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In mining or construction projects, for exploitation of hard rock with high strength properties, blasting is
frequently applied to breaking or moving them using high explosive energy. However, use of explosives
may lead to the flyrock phenomenon. Flyrock can damage structures or nearby equipment in the sur-
rounding areas and inflict harm to humans, especially workers in the working sites. Thus, prediction of
flyrock is of high importance. In this investigation, examination and estimation/forecast of flyrock dis-
tance induced by blasting through the application of five artificial intelligent algorithms were carried out.
One hundred and fifty-two blasting events in three open-pit granite mines in Johor, Malaysia, were
monitored to collect field data. The collected data include blasting parameters and rock mass properties.
Site-specific weathering index (WI), geological strength index (GSI) and rock quality designation (RQD)
are rock mass properties. Multi-layer perceptron (MLP), random forest (RF), support vector machine
(SVM), and hybrid models including Harris Hawks optimization-based MLP (known as HHO-MLP) and
whale optimization algorithm-based MLP (known as WOA-MLP) were developed. The performance of
various models was assessed through various performance indices, including a10-index, coefficient of
determination (R?), root mean squared error (RMSE), mean absolute percentage error (MAPE), variance
accounted for (VAF), and root squared error (RSE). The a10-index values for MLP, RF, SVM, HHO-MLP and
WOA-MLP are 0.953, 0.933, 0.937, 0.991 and 0.972, respectively. R> of HHO-MLP is 0.998, which achieved
the best performance among all five machine learning (ML) models.
© 2021 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Production and hosting by
Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).

1. Introduction

blasting, only a limited percentage (20%—30%) of explosive energy
is used for the movement of blasting rock piles and rock frag-

Blasting is considered as a standard method for breaking or
moving hard rock in most of the civil and mining engineering ap-
plications (Bhandari, 1997; Roy, 2005; Tatiya, 2005). During

* Corresponding author. Department of Surface Mining, Mining Faculty, Hanoi
University of Mining and Geology, Hanoi, 100000, Viet Nam.
** Corresponding author.
E-mail addresses: nguyenhoang@humg.edu.vn (H. Nguyen), danialarmaghani@
susu.ru (D.J. Armaghani).
Peer review under responsibility of Institute of Rock and Soil Mechanics, Chi-
nese Academy of Sciences.

https://doi.org/10.1016/j.jrmge.2021.08.005

mentation (Finn et al., 2004; Khandelwal and Singh, 2005). The
remaining energy is dissipated, causing negative impacts including
ground vibration, air overpressure, and flyrock (Khandelwal, 2011;
Zhou et al., 2019; Nguyen et al., 2020). Of those, flyrock is consid-
ered a dangerous side effect that can be fatal (Guo et al., 2019a;
Nguyen et al., 2019a).

To control flyrock distance in open-pit mines, blast design pa-
rameters, also known as controllable parameters, have been sug-
gested. These parameters include hole diameter (d), powder factor
(PF), burden (B), explosive charge per meter (CPM), and stemming
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length (ST) (Workman and Calder, 1994; Bhowmik et al., 2004;
Monjezi et al., 2011; Rezaei et al.,, 2011). Indeed, Lundborg et al.
(1975) recommended an empirical formula for approximating
flyrock distance, and they claimed that flyrock distance depends on
the hole diameter. Also, Olofsson (1990) developed an empirical
formula for predicting flyrock distance, considering the ratio of
stemming to burden (ST/B). Subsequently, Trivedi et al. (2014)
considered another empirical formula to approximate flyrock dis-
tance using the relationship of ST/B and rock quality designation
(RQD). Besides, many researchers also studied empirical equations
for estimating flyrock distance, and most of them used the
controllable parameters of blasting (Bagchi and Gupta, 1990;
Richards and Moore, 2004; Little, 2007; Ghasemi et al., 2012;
Armaghani et al., 2016a).

