Algorithm 1. Given 
a model input xt , the output of AW-MKL can be written as:

where Kp,∗ is the kernel matrix between model input 
xt and all training samples. For a set of testing sample 
denoted as 

{
xt

}L

t=1
 , the corresponding outputs of AW-MKL 

can be obtained following the pseudo code presented in 
Algorithm 2.

(21)st,i = e−dt,i
2∗lof i

(22)�t,i = n
st,i∑n

i=1
st,i

(23)

ŷt =

(
m∑
p=1

�pKp,∗

)
� =

m∑
p=1

�pKp,∗

(
�

m∑
p=1

�pKp +
I

C

)−1

�Y
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Algorithm 2: AW-MKL

3 � Case Study and Model Development

3.1 � Data Collection

The data used in this study is collected from Sungun Cop-
per Mine site, which is one of the largest porphyry copper 
mines in Iran. It is located in the East Azarbaijan province, 
at 46′43°E longitude and 38′42°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., chal-
copyrite, pyrite, chalcocite, cuprite and malachite. In addi-
tion to copper, gold, silver, and molybdenite can also be 

extracted from this mine. Table 1 provides a summary of the 
geologic and geometrical features of this mine.

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 dif-
ferent area 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 between blasting 
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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 recorded for 
model development.

3.2 � Descriptive Analysis

The dataset used in this study consists of 6 blasting param-
eters obtained from these blasting events, i.e., hole length, 
spacing, burden, stemming, specific charge, and specific 
drilling. The basic descriptive statistics of these features as 
well as the measured flyrock distance were summarized in 
Table 2. Note that the measured flyrock distance refers to the 
maximum flyrock distance recorded in a single trial blast. 
Figure 4 illustrated the correlation matrix plot of the dataset, 
which can be used to study the level of relationship between 
target (flyrock distance) and its six influencing parameters.

According to the correlation coefficients demonstrated in 
Fig. 2, other than specific charge and specific drilling, the 
other features have an inverse relationship with flyrock dis-
tance. Furthermore, it can be observed that specific charge 
shows the most significant influence on flyrock distance. 
Compared with other features, specific drilling has the low-
est correlation to flyrock distance, whose correlation coef-
ficient is 0.1009, indicating a less significance, and there-
fore is not considered as the input of model. As a result, the 
models developed in the following section only use hole 
length, spacing, burden, stemming and specific charge as 
model input to estimate flyrock distance.

3.3 � Evaluation of Model

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:

(24)RMSE =

�∑n

1

�
ŷi − yi

�2
n

(25)MAE =

∑n

i=1
��̂yi − yi

��
n

(26)VAF =
1 − var(yi − ŷi)

var(yi)
× 100

(27)R2 = 1 −

∑n

i=1
(yi − ŷi)

2

∑n

i=1
(yi − y)

2

where ŷi and yi represent the predicted and observed value 
respectively, and y stands for the average value of yi . The 
value of n represents the number of testing samples.

3.4 � Model Development

The blasting dataset collected were randomly divided into 
training and testing datasets for model development and 
evaluation purpose. The training dataset consists of 200 
sets of data, and the remaining 34 sets of data were used 
to examine the performance of the models. In this section, 
the development of the proposed AW-MKL model is first 
illustrated, followed by the implementation of several com-
parative methods including KRR, SVM, RF, GBDT, M5 tree 
and MARS. Since the performances of the aforementioned 
models are affected by their hyperparameters, the fivefold 
cross validation method and grid search were used for hyper-
parameters tuning purpose. The validation dataset consisted 
of 20 sets of data selected randomly from training dataset, 
that is, during the cross-validation process, 180 sets of data 
served as the training dataset and 20 sets of data were used 
for validation purpose. The optimal hyperparameter values 
were determined by mean validation RMSE.

