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Abstract: Multi-criteria decision making (MCDM) refers to methods and processes used
to evaluate and prioritize options when multiple criteria are involved. Extensive research
conducted in the past has shown that uncertainty is a pervasive challenge in the decision-
making process, particularly in complex and dynamic environments, such as mining.
When making decisions under uncertainty, especially in stope and fan pattern selection
for underground mining, it is crucial to consider various aspects, including economic
and production factors. This paper presents an application of simulation combined with
the ranking alternatives by perimeter similarity (RAPS) method for optimal stope and
fan pattern selection in an underground mine. The results obtained were compared with
existing MCDM methodology technique for order of preference by similarity to ideal
solution (TOPSIS) and showed a very high correlation, which indicates the applicability of
new methodology for decision making in mining industry problems.

Keywords: decision making; simulation; mining industry; underground mine; stope
selection; uncertainty; drilling and blasting

MSC: 90B50

1. Introduction

Multi-criteria decision-making (MCDM) has proven to be an important approach in
engineering, where decisions often involve multiple criteria with different dimensions.
MCDM techniques enable engineers to systematically evaluate and prioritize alternatives
based on numerous factors, helping in decision-making [1]. The history of MCDM methods
reflects the evolution of decision theory and quantitative analysis over decades.

The development of MCDM methods is closely tied to the broader application of oper-
ations research tools. While the foundational concepts of MCDM can be traced back earlier,
many widely used methods today—such as PROMETHEE [2], ELECTRE [3], AHP [4],
and TOPSIS [5]—were developed primarily in the latter half of the 20th century, alongside
numerous other similar approaches. Nowadays, we are seeing the creation of new multi-
criteria optimization methods, the improvement of existing ones, and the development of
various kinds of hybrid models. Adapting an existing method or creating a new one is a
quite common activity when there is a problem that needs to be solved.

The presence of MCDM methods in mining engineering is common, according to
Pouresmaieli et al. [6]. Numerous articles have been published in the last two decades,
where successful application of MCDM has been proven.

Mining projects involve various activities necessary to produce the final product.
Among these activities are drilling and blasting, which are closely linked. Together, they
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serve the purpose of breaking rock away from larger masses or for further crushing rock
materials. These two operations are almost inevitable in every mining project, even when
it is about surface or underground ways of exploiting raw materials. The determination
of the optimal blast geometry is important for achieving the intended outcomes in a fan
(ring) blasting operation. To compute these parameters, researchers have created a range of
empirical, numerical, and statistical models [7].

MCDM methods have become increasingly valuable in optimizing various aspects of
underground mining, including blasting design, equipment selection, and overall mine
planning. MCDM techniques are particularly useful in complex environments, like un-
derground mines, where decisions often involve balancing multiple criteria, such as cost,
safety, environmental impact, and operational efficiency.

Many authors have conducted their research by applying MCDM methods to solve
complex problems in an underground mine, such as the selection of an adequate mining
method [8], determining the best shaft location [9], mining access selection [10], and
selection of optimal drilling and blasting patterns [11]. For stope layout optimization,
researchers have applied different approaches, such as heuristic algorithms [12].

Li et al. [13] introduced a new CRITIC-GRA model to develop a multi-factor quantita-
tive optimization for stope dimensions, enabling a thorough analysis with predefined safety
and economic indicators. Another study that optimizes stope dimensions to achieve safe
working conditions was presented by Qiu et al. [14]. An Ansys 19.2 numerical simulation
was used to optimize stope structural parameters.

Onederra and Chitombo [15] proposed a design method for underground ring blasting
that ensures engineers follow a systematic blast design approach, integrating traditional
guidelines with advanced 3D /4D analysis, damage models, and simulations. It emphasizes
risk identification, mitigation, and iterative design reviews as mining conditions change.