Based on a review of the previous works for the prediction of
flyrock distance using artificial intelligence (Al) techniques (as
summarized in Table 1), it has been identified that researchers used
the controllable parameters of blasting and several uncertainty
parameters of rock mass to predict flyrock distance. Most re-
searchers used a single uncertain parameter for such prediction
(Monjezi et al., 2011, 2012; Rezaei et al., 2011; Armaghani et al.,
2014, 2016b; Marto et al, 2014; Raina and Murthy, 2016;
Hasanipanah et al., 2017, 2018; Rad et al., 2018; Hudaverdi and
Akyildiz, 2019; Lu et al.,, 2019a). Several computational models
were also developed with controllable parameters for the predic-
tion of flyrock distance (Armaghani et al., 2016b; Faradonbeh et al.,
2016; Guo et al., 2019a; Nguyen et al., 2019a, 2020; Zhou et al.,
2019; Han et al., 2020; Masir et al., 2020; Murlidhar et al., 2020).
Nevertheless, weathering index (WI) has not been investigated in
predicting flyrock distance. Therefore, this study investigates the
influences of geological parameters such as geological strength
index (GSI), WI, and RQD, to estimate the distance of flyrock in
open-pit granite mines. The controllable parameters of blasting
were also used for the same purposes, including ST/B, hole depth
(HD), explosive CPM, and PF.

Table 1
Flyrock prediction techniques with Al algorithms.

In the last few years, Al was recognized as avant-garde tech-
nique to effectively solve various problems in real life (Mellit and
Kalogirou, 2008; Nourani et al., 2014; Renzi et al., 2014; Raza and
Khosravi, 2015; Li et al., 2017; Liu et al., 2018; Rahmanifard and
Plaksina, 2019; De Silva et al., 2020; Nguyen et al., 2019b, c, 2021;
Zhang et al., 2020a, 20214, b). For solving various geotechnical is-
sues, many researchers have used various soft computing tech-
niques such as ensemble learning methods (ELMs), including the
extreme gradient boosting (XGBoost) and random forest regression
(RFR) (Chen et al., 2020; Wang et al., 2020; Zhang et al., 2020b,
2021b, c). Numerous scholars have also developed and applied Al
models to estimate flyrock distance aiming to overcome the
drawbacks of empirical methods, as listed in Table 1. Nonetheless,
they cannot represent all areas since the rock mass properties and
explanation ability of the introduced models are different.

Therefore, this study proposed a novel hybrid Al model to es-
timate flyrock distance by considering the uncertainty parameters
of rock mass and controllable parameters of blasting with high
accuracy, i.e. the Harris Hawks optimization (HHO)-based multi-
layer perceptron (MLP) (HHO-MLP) neural network. Besides,
another four Al models were also used to predict flyrock distance
and compare with the results obtained by the HHO-MLP model.
These four models include both hybrid and conventional models:
Whale optimization algorithm-based MLP (WOA-MLP), MLP, sup-
port vector machine (SVM), and random forest (RF) and an
empirical equation.

2. The novel HHO-MLP model for estimating flyrock distance

In the development of the MLP model, designing the structure
and calculating the pertinent weights are challenging issues for
engineers and researchers. It is difficult to identify the MLP model’s
optimal structure and weights, and the model is easily trapped in a
local minimum (Yi and Ge, 2005). Whereas the HHO algorithm is
introduced with an advantage that can optimize any problems

