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Introduction

In today’s world, with the development of mining,
oil, and construction projects, rock excavation becomes
more and more important. Although various methods
using different equipment have been proposed for rock
breaking until today, the mechanical excavation method
has always been the most cost-effective and most sui-
table method and is currently widely employed in the
fields of mining and civil engineering. One of the most
widely used methods of rock excavation is rock drilling,
which is commonly utilized to create blast holes, coring,
exploration of minerals, extraction of oil and gas sources,
installation of support system (for example, rock bolts),
and so on [1, 2].

The efficiency of drilling is also linked to the extra
costs incurred by using a platform, which may amount
to tens of thousands of dollars each day [3]. One of
the most critical parameters for planning drilling oper-
ations and estimating costs is the rate of penetration
(ROP). The ROP depends on various variables, includ-
ing operational parameters, as well as geological condi-
tions and rock properties [4, 5]. Consequently, opti-
mizing the ROP in drilling as the first step in mine to
mill optimization leads to cost reduction and enhanced
production. Therefore, according to the importance of
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Optimizing the conditions of the drilling operation to achieve the maximum penetration rate (ROP)
is essential as the initial step in mine-to-mill optimization. This study mainly focuses on optimizing the
operational-scale drilling operation conditions of the drill wagon. For this purpose, two operational para-
meters (feed rate pressure and air flushing pressure) were identified as influential factors affecting the
ROP. Various operational conditions were subsequently established using the Taguchi algorithm. Based
on these conditions, drilling operations were conducted at the Anarak copper mine in Isfahan, Iran.
Finally, the optimal operating conditions for different mine zones were developed. The results of the
optimization showed that with the increase of copper grade and the decrease of rock strength, air flush-
ing pressure has the most significant impact on the drilling ROP. Subsequently, a model was developed
using three intelligent methods: Artificial Neural Network (ANN), Random Forest (RF), and Support Vector
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Therefore, the RF model can be confidently utilized in drilling projects with low uncertainty.
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the subject, various studies have been conducted in order to evaluate
the ROP based on rock properties [6—18] and operational parameters
[19-26].

In the literatures, specifically in works by Bourgoyne and Young [27]
and Hegde et al. [28], several ROP equations have been developed as func-
tions of various parameters, including bit properties, formation strength,
mud properties, bit diameter, bit design, Rotations Per Minute, Weight on
Bit, and hit hydraulics. These equations are generated from the study of
theory and experiments. The ROP for percussion drilling has been proposed
by Hustrulid and Fairhurst [29] based upon theoretical and experimental
studies according to Eq. (1).

ROP = E-fT . m

A-SE
where A is drill hole area (m?); SE is specific energy (Nm/m3); T, is energy
transfer rate; f is blow frequency (blow/min); E; is energy per blow (Nm).

Kahraman [30] has used the twin-logarithmic model, as one of the non-
linear methods, to develop a DTH drilling ROP model (Eq. (2)).

0.826

ROP = 3.24%, (2)
where P is operating pressure (bar); R, is Schmidt hammer rebound number
(N-type); d is piston diameter (mm).
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Considering the importance of the issue and the immediate impact of
ROP on drilling costs and production planning, it is imperative to assess the
ROP in relation to operational conditions and rock properties. In addition,
optimizing drilling conditions to increase ROP as the initial step of mine-to-
mill optimization increases its importance.

After a comprehensive analysis of previous research conducted by other
researchers, it has been determined that all of these studies only evaluate
the effect of operational parameters and rock properties individually on the
ROP, and the study and optimization of drilling operation conditions on a large
scale has not been done. In this study, the prediction and optimization of the
ROP for DTH drilling in copper mine operations, using the rotary percus-
sion drilling method, are discussed. For this purpose, first by using smart
methods on a database, according to the operational parameters and rock
properties that affect the ROP, models are developed to predict the ROP.
Subsequently, using the Taguchi optimization algorithm on the drilling opera-
tion of the Anarak copper mine drill wagon, the optimal operating conditions
are determined with the aim of maximizing the ROP. Figure 1 shows the flow
chart of this study.