As mentioned previously, the proposed AW-MKL used a 
MKL method to reduce the effort devoted in tuning an opti-
mal kernel. Therefore, only two parameters need to be deter-
mined during this stage, one is the regularization coefficient 
C and another one is the value of k-nearest neighbor included 
in the calculation of MLOF. The value of k was determined 
in the first place. To maximize the distinction between the 
MLOF value, the k value that achieved the maximum inter-
quartile range (IQR) was selected. The IQR represents the 
difference between the third and first quartiles, defined as:

where q3 and q1 are the third and first quartiles respectively. 
The IQR values under k ranging from 4 to 10 were presented 
in Fig. 2.

Therefore, the value of k-nearest neighbor was deter-
mined as 4 based on the results presented in Fig. 3. Subse-
quently, the aforementioned fivefold cross validation process 
was implemented to obtain the optimal regularization coeffi-
cient. Considering the characteristic of C , it was searched in 
the range [1, 50, 100, 150, 200,… , 500] . According the vali-
dation results, the optimal value of was determined as 500.

To demonstrate the superiority of the proposed method, 
several existing machine learning algorithms were imple-
mented as comparison, including KRR, SVM, RF, GBDT, 
M5 tree, MARS and AdaBoost. Among them, KRR and 
SVM are also non-parametric models using the kernel trick. 
RF, GBDT, M5 tree and AdaBoost were tree-based models. 
RF, GBDT, and AdaBoost are ensemble learning algorithms 

(28)IQR = q3 − q1
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based on bagging and boosting methods, while the M5 tree 
is a model tree algorithm. MARS is also a non-parametric 
regression technique which can be seen as an extension of 
linear models that simulate the non-linearity and interac-
tion between variables. The developments of these models 
were demonstrated as following and the obtained optimal 
hyperparameters were summarized in Table 3. A flowchart 
was presented in Fig. 4 illustrating the steps involved in this 
study.

1.	 KRR: The KRR developed in this study used a single 
Gaussian function as its kernel function. Based on the 
previous description, hyperparameters affecting KRR 
are regularization coefficient C and kernel length � . 
Similar to the proposed AW-MKL, the searching space 
of C was [1, 50, 100, 150, 200,… , 500] . The value of � 
was determined in the range [0.1, 0.5, 1, 2, 3,… , 10] . The 
cross-validation process reported the optimal pair {C, �} 
was {500, 6}.

2.	 SVM: As mentioned earlier, SVM is also a kernel-
based machine learning method and the kernel func-
tion of which was again selected as Gaussian function. 
The SVM is similar to KRR in some ways, since their 
objective functions are close. Both of them use a regu-
larization coefficient C to control the trade off between 
structural risk and training error. Moreover, SVM 
introduces an �-insensitive band to allow for an over/
underestimation of training sample within ±� . There-

Table 1   Geologic and geometrical features of Sungun Copper Mine 
(Yari et al. 2023)

Geologic/geometrical properties Value

Geologic reserve of the deposit 796MT
Proved reserve 410MT
Average grade 0.67%
Height of the working benches 12.5 m
Slope of the working benches 68′
Angle of the overall pit slope 37′
Width of the ramp 30 m
Slope of the ramp 5′
Age of the mine Around 32 yr
Overall stripping ratio 1.7

Table 2   Description of dataset

Unit Min Max Mean Standard 
deviation

Hole length m 10 14 12.31 1.18
Spacing m 2 6.5 4.53 0.90
Burden m 2 5 3.69 0.82
Stemming m 1.8 4.5 3.66 0.76
Specific charge kg/mm3 0.2 0.93 0.46 0.20
Specific drilling m 0.04 0.29 0.07 0.04
Flyrock distance m 10 100 68.68 17.42

Fig. 2   Correlation matrix of dataset
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fore, other than C and � , the half bandwidth � of SVM 
also needs to be tuned. Considering the � should be a 
very small constant, and it is therefore determined from [
2−10, 2−9, 2−8,… , 2−1

]
 . Finally, the optimal values of C , 

� and � were determined as 50, 0.5 and 2−7.
3.	 RF: The RF is an ensemble learning algorithm based on 

the concept of bagging. It trains a given number ( ntree ) 
of decision trees based on ntree sub-training datasets 
produced using bootstrap sampling method. To further 
increase the variance of the developed trees, RF limits 
the number of attributes selected in the split of parent 
node, that is, in each split of parent node, RF randomly 
select a number ( mtry ) of attributes from all attributes 
to search for the best split. Hence, the number of trees 
( ntree ) and the number of attributes selected in each 
split ( mtry ) were tuned to obtain an optimal RF. ntree 
was searched in the range [10, 50, 100, 150,… , 500] . 
Since only five features were used as model input, the 
mtry was selected from 2 to 5. The validation results 
reported that a combination of {ntree = 200,mtry = 4} 
was the optimum.