Reference Al algorithm Parameter used for flyrock distance prediction

Controllable Uncertain
Monjezi et al. (2010) ANN HD, ST, BS, SpD, PF, C, N RD
Rezaei et al. (2011) FIS, SM B, S, HD, ST, SpD, PF, C RD
Bahrami et al. (2011) ANN B, S, HD, ST, PF, C BI, RMR
Monjezi et al. (2011) ANN d, B, HD, ST, BS, SpD, PF, C BI
Ghasemi et al. (2012) MVRA d, B, HD, ST, PF, Q
Monjezi et al. (2012) ANN-GA B, S, HD, ST, SpD, PF, C RMR
Armaghani et al. (2014) ANN-PSO d, B, S, HD, ST, SpD, PF, C, N RD
Marto et al. (2014) ANN-ICA ST, HD, BS, PF, C RD
Trivedi et al. (2014) MVRA B, S, CPM, Q o, RQD
Trivedi et al. (2015) ANN, ANFIS d, B, S, HD, Q, CPM ae, RQD
Armaghani et al. (2016a) MVRA B, S, ST, HD, C RMR
Faradonbeh et al. (2016) GP, GEP B, S, ST, HD, PF
Raina and Murthy (2016) Empirical BDF, EDF RMR
Trivedi et al. (2016) MVRA, BPNN B, S, CPM, PF ae, RQD
Hasanipanah et al. (2017) PSO, MLR B, S, ST, PF RD
Asl et al. (2018) ANN, FA B, S, HD, ST, PF, C GSI
Hasanipanah et al. (2018) RES D, B, S/B, ST/B, HD, PF, C, VoD BI, RMR
Rad et al. (2018) LS-SVM, SVR B/S, H/B, SpD, PF, C RD
Lu et al. (2019b) Linear Regression B, S, ST, PF RD
Hudaverdi and Akyildiz (2019) MDA B/d, S/B, ST/B, H/B, PF Xp
Hasanipanah and Amnieh (2020) FRES B, S/B, ST/B, H/B, d, B/d, PF, C, VoD RMR, BI

Note: ANN - Artificial neural network; FIS - Fuzzy inference system; SM - Statistical methods; GA - Genetic algorithm; PSO - Particle swarm optimization; ICA -Imperialist
competitive algorithm; MLR - Multiple linear regression; LS-SVM - Least squares-support vector machine; SVR - Support vector regression; FA - Firefly algorithm; MVRA -
Multivariate regression analysis; MDA - Multiple discriminant analysis; FRES - Fuzzy rock engineering system; GEP - Gene expression programming; GP - Genetic pro-
gramming; BPNN - Back propagation neural network; S - Spacing (m); HD = hole depth (m); H = Bench height (m); SpD = Specific drilling (m/m?); C = Maximum charge per
delay (kg); Q = Charge per blast hole (kg); VoD = Velocity of detonation of explosives (m/s); N = Number of rows; RD = Rock density (kg/m?>); RMR = Rock mass rating; Bl =
Blastability index (%); ¢ = Uniaxial compressive strength (MPa); X;, = Block size (m); BDF = Blast design factor; RMF = Rock mass factor; EDF = Explosives design factor.
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Fig. 1. The proposed novel HHO-MLP framework for predicting flyrock distance by considering rock mass properties and blasting criteria.
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Fig. 3. Pit bottom of a granite quarry and palm oil plantation surrounding the mine.

without gradient (Heidari et al., 2019). Therefore, it can overcome
the disadvantages of the MLP model in finding the optimal struc-
ture and weights. To this end, the dataset was divided into two
sections: 70% of the whole dataset was used for training the model
and the remaining 30% was used for testing the performance of the
developed model. In order to avoid model overfitting, the MinMax
scaling method with the range of —1 to 1 was applied to normal-
izing the dataset. Subsequently, an initial MLP model was devel-
oped; then, the initial weights were encoded as a solution, and the
HHO algorithm was applied to optimizing the weights of the
developed MLP model. In other words, the HHO algorithm was
utilized to train the MLP neural network to estimate flyrock dis-
tance in this study. During training the MLP model, different
numbers of populations were considered, and the root mean
squared error (RMSE) was used as the objective function to evaluate
the optimization process of the HHO-MLP model. In this way, the
HHO algorithm generated many solutions, and each solution was
corresponding to a set of weights for the MLP model. Finally, the
best set of weights was defined with the lowest RMSE, and it is the
best model for predicting flyrock distance induced by mine

blasting. The framework of the proposed HHO-MLP model to esti-
mate flyrock is illustrated in Fig. 1.