Wang et al. [16] optimized a design scheme for ring blasting. In their research, a new
optimization method based on the Scaled Heelan (SH) model [17] is proposed to reduce
brow damage, over-crushing, and bulking in ring blasting. The method improves hole
arrangement and fragment size prediction. A case study at a copper mine showed a reduc-
tion in brow damage from 36.7% to 16.7% and an 11.3% improvement in loading efficiency.
For example, Bai et al. [18] in their research presented an algorithm that optimizes sublevel
stope design using cylindrical coordinates and geotechnical constraints. It determines the
optimal stope and raise location through maximum flow optimization, producing realistic
results for engineering use.

Vishwakarma et al. [19,20] optimized the burden to achieve the optimal ring blasting
pattern. In their first study, they utilized an explicit dynamic-based modeler from M/s
Ansys to optimize the burden in an underground hard rock mine. The simulation process
was conducted for three holes with depths ranging from 14 to 14.5 m. Blasting pattern
parameters and ground vibrations were also measured. The results of the study showed
variations in the burden value range for getting a greater volume of rock along the free
face under established conditions. In another study, they developed an empirical equation
based on their numerical model. The study showed that the simulation-based prediction
deviated by less than 15% from the experimental results.

Earlier research on the optimization of fan blasting patterns and stope optimization in
underground mining has significantly contributed to the understanding and improvement
of blasting practices. Studies have focused on various aspects of blast design, aiming to
control ground vibrations, reduce overbreak, lower the costs, etc.

Numerous authors have made significant contributions to the field of fan blasting
optimization in underground mining, achieving notable advancements in both theoretical
and practical aspects of the discipline.
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This paper provides an upgrade of an existing MCDM method. The novel RAPS [21]
method has already been developed and applied as a tool to support the decision-making
process in the mining industry, where efficient resource management and safety are crucial.
The aim of this research is to evaluate its stability under conditions of uncertainty in input
parameters. Through this research, the intention is to assess how reliable and efficient the
method is in real, dynamic conditions, to ensure its further application in decision-making
optimization in the mining industry.

This method consists of two stages. In the first stage, it involves normalization, weight-
ing, and calculating the “magnitude” of a component to identify the optimal alternative and
decompose the alternatives. The second stage applies the concept of perimeter similarity to
setting up the ranking of the alternatives [21]. For upgrading this method, because of the
uncertainty aspect of treating mining problems, simulation is implemented in the method.

In this research, how to select optimal stope parameters and optimal blasting patterns
through mathematical assessment and simulation is presented. It involves the calculation
of nine distinct fan patterns. One of the optimized parameters is stope height, with
three different height values considered in the calculations. Another key parameter for
optimization is burden, which is the distance between the ring plane and the nearest free
face where rock is being blasted [15]. By combining three different burden values with three
different stope heights, a total of nine fan patterns were generated. These nine alternatives
are then compared based on the defined criteria. In this study, five criteria have been chosen
to guide the selection of the best alternative to achieve the desired objectives.

There are many aims that are important to accomplish by applying an optimal blasting
pattern. One of the criteria proposed for evaluation is the compactness index [22] of the fan
blasting pattern, which depends on the area and perimeter of the shape that the proposed
fan blasting pattern takes. This criterion means that the energy is concentrated more,
enhancing the explosion’s efficiency in transferring energy to the rock mass [23]. Another
important aim to achieve in mining processes is to obtain adequate tonnage of the rock mass
form for blasting operations, which can provide a planned capacity for the mining process.
This criterion is difficult to calculate as a crisp value because of the nature of explosions.
This is the reason why simulation is proposed because it allows us to capture the uncertainty
related to the explosion line of a blasted rock mass. The third criterion that is considered as
important in this research is the costs of each alternative. Managing drilling and blasting
costs is important for maintaining profitability in small-scale underground mines, as these
operations typically represent a significant portion of total expenses. Reducing these
costs involves balancing efficiency and resource usage to ensure that mining remains both
sustainable and financially viable. Costs are influenced by market factors, such as the prices
of explosives, drill fuel, consumables, labor, and other related items. Another important
criterion is drilling time because minimizing the time spent on this improves operational
efficiency and increases overall productivity. Like the second criterion, this one can also be
simulated to achieve more precise results, as it is difficult to ensure consistent drilling times
for each drillhole, much less for the entire fan pattern. The uncertainty of this parameter
stems from varying work environment conditions, equipment, operational factors, and
labor force. Uncertainty related to the drilling time duration is quantified through the
simulation process. The fifth criterion that is considered important for this selection process
is achieving the desired fragmentation of the blasted rock mass. The importance of this
aim is because of the practical issues concerning the next operations: loading of the mined
mass, transportation, and milling [24].