4.	 GBDT: The GBDT is also an ensemble learning algo-
rithm based on decision tree. Unlike RF, GBDT is a 
collection of ntree decision trees developed using L2
-Boosting. In GBDT, decision tree is trained iteratively 
to compensate for the residuals of the previous model 
and a learning rate � is added used to control the conver-
gence speed of GBDT. Therefore, the adjustable hyper-
parameters of GBDT are the number of trees ( ntree ) and 
learning rate ( � ). The searching space of ntree was set 

Fig. 3   IQR of modified outlier factor under various k

Table 3   Optimal hyperparameters of developed models

Hyperparameters

AW-MKL C = 500, k = 4

KRR C = 500, � = 6

SVM C = 50, � = 0.5, � = 2−7

RF ntree = 200,mtry = 4

GBDT ntree = 450, � = 0.6

MARS nprune = 15, degree = 3

M5 tree depth = 10,minleafsize = 10

AdaBoost nrf = 100, � = 1

Fig. 4   Flowchart of this study
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as same as RF. As for � , according to Caponnetto and 
De Vito (2007) and Lin et al. (2017), 1

2
≤ � ≤ 1 is rec-

ommended, and therefore the searching space of � was 
[0.5, 0.6, 0.7,… , 1] . According to the validation results, 
the optimal ntree and � were 450 and 0.6, respectively.

5.	 MARS: MARS is a multivariate nonparametric predic-
tive technique developed on a series of piecewise local 
linear model or cubic segments. A two-step training 
procedure is used in MARS, where basis functions are 
added iteratively to obtain the lowest training error in the 
first stage and those least contributing basis functions 

Table 4   Evaluation metrics obtained for all models

Training performance

RMSE Rank MAE Rank VAF Rank R2 Rank Overall rank

AW-MKL 1.50 2 0.57 2 99.96 2 0.9923 2 2
SVM 2.13 4 1.05 4 99.91 4 0.9855 5 4
KRR 1.80 3 0.86 3 99.93 3 0.9884 3 3
RF 3.75 6 2.11 5 99.72 6 0.9606 6 6
GBDT 0.43 1 0.09 1 99.99 1 0.9994 1 1
MARS 5.05 7 3.41 7 99.49 7 0.9181 7 7
M5 tree 6.57 8 3.82 8 99.14 8 0.8612 8 8
AdaBoost 2.46 5 2.24 6 99.88 5 0.9857 4 5

Testing performance

RMSE Rank MAE Rank VAF Rank R2 Rank Overall rank

AW-MKL 2.05 1 0.98 1 99.92 1 0.9827 1 1
SVM 2.84 2 1.54 2 99.84 2 0.9706 2 2
KRR 3.13 3 1.70 3 99.80 3 0.9606 3 3
RF 7.59 7 3.46 6 98.84 7 0.7767 7 7
GBDT 6.02 6 1.81 4 99.27 6 0.8588 6 5
MARS 5.90 5 4.01 8 99.30 5 0.8616 5 6
M5 tree 8.65 8 3.54 7 98.50 8 0.7128 8 8
AdaBoost 5.08 4 2.98 5 99.48 4 0.8969 4 4

Fig. 5   Training performances of models Fig. 6   Testing performances of models
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are removed in the subsequent prune stage. Furthermore, 
MARS also allows for the interaction between differ-
ent features. Therefore, its performance is affected by 
the maximum degree of interaction ( degree ) and maxi-
mum number of terms after prune ( nprune ). Since the 
input data involves five features, the value of degree was 
selected from 1 to 5. Considering the size of dataset, 
too much basis functions would result in overfitting, and 
therefore the value of nprune was validated in the range 
{2, 5, 10, 15… , 50} . The optimal nprune and degree 
reported by the validation results were 15 and 3 respec-
tively.