The results of the HHO-MLP model then were compared with
the other models, such as WOA-MLP, MLP (without optimization),
SVM, RF and empirical models. The principle of HHO, WOA, MLP,
SVM, and RF can be referred to the literature (Hearst et al., 1998;
Breiman, 2001; Berk, 2008; Paliwal and Kumar, 2009; Mirjalili and
Lewis, 2016; Gholami and Fakhari, 2017; Madhiarasan and Deepa,
2017; Mafarja and Mirjalili, 2017; Aljarah et al., 2018; Sun et al.,
2018; Dewi and Chen, 2019; Gharehchopogh and Gholizadeh,
2019; Heidari et al., 2019, 2020; Moayedi et al., 2019; Yildiz and
Yildiz, 2019; Joshi, 2020; Kamboj et al., 2020; Mirjalili et al.,
2020; Tikhamarine et al., 2020).

3. Study site

This study was undertaken in three surface quarries located in
Johor State (Malaysia). Their locations are shown in Fig. 2. The
monthly production of these mines is 20,000 to 40,000 tons. Dril-
ling and blasting method is adopted for the production of aggre-
gates. There are residential areas and public roads within a distance
of 400 m to 1 km from these quarries. Also, several palm oil plan-
tations surround these mines, where plantation workers work
during the daytime (Fig. 3). Therefore, flyrock induced by blasting
operations in these mines is a major concern of engineers, mine
operators, and surrounding communities. Since the selected
quarries are located in a tropical area, weathering altered the rock
mass significantly (Komoo, 1998; Tugrul and Zarif, 1999), especially
the physico-mechanical characteristics of rock mass (Tugrul, 2004;
Borrelli et al., 2014). Rock mass shall be categorized into different
classes depending on the degree of weathering, i.e. fresh, slightly
weathered, moderately weathered, highly weathered and
completely weathered (Irfan and Dearman, 1978; Irfan and Powell,
1985; Tugrul and Giirpinar, 1997; ISRM, 2007).
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Fig. 4. Boxplots of input and output parameters.
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4. Dataset with the respective maximum value to obtain a ratio. WI was then
calculated based on the average of these three ratios for each blast.

In this study, 152 blasting operations were observed and perti-
nent data were compiled into a database. The collected data include
measured flyrock distance, d, GSI, WI, RQD, HD, ST/B, CPM and PF.
The data were divided into two groups: (i) uncertainty parameters,
i.e. rock mass properties, and (ii) controllable parameters depend-
ing on blast design. The detailed boxplots of the dataset are illus-
trated in Figs. 4 and 5.

To detect the fly directions and locations of flyrock, a high-speed
camera was used. Then, the locations of flyrock and blast sites were
located using a Global Positioning System (GPS) device to calculate
the flyrock distance. In blasting, design parameters in different
blast patterns were considered as the controllable parameters,
including PF, d, HD, ST/B and CPM. Of those, d, B and ST were
measured with tape, CPM was computed using the explosives
charged in each hole and its length, and PF was calculated based on
the total explosives charged and volume of rock piles after blasting.
As different drilling diameters were used at each of three quarries,
blast design parameters are not consistent. WI was introduced
based on three types of rock mass properties, i.e. water absorption,
porosity and point load index. Completely weathered granite has
the maximum water absorption and porosity values. Fresh granite Measured flyrock distance (m)
has the maximum point load strength. Weathered granite samples
were collected from the blasting face. Each property was Compared Fig. 6. The validity of the model through predicted versus actual flyrock values.
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In this study, GSI was determined after the blasting face was
completely cleared by an excavator, and in situ granite can be
observed before blasting. However, it must be noted that the
average GSI value was used as an input parameter for predicting
flyrock. RQD was determined by the scanline method (Babadagli,
2002) after the blasting face was cleared. The range of RQD is
shown in Fig. 4 and its correlation is shown in Fig. 5. Accordingly,
the correlation matrices between variables were presented through
the relationship of paired variables and histograms. No variable has
a normal distribution, and most of them have nonlinear relation-
ships, except the correlation between WI and PF. Also, the corre-
lations between PF, GSI and RQD are also positive, and they are good

candidates for the predictive models. Other variables may have
skewed and bimodal skewed distributions. Therefore, they may
need to be normalized before being applied to the models.