Drilling optimization
Anarak copper mine is a sulfide copper mine located in the north-
east of Isfahan province (Central Iran). The Anarak plutonic complex
includes a wide range of rock types, from Gabbro-Monzogabbro to
Alkali granite, spanning from the Upper Precambrian to the Quaternary
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period. There are five main sulfide mine-
rals in this deposit: Chalcocite, Chalcopy-
rite, Covellite, Molybdenite, and Bornite.
In this mine, the drilling of blast holes is
carried out using the ROC-D65 drill wagon
(Fig. 2).

The Taguchi optimization method has
been used to determine the optimal opera-
tional conditions for drilling in the Anarak
Mine. The Taguchi Technique is a robust
design methodology within the field of
design of experiments. It is primarily used
for improving the quality and performance
of products and processes while minimizing
variation and the occurrence of defects [31].
This technique generates a unique design
of orthogonal arrays that can effectively
explore the entire parameter space with
just a minimal number of experiments. Sub-
sequently, the analysis of the test results
employs a statistical metric known as the
signal-to-noise ratio (S/N). This ratio pro-
vides insights into both the average and the
variation of the experimental results within
this method and is determined according to
Eq. (3) for maximization problems [32].

| Zoning of Kalkafi copper mine based on grade-GSI |
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l | Train datasets |

| Using the Taguchi algorithm for each zone |
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Operational implementation of drilling
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!

| Utilizing the best model to evaluate ROP in Kalkafi mine |

Fig. 1. The flow chart of this study
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Table 1. Classification of grade-GSI of Anarak mine
Air flushing Level Grade GSI Representative color Code
High grade >0.45 <40 1
Moderate grade | 0.3-0.45 40-50 2
Low grade 0.15-0.3 50-60 3
* |= Drilling hole Waste <0.15 >60 4
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where y, is the response value for an experimental condition.

1

%rat/o( = —’IOIogm—iia.

i3y

Due to its simplicity and high
performance, this method has been
widely used in experimental design
and optimization in engineering stud-

In the process of choosing the
operating parameters for the dril
wagon hbased on rotary percussion
drilling method, the focus has been
on selecting those parameters that
exert the most significant influence
on the ROP. To achieve this objective,
two key parameters, namely the feed
rate pressure (FR) and air flushing
pressure (AF), have been selected.
These parameters exhibit the most
impact on the ROP while simulta-
neously having the least effect on
the machine stress. In other words,
according to Fig. 3, these two param-
eters possess the most significant
influence on the interaction between
the rock and the drilling bit. Unlike the
rotation speed, adjustments to these
parameters result in minimal stress
on the drilling machine.

To determine the optimal condi-
tions of drilling operations with the
aim of maximizing ROP, two opera-
tional parameters FR and AF were
entered into the Taguchi algorithm
in the operating range of 5500 to
7000 kN/m2 and 0.5 to 0.7 MPa,
respectively, and based on the pro-
posed drilling plan, operations were
carried out in Anarak mine. It should
be noted that throughout all the
tests, the rotation speed remained
constant at 55 RPM, and the dia-
meter of the hole was 110 mm (with
air flushing holes having a diameter
of 17 mm). It should be noted that
during the execution of the tests,
drill bits with the same geometry
were used. In addition, the compres-
sor of this drill wagon is an Atlas
Copco XBX 10 (two-stage screw
type compressor) and is capable of
producing air pressure up to 3 MPa.
specifications  of  this
machine can be found in the relevant
catalogs and studies conducted in
this field using this machine [40]. It
should be noted that the range of AF
changes has been selected according
to the type of rock being drilled and
its impact on drilling performance in
such a way that with an excessive
increase in AF, the penetration rate
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variations remain constant and do no effect on drilling performance. Accord-
(3)