6.	 M5 Tree: Different from RF and GBDT, M5 Tree only 
consists of a single tree. M5 Tree is a model tree, where 
the solution of each node is a linear model. Therefore, 
compared with traditional classification and regression 
tree (CART) which uses the mean value to represents the 
samples within the node, M5 Tree has stronger approxi-
mation ability. The performance of M5 Tree can be opti-
mized by specifying the complexity of tree. Therefore, in 
this study, the authors selected two hyperparameters to 
control the complexity of M5 Tree, which are maximum 
tree depth ( depth ) and minimum leaf size ( minleafsize ). 
Considering the size of dataset, the searching space was 
determined as [2, 3, 4,… , 20] and [5, 10, 20, 30,… , 100] . 
After the validation process, the optimal values of these 
two hyperparameters were determined as 10 and 10 
respectively.

7.	 AdaBoost: The AdaBoost model developed in this study 
follows the same hyperparameters as the one developed 
in Yari et al. (2023), since the dataset used was identi-
cal. The base learner of AdaBoost was selected as RF, 
and the hyperparameters of RF learner were the same 
as aforementioned. The number of estimators ( nrf  ) was 
100 and the learning rate ( � ) was 1.

4 � Results and Discussion

In the previous section, seven machine learning models were 
developed. To evaluate the accuracy of these models, three 
evaluation metrics presented in Sect. 3.3 were used. Table 4 
summarizes and ranks the evaluation metrics obtained for 
the developed models. The ranking system assesses the 

Fig. 7   Predicted versus meas-
ured testing results

Fig. 8   Taylor plot of testing results
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performance of models based on their respective stand-
ings under each evaluation metric. The final overall ranking 
is determined by the summation of the model’s standings 
across the three metrics, with the lowest total sum receiving 
the highest rank. For instance, if a model is ranked 1, 2, 1 
under the three metrics respectively, its total sum would be 
4. Conversely, another model with rankings of 2, 1, 2 would 
have a total sum of 5. Therefore, the model with a total sum 
of 4 would have a higher overall ranking. The predicted ver-
sus measure flyrock distances in training and testing datasets 
were depicted in Figs. 5 and 6. Figure 7 presents the exact 
fitting performances of models at each testing sample. A 
Taylor plot is demonstrated in Fig. 8 to further illustrates the 
performance difference between models on testing dataset,

According to the results presented in Table 4, all the 
developed models were capable for predicting blast-
induced flyrock distance. Among them, the proposed AW-
MKL model outperformed other models at testing phase, 
achieving the highest testing accuracy, with RMSE of 
2.05, MAE of 0.98, VAF of 99.92 and R2 of 0.9827. In 
training phase, the proposed method only underperformed 
GBDT, achieving RMSE of 1.50, MAE of 0.57, VAF of 
99.96 and R2 of 0.9923, also demonstrating a high predic-
tive capability. Furthermore, considering the unsatisfac-
tory testing results of GBDT, which only ranked the 4th 
among all the developed models, the proposed model is 
therefore emerged as the most reliable model in predicting 
blast-induced flyrock distance.

Among all the models developed, the performances of 
RF, MARS and M5 Tree were the worst at both training and 
testing phase. Based on the Figs. 5 and 6, all of them can-
not guarantee for accurate predictions, since their predicted 
values were scattered along the 45° line. RF and MARS 
performed better at training dataset as their prediction errors 
were less obvious in Fig. 5, whereas several datapoints were 
obviously over/underestimated by M5 Tree. At testing phase, 
MARS were more reliable than RF and M5 Tree, as the R2 
of those two models were only 0.7767 and 0.7128, indicat-
ing less correlation to the ground truth value. According 
to Fig. 6, it is obvious that the maximum prediction error 
of MARS was smaller. Furthermore, in the Taylor graph 