5. Performance indices for the assessment of models

For evaluating the reliability and accuracy of the empirical and
Al models, various indices were used to offer a comprehensive
picture of the dataset used, as well as the errors of developed
models. The assessment of models’ performance was based on a
variety of metrics, including a10-index, coefficient of determination
(R?), mean absolute percentage error (MAPE), variance accounted



B.R. Murlidhar et al. / Journal of Rock Mechanics and Geotechnical Engineering 13 (2021) 1413—1427 1419
<
3
—— Population size = 50
—— Population size = 100
© Population size = 150
> Population size = 200
Population size = 250
— Population size = 300
r‘f- —— Population size = 350
@ Population size = 400
Population size = 450
% - Population size = 500
s 5
(3]
~ -
[+
o
~ -
[s]
-]
kd -
(]
T T T T T T
0 200 400 600 800 1000
Iterations
Fig. 8. Training process of the HHO-MLP model (optimization of the MLP model using the HHO algorithm).
for (VAF), RMSE, and root squared error (RSE). The equations for ,
these indices are presented below: VAF = |1— var(z —z') % 100 3)
var(z)
N N2
RZ_]_EI':](Z_Z) (1)
- N )2 N
>i-1(2—2) 1 2
RMSE = ,|< > (z-2) (4)
N :
i=1
N |z—Z
i=1| 2z
MAPE = x 100 2) N o
RSE — Zi:] (Z — Z) (5)
- N 2
>it1(Z —2)

Fig. 9. The structure of the HHO-MLP model for predicting flyrock distance.

where z and z' are the measured and predicted values, respectively;
Z is the mean of the measured z values; and N is the number of total
samples. In theory, the model is exceptional if R? is 1, VAF is 100%,
and RMSE, MAPE and mean squared error (MSE) are 0. In addition,
al0-index is one of the latest statistical index used by many re-
searchers for evaluation of the AI/ML models (Duan et al., 2020;
Zhou et al., 2021):

) m10
al0 —index = M (6)
where M represents the amount of dataset samples, m!? denotes
the rate of experimental/predicted value that lies between the
range of 0.9—1.1.

Furthermore, to assess the effect of geological parameters of
rock mass and controllable parameters of blasting, the Taylor dia-
gram and sensitivity analysis method were applied. These indices
are well known and commonly used and the formulae for calcu-
lating these indices are available in various literature.

6. Developing the models for predicting flyrock distance

Six computational models were developed to estimate flyrock
distance, including the empirical, MLP, HHO-MLP, WOA-MLP, SVM,
and RF models. To develop these models, the dataset with 152
blasting events was randomly separated into two sections: (i) 70%
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for training, and (ii) 30% for testing. All the models were developed
using similar training and testing dataset.

6.1. Empirical model
In order to develop the empirical model based on blast design and

geological parameters, there are many models available over the
years. Their accuracy depends on the input parameters, as well as the

Flyrock

Fig. 11. The structure of the WOA-MLP model for estimating flyrock distance.

dataset of field observations used in the analysis (Lundborg et al.,
1975; Bagchi and Gupta, 1990; Olofsson, 1990; Moore and
Richards, 2004; Little, 2007; Ghasemi et al., 2012; Trivedi et al., 2014;
Armaghani et al., 2016b). As introduced in the instruction section,
Lundborg et al. (1975) and Bagchi and Gupta (1990) claimed that the
borehole diameter (d) has a significant effect on flyrock distance.
Olofsson (1990) and Trivedi et al. (2014) indicated that ST/B and RQD
have a great effect on the distance of flyrock as well. Therefore, we
proposed an empirical formula for estimating flyrock distance using
d, ST/B and RQD. The multivariate linear regression method was used
to identify the relationship of these parameters. Finally, an empirical
equation for estimating flyrock distance was found, as presented in
Eq. (7). Fig. 6 shows the validity of the model through predicted
versus actual graph with 1:1 line and R?.