ing to the grade data available, this mine encompasses four distinct grade
zones (waste, low grade, moderate grade, and high grade). For every drilled
hole, the geological strength index (GSI) was evaluated and subsequently
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Fig. 6. The S/N plot of the grade zones based on the Taguchi algorithm:
a— Waste; b — Low grade; ¢ — Moderate grade; d — High grade

categorized into four classes according to Table 1. The GSI represents
the properties of the rock mass being drilled, encompassing the strength
characteristics, surface condition of the discontinuities, and deformation
characteristics of the rock mass [41]. In drilling activities, in cases where
there is no available information about the conditions of the rock mass, it
is possible to estimate the GSI by assessing the surface conditions and the
structure of the rock mass [42]deformation modulus, strength properties,
and Poisson’s ratio for an appropriate design of tunnels, caverns, and other
engineering structures. The distinctiveness of this system over the rock
mass rating (RMR.

According to the developed Taguchi plan, the drilling operation was
done for each zone separately and in order to reduce the operation error,
each test was repeated 9 times (totally 334 holes) and the average ROP
was considered as the result of each operational condition. Figure 4
shows the distribution of ROP in each zone. Figure 5 shows the relation-
ship between FR and AF with the ROP for each zone. According to the
figure, there is a direct correlation between AF and ROP. This relation-
ship is primarily attributed to the fact that when AF increases, fragments
are quickly removed from the hole, allowing the drill bit to make contact
with a clean rock surface. This leads to heightened rock crushing and ulti-
mately results in an increase in ROP. Conversely, when the amount of AF
is low, fragments remain within the hole, causing the drilling bit to impact
these fragments. This situation leads to heightened energy consumption,
increased tool wear, and reduction in ROP. Furthermore, as FR increases,
ROP also shows an increase. However, if it surpasses a specific threshold,

b
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ROP begins to decrease (Fig. 9, a). In other words, an excessively high
increase in the FR results in a reduction in the ROP. Eventually, the drill
bit becomes stuck, causing damage to the couplings, rods, and ultimately
the drilling machine. Figure 6 shows the S/N plot of the grade zones based
on the Taguchi algorithm. According to the figure, when the grade of cop-
per ore increases and its resistance decreases, AF becomes the effective
parameter in the drilling operation (Fig. 6, ¢ and d). Conversely, when the
rock resistance increases, FR becomes a significant parameter in the drill-
ing operation (Fig. 6, a and b). This occurs because the lower resistance
of the rock results in a greater volume of drilling fragments, necessitating
higher air pressure for their removal from the hole. Consequently, in such
instances, the operational parameter AF assumes a more pivotal role in
increasing the ROP.

Datahase description

In order to evaluate the ROP of drill wagons, a database of drilling
wagons has been collected at the Sarcheshmeh copper mine, Iran. Sarchesh-
meh copper mine is located in the southwest of Kerman province (southeast
of Iran) at an elevation of 2600 m above sea level (56° 51’ 54" E and
29° 57’ 31" N). The main minerals found in this mine are categorized into
two groups: sulfide minerals (Chalcocite, Chalcopyrite, Covellite, Bornite, and
Molybdenite) and oxide minerals (Cuprite, Malachite, Tenorite, and Azurite).
The collected database includes the drilling information of 170 blast holes
using a drill wagon, which is obtained directly from the drilling log. This
database includes AF, FR, and GSI as input parameters and ROP as output
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with a 10-fold cross-validation
approach. Figure 9 shows the
schematic representation of
the implemented SVR algo-
rithm. Figure 10 shows the
relationship between predicted
and measured values of SVR
model.