presented in Fig. 8, the point representing MARS were 
closer to the reference point, which implies the predictions 
of MARS were more correlated to the measured flyrock dis-
tance. Therefore, taking into account of the above discus-
sion, the MARS model is regarded to be superior to the other 
two models. On the contrary, M5 Tree is the least suitable 
model to predict the distance of flyrock induced by blasting 
operation. Moreover, comparing RF with AdaBoost, it is 
obvious that the predictability of RF is enhanced with the 
use of adaptive boosting method, as the accuracy at both 
training and testing phases were significantly improved.

Other than RF, MARS and M5 Tree, all the remaining 
models demonstrated high predictive capability. As men-
tioned earlier, the GBDT obtained the best training perfor-
mance, with RMSE of 0.43, MAE of 0.09, VAF of 99.99 
and R2 of 0.9994, representing a very high accuracy. This 
can also be observed in Fig. 5, where the predictions of 
GBDT are almost match the 45° line exactly. However, at 
testing dataset, GBDT significantly over/underestimated 
two datapoints according to Fig. 6. For better illustration, 
the predicted versus measured value at each datapoint was 
depicted in Fig. 7. Based on this figure, we can see that the 
GBDT failed to predict No. 24 and 28 testing datapoints, 
while the remaining models can give closer predictions. 
At the other datapoints, all of them showed low error rate. 
Hence, although the developed GBDT model outperformed 
the proposed method at training phase, it has a high risk of 
overfitting, whereas the proposed model is able to perform 
well at both training and testing phase, and is therefore con-
sidered more reliable than GBDT. As for KRR and SVM, 
their overall performances were very close. KRR performed 
better at training stage, while the SVM showed less error 
rate at testing dataset. Thus, it is hard to tell whether KRR 
or SVM is better. Furthermore, compared with other models, 
the testing performances of kernel-based models (AW-MKL, 
KRR and SVM) were significantly better. According to the 
Taylor graph presented in Fig. 8, the performance differ-
ence between them was obvious. Since all the kernel-based 
models performed well, we can also draw a conclusion that 
the kernel-based methods were more suitable in predicting 
blast-induced flyrock distance.

Table 5   Effect of adaptive 
weighting

RMSE (tr) MAE (tr) VAF (tr) RMSE (ts) MAE (ts) VAF (ts)

AW-MKL 1.50 0.57 99.96 2.05 0.98 99.92
MKL 1.64 0.71 99.95 2.32 1.24 99.89
MKL (MLOF only) 4.29 1.43 99.63 5.74 2.64 99.34
MKL (weighted 

Euclidean distance 
only)

1.52 0.59 99.95 2.11 1.06 99.91

KRR 1.80 0.86 99.93 3.13 1.70 99.80
AW-KRR 1.64 0.71 99.94 2.57 1.39 99.87
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To illustrate the effect of the proposed adaptive weight-
ing method, the several MKL models were developed for 
comparison purpose. One was a single MKL model with-
out any weighting strategy, other one was developed using 
the MLOF for the similarity calculation in Eq. (21) only, 
and another one used the weighted Euclidean distance only. 
Moreover, the authors also developed an AW-KRR model. 
All the hyperparameters of the aforementioned models were 
determined as the same as the AW-MKL or KRR model, that 
is, C = 500 , k = 4 and � = 0.6 . The results of them were 
presented in Table 5.