Flyrock distance = 2.421 d + 95.479 ST/B + 3.503 RQD — 243.139
(7

6.2. MLP models

For the development of the MLP model, the structure of MLP,
including the number of hidden layers and neurons, is the major
concern. Numerous previous researchers proposed the formulae to
calculate the number of hidden layers and neurons (Yi and Ge,
2005; Trenn, 2008; Sheela and Deepa, 2013); however, their per-
formance varies significantly in different cases (Alsmadi et al,,
2009; Kuo et al., 2009). Many other scholars recommended that
the “trial-and-error” technique as the best approach to determine
the structure of the MLP model (Chauhan et al., 2012; Thota and
Changalasetty, 2013; Assi et al., 2018; Itano et al., 2018). Hence, a
“trial-and-error” method for selection of the hidden layers and
neurons of MLP model was implemented to determine the best
MLP model in predicting flyrock distance. Six MLP models with one
to three hidden layers and different numbers of neurons were
investigated. Note that the backpropagation algorithm was used to
train MLP models, and the MSE was utilized as the objective
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Fig. 12. Performance of RF models with different hyper-parameters: (a) Evaluation of RF models using RMSE, and (b) Evaluation of RF models based on R2.
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Fig. 13. Performance of the SVM model with different hyper-parameters.

function during the training process. The training process of MLP
model is illustrated in Fig. 7. Finally, the MLP 8-15-12-1 (8 neurons
in the input layer, 15 neurons in the first hidden layer, 12 neurons in
the second hidden layer, and 1 neuron in the output layer) was
found as the best MLP model. It can explain the relationship be-
tween the geological parameters of rock mass, controllable pa-
rameters of blasting, and flyrock distance well.

6.3. HHO-MLP model

For the HHO-MLP modeling, the framework proposed in Fig. 1
was applied based on the same training dataset. In the first
phase, an MLP model was developed as the main element for the
optimization of the HHO algorithm. Since the MLP 8-15-12-1 was
tested as the best MLP model, it was selected as the initial MLP



1422 B.R. Murlidhar et al. / Journal of Rock Mechanics and Geotechnical Engineering 13 (2021) 1413—1427

600 -

— T—

400 A '

N

o

o
1

Flyrock distance (m)
w
o
o
rY)

=

o

o
1

0 5 10 15 20

25 30 35 40 45 50

Testing samples

—e—Actual WOA-MLP

HHO-MLP

MLP —e—RF —e—SVM —e—Empirical

Fig. 14. The comparison of predicted versus measured flyrock distances.

Table 2

Comparison of the performance of predictive models on the training and testing datasets.

Model Training dataset Testing dataset
al10-index R? RMSE MAPE VAF al0-index R? RMSE MAPE VAF RSE
WOA-MLP 0.972 0.996 7.840 0.026 99.612 0.0002 0.978 0.995 9.21 0.028 99.469 0.0028
HHO-MLP 0.991 0.998 6.075 0.019 99.767 0.0007 0.978 0.996 7.205 0.026 99.636 0.0051
MLP 0.953 0.996 8.055 0.029 99.591 0.0026 0.935 0.994 9.664 0.032 99.379 0.0098
SVM 0.937 0.994 10.339 0.034 99.328 0.0028 0.935 0.996 8.096 0.029 99.55 0.03
RF 0.933 0.988 14.202 0.047 98.824 0.0051 0.935 0.929 12.802 0.038 98.811 0.017
Empirical 0.575 0.867 46.624 0.13 88.539 0.032 0.413 0.855 47.438 0.172 85.108 0.128
Note: The best predictive model for flyrock distance is shown in bold.
model for the development of the HHO-MLP model. During the 6.5. RF model

second phase, the HHO algorithm implements the optimization of
the selected MLP model including weights and biases.

To carry out the second phase, the parameters of the HHO al-
gorithm were defined first. As required in the pseudo-code of the
HHO algorithm (Heidari et al., 2019), the maximum number of it-
erations (T) and population size (N) are prerequisite parameters for
the HHO algorithm. To assess the HHO algorithm’s performance in
optimizing the selected MLP model (i.e. the HHO-MLP model),
different N values were selected as 50, 100, 150, 200, 250, 300, 350,
400, 450 and 500 with T = 1000. MSE was also utilized as the
stopping condition in the optimization process of the HHO-MLP
model. Finally, the ideal HHO-MLP model was reached at the iter-
ation of 461, as shown in Fig. 8. The optimal structure, as well as
optimal weights of the selected MLP model, are presented in Fig. 9.