The results obtained for the decision-making RAPS process combined with simulation
were tested using an existing methodology. A validity test was conducted using simulation
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and the MCDM method (TOPSIS), and the results are presented in the corresponding
section of this paper.

2. Model of Stope and Fan Pattern Selection
2.1. Methodology of Ranking Alternatives by Perimeter Similarity (RAPS)

A decision-making matrix is a tool designed to assess and prioritize options according
to a specific set of criteria. It helps structure and evaluate choices, leading to more informed
decisions. In this context, there are defined sets of alternatives to choose from, along with
criteria that determine how these alternatives are ranked. Each criterion should have
either a minimum or maximum value, depending on which proper methods can provide
a suitable solution. In this paper, the RAPS method is used for decision making in our
underground mine problem. This method has been upgraded by applying simulation for
some of the criteria that are not strictly defined and are better suited for simulation rather
than being determined as a single fixed value.

To set this task, it is necessary to create the decision-making matrix in the follow-
ing manner:

A/C C C ... (4
Ay xq1 X2 ... Xy
M= [x] = Ay X1 Xpp ... Xy (1)
Ap  Xpl Xm2 .. Xmn
where:
A =[Ay, Ay, ..., Ay]—agiven set of alternatives, where m is the total number of alternatives,
C =[Cy1,Cy,...,Cyl—a given set of criteria, where n is the total number of criteria,
[xij] e, AN assessment of alternative A; with respect to a set of criteria.

In the steps below, how the problem of alternative ranking is solved is shown:

Step 1: Normalization of input data

Each criterion is associated with its own dimension, highlighting the multidimensional
nature of the problem. This makes decision-making more difficult. To simplify the process,
it is necessary to convert the multidimensional space into a dimensionless decision space.
For criteria focused on benefits (max), a specific normalization technique is employed:

Xij . ,
rij=——7—, Vi€[1,2,3...,m|\jE Speeit (2)
max;(x;;)

while for the cost (min) criteria:

min; (x;;
ri':M, Vi€ [1,2,3...,m] AjE Sest 3)
j X
where:

Spenefit—a set of benefit criteria,
Scost—a set of cost criteria.

The outcome of this normalization process is the normalized decision matrix:
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A/C G C ... Gy
A1 r11 12 ... 1’1j

(M) =[ry] . =|A2 T m ... 1 (4)
Am  Tml Tm2 oo Tmn

Step 2: Weighted normalization
For each normalized assessment r;; do the weighted normalization as follows:

Lli]‘ = wjrij/ Vi e [1,2,3...,11’[}, V] S [1,2,3...,?1} (5)

The result of the weighted normalization process is the weighted normalized matrix.

A/C C C ... C,
A1 U1 Ui ... ulj

U= uy), = Ay up uxp ... Uy (6)
Am  Upl Uy ... Umn

The standard deviation [25] is used to assign the weights of criteria and reduce subjectivity.

%]

(7)

W= [wl,wz,...,wj] =

= 5

0"‘
1]j

It
L= S

j j

0; is the standard deviation of the normalized matrix shown in Equation (4).
To verify the accuracy of the criteria weight assignments, it is sufficient to sum all the
weights; this total must equal 1.