- = Output y

Random forest

The Random Forest (RF)
method is founded on novel
techniques for  aggregating
information, wherein a sub-
stantial number of decision
trees are generated, and sub-
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Fig. 10. The relationship between predicted and measured values of SVR
model

dependent variable based on structural risk minimization [43]. In contrast to
neural network algorithms, which attempt to characterize the intricacies of
functions within the input space, this algorithm transforms non-linear data
into a higher-dimensional space and employs non-linear functions within this
new space. Generally, the algorithm’s performance in regression problems
involves the mapping of input vectors into a multidimensional space. Subse-
quently, a hyperplane is generated to separates the input vectors with the
maximum possible distance [44]. In order to develop the predictive ROP
model using the Support Vector Regression (SVR) algorithm, it has been
coded within the Python 3.1 environment and executed on the database. In
this algorithm, radial basis function (RBF) kernel is employed in conjunction

pertinent decision trees, often
yielding highly accurate predic-
tions for a wide range of data-
sets. The RF is constructed
using a set of trees considering ‘n’ independent data [46, 47]. Due to the
Law of Large Numbers (LLN), the algorithm does not tend to overfit, making
it a highly effective method for prediction [48]. Figure 11 shows the train-
ing procedure of the RF algorithm [49]. In order to develop the predictive
ROP model using the RF algorithm, it has been coded within the Python 3.11
environment and executed on the database. It should be noted that the node
size variable, signifying the number of leaves in each branch, was determined
through trial and error. Figure 12 shows the relationship between predicted
and measured values of RF model.

Artificial neural network

An Artificial Neural Network (ANN) emulates the intricate and parallel
computational system of the brain, consisting of numerous simple processing
units known as neurons. A neuron acts as a simplified representation of a bio-
logical neuron. The number of neurons used can vary depending on the specific
problem being addressed [50]. The ANN comprises at least three layers: an
input layer, a hidden layer, and an output layer, with each layer housing numer-
ous interconnected neurons. These interconnections are formed through
weighted connections. Essentially, a neural network functions as an intelligent
system capable of predicting output patterns by recognizing specific input pat-
terns [51]. In order to create an ANN model, different methods are used for
connecting neurons. Many researchers have reported that feedforward-back-
propagation (FF-BP) is the most widely utilized type of ANN in various fields
of science and engineering [52—54]flyrock and back-break. Therefore, proper
predicting and subsequently optimizing these impacts may reduce damage on
facilities and equipment. In this study, an artificial neural network (ANN. One
of the most well-known FF-ANNs is the multi-layer perceptron (MLP) neu-
ral network, which consists of several neurons or nodes in three layers that
are connected to each other by weights and can solve complex engineering
problems [55]. Figure 13 shows the schematic representation of the imple-
mented MLP algorithm [56]. In order to develop the predictive ROP model
using the ANN algorithm, it has been coded within the Python 3.11 environ-
ment and executed on the database. The number of neurons in the input and
output layers is configured to align with the quantity of input parameters (AF,
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FR, and GSI) and output parameter
(ROP), respectively. Meanwhile,
the number of neurons in the hid-
den layers is adjusted based on the
complexity of the problem. Conse-
quently, finding the optimal num-
ber of neurons becomes essential.
Figure 14 shows the sensitivity
analysis on the number of neurons.
According to the figure, sensitivity
analysis was conducted by vary-
ing the number of neurons from 3
to 300 in the hidden layers. In the
end, the optimal number of neurans
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RMSE = 0.03, NSE = 0.82, and R2 = 0.84.
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2

R2 = =1 , (6)

i=1 i=1

where P, is the predicted values; A, is the measured values; P is the aver-
age of the P; N is the number of data; A is the average of the R,.
Theoretically, a predictive correlation is considered excellent when
the R2 equals 1, the NRMSE approaches 0, and the VAF reaches 100%.
Figure 16 shows the performance evaluation of the developed SVM, ANN, and
RF models. Based on the obtained results, the RF model demonstrates supe-
rior performance in ROP evaluation compared to the ANN and SVM models.
The RF model achieves hath high accuracy and low uncertainty. However, a
limitation of all three SVM, ANN, and RF models is their status as black boxes,
which implies that they cannot offer an explicit equation for ROP evaluation.
Instead, the output can be derived through the Python code implementation.