6.4. WOA-MLP model

The function of WOA is the same as the HHO algorithm. It means
that the WOA implements an optimization task for the selected
MLP model. It must be noted that the required parameters of WOA
are the same as the HHO algorithm. Therefore, they were selected
as those used for the HHO algorithm. The training performance of
the WOA-MLP model is shown in Fig. 10, and its structure is illus-
trated in Fig. 11. It is worth noting that whereas Fig. 9 shows the
structure of the HHO-MLP model, Fig. 11 shows the structure of the
WOA-MLP model. The main difference between these two figures is
the weights of the models, and they are shown through the black
and grey lines, as well as the thickness of the lines.

To develop the RF model, the number of trees and random
predictors chosen are the parameters applied to controlling the
accuracy of the RF model. Of those, the accuracy of the RF model
is highly dependent on the number of trees since RF is a decision
tree-based algorithm. Hence, a trial-and-error method was
implemented with the number of trees of 50, 100, 150, 200, 250,
300, 350, 400, 450 and 500. Also, since the predictor used is 8 (8
input variables), the random predictors were also selected in the
range of 1-8. Note that 10-fold cross-validation (CV) and Box-Cox
transformation techniques were used as well to prevent over-
fitting of the RF model. RMSE and R? were utilized to evaluate the
performance of RF models with different parameters, as
demonstrated in Fig. 12. Finally, the ideal RF model was defined
with the number of trees of 450, and the random predictors was
selected at 5.

6.6. SVM model

Similar to other models, the performance of the SVM model was
also controlled by hyper-parameters. As mentioned above, kernel
functions shall be used to map the dataset to improve the perfor-
mance of support vectors. For this problem, the radius basis func-
tion (RBF) was commonly recommended for SVM models in
engineering problems (Bui et al., 2019a, b, ¢; Guo et al., 20193, b;
Nguyen, 2019; Nguyen et al., 2019d, 2020; Lv et al., 2020). There-
fore, ¢ and cost (C) were utilized to control the accuracy of the SVM
model in estimating flyrock distance. The best parameters of the
SVM model were selected using the grid search technique, as
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illustrated in Fig. 13. It must be noted that 10-fold CV and Box-Cox
transformation techniques were used as well to prevent overfitting
of the SVM model. Herein, 10-fold CV was repeated 3 times to
evaluate the model’s performance. Eventually, the ideal SVM model
was defined with C = 5.96 and ¢ = 0.1.
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Fig. 15. Predicted versus measured flyrock distances by different predictive models: (a) HHO-MLP model, (b) WOA-MLP model, (c) MLP model, (d) SVM model, (e) RF model, and (f)
Empirical model.

In modeling flyrock distance, the predictive ability of the
developed models should be assessed properly. In this study, all
predictive models were developed using the same training dataset.
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Empirical model.

Subsequently, the testing dataset was utilized to evaluate the pre-
dictive ability of developed models. The output of the predictive
models using the testing dataset is shown in Fig. 14, and their
performance is outlined in Table 2.

8. Discussion

The findings of this study indicated that the Al models out-
performed the empirical model in predicting flyrock at three
granite mines in Malaysia. It must be noted that all the Al models
worked effectively on both training and testing datasets. Partic-
ularly, the overfitting problem did not occur with these models. Of
the five Al models, the HHO-MLP model provided the best per-
formance with R? of 0.996, RMSE of 7.205, VAF of 99.636, and
MAPE of 0.026 on the testing dataset. However, the remaining Al
models provided lower performance with R?> of 0.929—0.996,
RMSE of 8.096—12.802, VAF of 98.811—99.55, and MAPE of 0.028—
0.038, on the testing dataset. It is worth mentioning that the
performance of the WOA- MLP model is also better than those of
the single MLP model (without optimization). However, it is lower
compared to the SVM model. This finding indicated that the HHO
algorithm is better than the WOA algorithm in the optimization of
the MLP model. By examining all proposed Al models, RF provided

the worst performance. Fig. 15 shows the further assessment of
developed models on the testing dataset.