Step 3: Optimal alternative determination
Each element of the optimal alternative is determined as follows:

qj:max(uijflgjgn),‘v’ie 1,2,3,...,m] 9)
Optimal alternative is represented by the following set:
Q:{qqu2/q3/”'rqj}/j:1/ 2/ 3-"/7/1 (10)

Step 4: Decomposition of the optimal alternative
This step involves decomposing the optimal alternative into two subsets or compo-
nents. The Q set can be represented as the union of these two subsets:

Q — Qhenefit U Qcost (11)

If k is the total number of benefit criteria, then I=n—Xk is the total number of cost criteria.
Hence, the optimal alternative is defined as:

Q=1{91,92,93-- ., 9k} Y{91, 92,93 - - -, 41} (12)

Step 5: Decomposition of the alternative
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Similar to Step 4, we perform decomposition of each alternative:
g cbenefit cost .
Y, =U; uup, vie(1,2,3...,m] (13)
Ui = {un, u,uiz .. e} U{up, uig, iz - u b, Vi€ [1,2,3...,m] (14)

Step 6: Magnitude of the component
The magnitude for each component of the optimal alternative is calculated as defined by:

Q= \/q% + 33+ 3.+ 3 (15)

Qu=\/B+B+B-+a, (16)

For each alternative, the same approach can be applied:

Uy = \/”121 +ud +uk ... 4 u, Vie[l,2,3.,m] (17)

Uy = \J12, + 1y + 0.+ 1y, Vi€ [1,2,3.,m] (18)

In the next step, the method is illustrated to show how it ranks the alternatives. This
method relies on the similarity between the perimeter of the optimal alternative and that of
the other alternatives.

Step 7: Ranking the alternatives by perimeter similarity (RAPS)

The perimeter of the optimal alternative is shown as the perimeter of the right angle
triangle. Components Q; and Qj, represent the base and the perpendicular side of the

P=Qr+Qu+/QRP+Q2 (19)

The perimeter for each alternative is determined using the same method:

triangle, in that order:

P; = Uy + Uy, + /U3 + U3, (20)

Perimeter similarity is defined as the ratio between the perimeter of each alternative
and that of the optimal alternative:

P:
PSZ':?', Vie[l,2,3...,m] (21)
The alternatives are now arranged in descending order based on PS;.

Figure 1 shows the flow chart of the process for working the RAPS method,
described above.
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Input decision

making matrix

v
. — Best alternative
Weighted normalization determination
|
\
Decomposition
of alternatives
v
Maghnitude of
component

Figure 1. Flow chart of the RAPS method.

2.2. Simulation of the Selection Process

To determine the optimal parameters of the stope and blasting pattern, there are many
aspects to consider for providing the required production capacity and optimal working
conditions. In this paper, how to simultaneously select an optimal stope and fan pattern in
an underground mine where exploitation of Bauxite is conducted is shown. The extraction
of ore from rock mass is conducted through fan drilling and blasting. Fan blasting is
important for the efficiency of ore extraction, influencing the fragmentation quality, and the
overall stability of the underground mine. The research focuses on optimizing the height of
the stope and key blasting parameters for selecting the best alternative to achieve better
productivity. By employing a combination of MCDM, numerical simulations, empirical
experience, and analysis, the study shows the optimal configurations for enhancing ore
recovery while maintaining optimal time and minimizing costs. The paper concludes by
presenting practical recommendations for the application of these optimization techniques
in diverse underground mining situations, especially for small-scale mines.

In Figure 2, an example of a fan blasting pattern is shown where:

H is the height of stope,

h is width of the stope,

xp and y; represents drilling limits for blastholes,
wy and hy are dimensions of production drift, and

b is burden.

Because of safety and to obtain the cleanest possible ore, meaning minimal dilution, a
protective roof of one meter thickness is left intact and is not blasted and 0.8 m on the right
side of the stope.

In this research, nine different fan patterns are calculated. The height of the stope (H
in Figure 2) is one of parameters that is optimized. In this case, there are three different
values of height that are entered into calculation. Another important parameter considered
for optimization is burden (“b” value shown in Figure 2, cross section B-B’). Burden refers
to the distance between the ring plane and the nearest free face where the rock volume is
being blasted [15]. Combining three different values of burden and three different values
of height of stope, nine fan patterns are gathered, and they represent our nine alternatives,
which are compared with criteria described in the next paragraphs.
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hy hy

Xb

Figure 2. Fan blasting pattern.