06

%
W "%
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I Fig. 17. The ROP distribution of the Anarak copper mine

Application of developed model

In this section, developed models are used to evaluate the ROP of Anarak
copper mine. According to the developed models, the RF model showed the
best performance compared to the SYM and ANN models. Consequently, the
RF model is employed for evaluating the ROP of the Anarak copper mine. It
should be noted that the drilling operation in all four mining zones (waste, low
grade, moderate grade, and high grade) was conducted using two param-
eters, AF and FR. To minimize errors, each parameter was repeated nine
times, and ultimately, the average results were taken into consideration as
the final output. Figure 17 shows the ROP distribution of the Anarak copper
mine. According to the figure, the distribution of the mine’s ROP follows a
log-logistic (3P) pattern. Finally, the ROP results obtained from the RF model
are compared with those obtained from drilling operations. To utilize the RF
model for predicting ROP, it was coded within the Python environment to
perform automatic evaluations on the data obtained during the drilling of the
Anarak mine. Figure 18 displays the results of the ROP evaluation for the
Anarak copper mine. According to the obtained results, the RF model has
been able to predict the ROP in Anarak copper mine with 83.8% accuracy.
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Fig. 18. The results of the ROP evaluation for the Anarak copper mine based
on RF model

Summary and conclusions

The use of rock drilling has been prevalent in a variety of construction,
mining, and oil projects over the years. The timing of the drilling operation
as the initial step in the mining activity has an impact on the productivity
of the mine. Hence, the drilling ROP is regarded as a crucial parameter
for production planning, and it is imperative to assess and maximize the
ROP based on the optimal conditions of drilling operations in each project.
In this study, the first step involved applying Taguchi’s algorithm to two
parameters influencing the ROP: feed rate pressure and air flushing pres-
sure. The objective was to create an experimental design aimed at maximi-
zing the ROP. Subsequently, the developed design was tested during mining
operations at the Anarak copper mine in Isfahan, Iran. This mine was divided
into four zones based on copper grade and GSI value, and drilling operations
were carried out for each of the zones using ROC-D65 drill wagons. Finally,
optimal drilling operating conditions were recommended for each zone, with
the aim of achieving the highest ROP. Subsequently, a database comprising
170 cases of hole drilling with a drill wagon in the Sarchesmeh copper mine
in Kerman, Iran, was compiled. Using the Python environment, two models
were constructed, employing SVM, ANN, and RF algorithms, to predict
the ROP. The results indicate that when the copper grade rises and rock
strength decreases (in the crushed zone), the air flushing pressure exhibits
the most significant impact on the drilling ROP. Conversely, when the cop-
per grade decreases and rock strength increases, the feed rate pressure
becomes the predominant factor affecting the drilling ROP. Additionally, as
both air flushing pressure and feed rate pressure increase, the drilling ROP
also increases. Nevertheless, an excessive rise in feed rate pressure can
result in a decrease in the ROP, eventually leading to the drilling bit getting
stuck. The results of the performance of the developed models showed that
among the algorithms used (accuracy ranging from 80.8% to 96.6%), the
RF model demonstrated better performance than SVM and ANN in predic-
ting drilling ROP (VAF = 96.564, NRMSE = 0.042, and R2 = 0.966).
Based on the performance obtained, the developed RF model was utilized to
evaluate the ROP at the Anarak copper mine. Since the model lacks explicit
mathematical equations and functions as a black box, it was implemented in
the drilling operation using Python coding. After drilling operations in each
zone, the actual ROP was compared with the predicted value. The results
demonstrated that the developed model can accurately predict the ROP
with an accuracy of 83.8%. Therefore, based on validation, the RF model
serves as a reliable predictor for ROP in drilling projects with low uncer-
tainty. Project managers can employ it to estimate initial scheduling and
associated costs for drilling projects during early tender stages or throug-
hout mining operations.
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