Comparing the performances between KRR, MKL and 
AW-KRR, it is obvious that  both the adaptive weighting 
strategy and MKL are able to improve the performance of 
KRR. Therefore, the combination of adaptive weighting and 
MKL method can maximally enhance the performance of 
KRR. Since the proposed adaptive weighting strategy con-
sists of two parts, weighted Euclidean distance and MLOF, 
the effect of them were compared respectively. According 
to Table 5, it would not help enhancing the performance of 
MKL if one only uses the MLOF to generate sample weights, 
adversely, the model performances would become even worse. 
On the contrary, generating sample weights based on weighted 
Euclidean distance is feasible. In fact, the improvement made 
by the weighted Euclidean distance weighting is of the most 
significance, which illustrated that the weighted Euclidean dis-
tance can indeed reflect the correlation between samples. After 
added with MLOF, the model accuracy was slightly improved, 
which implies that the combination of MLOF and weighted 
Euclidean distance is feasible. This is probably because some 
datapoints with relatively high similarity might violate the 
general relationship between AOp and its influencing factors 
and therefore are not helpful in estimating the unseen data. 
Hence, adding the weighted Euclidean distance based weight-
ing method with MLOF can reduce the impact brought by 
those samples that are less correlated to other datapoints. As a 
result, based on the previous discussion, it is obvious that the 
proposed adaptive weighting strategy can effectively improve 
the performance of MKL model.

To measure the uncertainty of these models in predicting 
blast-induced flyrock distance, the error analysis of models 
was carried out and the results of which were summarized in 
Table 6, including the maximum error value, average error and 
the uncertainty bandwidth. The uncertainty band refers to the 
95% error confidence band (Newcombe 1998), calculated as:

where Se represents the standard deviation of error, defined 
as:

In the above equations, ei is the error of the ith testing 
sample, which is defined as ei = ypredicted − yobserved.

Based on the results presented in Table 6, other than KRR 
model, all the other models obtained a positive value of e , 
indicating an overestimation of these models. The maximum 
error value of AW-MKL is the lowest (9.3177), whereas 
the M5 Tree significantly overestimate the induced flyrock 
distance by 41.556 m. Meanwhile, it is also obvious that 
the maximum error values of the kernel-based models, i.e., 
AW-MKL, SVM and KRR, were all around 10, which were 
significantly lower than the other models. Beyond that, the 
proposed AW-MKL model achieved the lowest uncertainty 
bandwidth, with ± 4.0294, which means that the proposed 
model is the most reliable among all the developed models. 
On the contrary, the predictions of RF and M5 Tree models 
are more uncertain as their uncertainty band were relatively 
wide ( ± 15.0966 and ± 16.8183 respectively).

Furthermore, to examine the significance of the input var-
iables, a sensitivity analysis was performed based on Morris 
method (Morris 1991) and the proposed AW-MKL model. 
The analysis results are presented in Fig. 9.

According to the results of Morris method, other than 
specific charges, the other features exhibit a negative rela-
tionship to the flyrock distance. Among them, the impor-
tance level of spacing and stemming are the most signifi-
cant. Moreover, specific charge is the only feature with 
positive importance value, which means the flyrock distance 
increases when the value of specific charge increases. Mean-
while, it also has the maximum absolute importance level, 
indicating that it has the most significant impact on the blast-
induced flyrock distance. Furthermore, comparing the Mor-
ris results with the previous correlation analysis presented 
in Sect. 3.2, similar conclusion can be drawn. Both of them 
indicate that specific charge has the biggest influence on 

(29)uncertainty bandwidth = ± 1.96Se

(30)Se =

�∑n

i=1
(ei − e)

2

n − 1

(31)e =

∑n

i=1
ei

n

Table 6   Error analysis of models

Max error ( e
max

) Average error ( e) Uncertainty 
bandwidth

AW-MKL 9.3177 0.3457  ± 4.0294
KRR 10.9217  − 0.0704  ± 6.2303
SVM 10.4391 0.8521  ± 5.3916
RF 34.9905 0.1792  ± 15.0966
GBDT 31.6993 0.1791  ± 11.9646
MARS 21.9378 0.5687  ± 11.6826
M5 Tree 41.5556 1.8276  ± 16.8183
AdaBoost 24.8347  − 0.4982  ± 10.0602
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flyrock distance and exhibit a direct relationship, while the 
remaining features are inversely related to the output change.

In summary, all the developed models showed good 
potential for predicting the blast-induced flyrock distance. 
Among all the developed models, the proposed AW-MKL 
was superior to other models, for its strong approximation 
ability and high reliability. Moreover, the proposed adaptive 
weighting strategy which uses the combination of sample 
similarity weighting and MLOF was also proved to be effec-
tive in improving the performance of MKL model.