The relationship between measured and predicted values by
the developed models with the 90% confidence level is depicted
in Fig. 15. The Al models provided high convergences, especially
the proposed HHO-MLP model with all the data points within the
90% confidence level. Meanwhile, most of the data points of the
empirical models are outside of the 90% confidence level. These
results demonstrated the dominant performance of the Al
models in predicting flyrock distance, especially the proposed
HHO-MLP model. This finding indicated that the Al models,
especially the proposed HHO-MLP model, can better explain the
relationship between the geological parameters of rock mass,
controllable parameters of blasting, and flyrock distance than
other models.

Normal quantiles-quantiles (Q-Q) plots were used to demon-
strate the fitness of developed models based on the dataset used.
The results show whether the outcome of the predictions have
normal distribution or not. From the data science and machine
learning perspectives, the normal distribution is considered an
important statistical feature since it fits many natural phenomena.
Thus, the deviations of data (in this study, flyrock distance) from a
normal distribution shall be utilized to estimate the accuracy of
machine learning algorithms (Lu et al., 2019; Nagano et al., 2019;
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Salas-Rueda 2019). Fig. 16 presents the normal distribution of the
residuals of the developed models based on the testing dataset
using Q-Q plots. From Fig. 16, it is found that most of the devel-
oped models have a potential normal distribution based on the
residuals of the testing dataset. However, taking a closer look at
Fig. 16, it shows that the HHO-MLP and WOA-MLP models exhibit
better normal distribution compared to other models. In other
words, the HHO-MLP and WOA-MLP models offer better fits than
the other models. Of those, the normal distribution of the HHO-
MLP is slightly better than the WOA-MLP model.

Although the accuracy and reliability of the proposed HHO-MLP
were demonstrated as the most superior, the impact of input pa-
rameters on flyrock should be checked to ensure that correct trends
in input and output data would be established. Furthermore, the
sensitivity analysis determines the impact of each input variable on
the accuracy of the predictive model. The sensitivity analysis was
carried out for the HHO-MLP model based on the Sobol method
(Nossent et al., 2011; Rosolem et al., 2012; Wan et al., 2015), as
shown in Fig. 17. The sensitivity analysis results showed that the
uncertainty parameters have significant effects on flyrock distance,
especially WI, GSI and RQD. In other words, not only blasting pa-
rameters but also rock mass properties have significant effects on
flyrock distance induced by mine blasting. The primary parameters
should be considered to have a comprehensive assessment of the
influential parameters on flyrock distance in blasting operations,
especially in the tropically weathered granite and other types of
rocks.

9. Conclusions

Flyrock is a hazardous phenomenon induced by blasting events
in open-pit mines. An empirical and five Al models were developed
for the prediction of flyrock. This study proposed a robust combi-
nation of the HHO algorithm and MLP model (i.e. HHO-MLP) in
predicting flyrock to increase the accuracy of the MLP model. The
performance of the suggested HHO-MLP model was compared with
various soft computing models, such as WOA-MLP, MLP (without
optimization), SVM, RF and empirical models. It showed that the
performance of the proposed HHO-MLP model is the best with the
highest accuracy.

Based on the obtained results of the developed models,
although the empirical models are simpler and easier to apply in
practice, their accuracies are poorer than those of the soft
computing models, especially the proposed HHO-MLP model. From

the modeling perspective, hybrid models are often more complex
than standalone models; however, once the hybrid model (i.e.
HHO-MLP) was well-developed, its application is the same as the
other models, and it is useful in practical engineering.

All eight input parameters affected flyrock distance, while their
importance levels are different. It is worth noting that the rock
mass properties also have significant effects on flyrock distance
induced by mine blasting, especially WI, GSI and RQD. The models
proposed are based on data from several specific sites (in Malaysia);
therefore, the obtained results may not be suitable for other
geological settings, i.e. in limestone or other quarries. Future
research with the consideration of the blastability index, WI, and
other controllable parameters of blast design can improve the ac-
curacy and reliability of the prediction models.
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