5 � Conclusion

In this study, an attempt has been made to predict blast-
induced flyrock distance. For this purpose, a total number of 
234 sets of blasting data were collected from Sungun Cop-
per Mine site to develop the predictive model. Consider-
ing the size of dataset as well as the uncertainty involved 
in blasting operation, an AW-MKL model was proposed to 
achieve higher prediction accuracy and reliability. The pro-
posed method uses the combination of adaptive weighting 
strategy and MKL method. The weighting strategy is able 
to reallocate the model attention by taking into account of 
the correlation between input and training samples as well 
as the degree that the sample obey the general distribution. 
To evaluate the effectiveness of the proposed approach, six 
existing machine learning models were also implemented 
as comparison, i.e., KRR, SVM, RF, GBDT, MARS and 

M5 Tree. For model development and evaluation purpose, 
200 sets of blasting data were randomly selected as training 
dataset, and the remaining 34 sets of data were used for the 
testing purpose. During the modeling procedure, a fivefold 
cross validation was used with grid search method to deter-
mine the optimal hyperparameters of the aforementioned 
models, where each fold of validation dataset consists of 20 
sets of data randomly selected from training datasets. After 
the optimal hyperparameters were obtained, these models 
were trained again on the whole training dataset and subse-
quently evaluated on the testing dataset according to three 
evaluation indices, RMSE, MAE and VAF.

According to the evaluation and discussion of these 
models, the proposed AW-MKL was considered as the 
most superior model in predicting blast-induced flyrock 
distance in Sungun Copper Mine site, which achieve the 
second-best training performance and highest testing accu-
racy with RMSE of 1.50/2.05, MAE of 0.57/0.98 and VAF 
of 99.96/99.92, demonstrating very high reliability and 
estimation ability. Although GBDT performed better at 
training stage, its prediction on unseen data was less reli-
able due to its high uncertainty. Furthermore, by comparing 
the performance between AW-MKL, KRR, AW-KRR and 
several MKL models, both MKL method and the proposed 
weighting strategy are proved to be capable for improving 
the performance of KRR. Meanwhile, the comparison results 
also demonstrate the theory behind the proposed adaptive 
weighting method, where the weighted Euclidean distance 
can reflect the correlation between samples and MLOF is 

Fig. 9   Sensitivity analysis of 
input features
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capable for weaken the impact of those samples with less 
uncertainties.

The main difficulty encountered in the development of the 
proposed model is the problem of small dataset. Due to funding, 
environmental and regulation issues, mining companies would 
not conduct thousands of trial blasts Hence, the sizes of blasting 
datasets are normally small. As a result, the main challenge in 
this field of study is to improve the prediction performance on 
small dataset. In this study, the adaptive weighting method is 
proposed to address this issue. Although it demonstrated satis-
factory prediction accuracy, there are still some drawbacks and 
limitations that need to be improved in future. First, the used 
dataset only consists of blasting data collected from one site, 
and therefore the predictive capability of the developed model 
has not been evaluated in other sites. Apart from that, in the 
collected dataset, only the blasting parameters are available, 
whereas the uncontrollable parameters describing the variation 
of geologic condition such as rock quality designation (RQD) 
are not included. Since the geologic condition also affects the 
result of a blasting operation, and this would limit the accu-
racy and the applicability of the model in other area with differ-
ent geologic conditions. As a result, future study can focus on 
extending the applicability of the developed model by integrat-
ing various blasting datasets. The combined dataset consists of 
blasting data collected from various sites with different geologic 
conditions, and thus the developed model can be applicable 
under various scenarios. This also allows for developing deep 
learning models or the application of transfer learning methods. 
Moreover, analyzing the causation of flyrock phenomenon is 
also of importance. Identifying the causative factors of flyrock 
phenomenon and quantifying their relationship with the likeli-
hood of such phenomenon will help us prevent the occurrence 
of blast-induced flyrock.
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