To achieve the desired aims, five criteria were selected to guide the process of choosing
the best alternative. The first criterion, C1, is the compactness index [22], and it is defined
as the ratio of the square perimeter of the shape to the area covered by blastholes of the fan
blasting pattern. The compactness index is defined as tending to the minimum. This means
that the energy is more concentrated, making the explosion more efficient at transferring
energy to the rock mass [23].

The equation for calculating compactness is:

C=—+ (22)

where:

C—compactness,
S—surface of figure, which is defined by blastholes of fan pattern, m?,
P—perimeter of figure, which is defined by blastholes of fan pattern, m.

Ci = |16 —C| (23)

A compactness value of 16 is obtained from the ratio of the perimeter and area of a
square, to which the compactness of the fans, in our example, also tends.

The next criterion, C2, that is considered in this research is tonnage. Tonnage is
obtained as the product of the height and width of the stope, the adopted burden (b) and
the bulk density of mined ore. The quantity of the mined ore is calculated as follows:

O = (x-y — wy-hq)-b-y (24)

where:

x—is width of explosion line, m,
y—is height of the explosion line, m,
wy—width of production drift, m,
h;—height of production drift, m,
b—burden, m,

y—Dbulk density of mined ore, #
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Product “xy” represents the mined area, while product “w;h;” represents the area
of production drift. We implemented a simulation approach to define the position of the
explosion line along the x and y axes separately. The position of the line along the x-axis is
x€(xp, h). One possible position can be defined by the following equation:

x = xp+ Ax (25)
where Ax is governed by the normal distribution of the following form:
Ax ~ N(p,0) (26)
The parameter p is the expectation of the distribution, and it is defined as follows:

xp+h
= 27)

The standard deviation of the distribution can be defined by the following equation:
o =k(h—xp) (28)

where k is the coefficient, which takes the values of 0 < k < 0.5.

The simulation approach enables us to capture uncertainty related to the position
of the explosion line along the x-axis. The same approach is applied to the position of
explosion line along the y-axis, and the simulation equation is presented as follows:

yp+H
2

y=yp+Ay =y, + N( ke (H—yp)) (29)

A graph of the one possible position along the x and y axes is presented in Figure 3.

Posslble posltion of Exploslon line along y-axis

Possible position of Explosion line along x-axis

//% Posslble mined area

\

Xp

h

Figure 3. Graph of the one possible position along the x and y axes.

Finally, the uncertain value of criterion C2 expressed by Equation (24) is defined by
the following equation:

0" = ({34 N (2, k=) )ty N (P52 ket =) ) ) =) oy @0
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The boundary of breaking rock from the mass is somewhere between y;, and H at the
top and between x;, and h on the right side of the stope. A total of 500 simulations were
conducted, and the results of each simulation were analyzed using the RAPS method to
rank the alternatives. Finally, all rankings were aggregated, yielding a comprehensive final
ranking and identifying the optimal solution.

The third criterion, C3, used for evaluating the proposed alternatives is the cost of
drilling blastholes and explosives for each alternative. To support sustainability in small-
scale underground mines, managing drilling and blasting costs is important for sustaining
profitability, as these operations typically are a significant part of total expenses. Refining
these costs requires finding a balance between maximizing efficiency and using resources
appropriately, ensuring that mining activities stay both sustainable and economical. Based
on this, the C3 criterion should be minimized. Cost depends on market conditions, namely
the purchase price of explosives, drill fuel, consumables, labor, etc.

The time criterion, C4, for selecting the best blasting pattern in an underground
mine refers to the duration of the drilling operation. This is especially important because
reducing the time spent on these tasks leads to improved operational efficiency and greater
overall productivity. Similar to the second criterion, this criterion can also be simulated
to obtain more precise results, as it is difficult to maintain the same drilling time for each
drillhole individually, let alone for the entire fan pattern. The uncertainty of this parameter
depends on the different conditions of the working environment, equipment, operational
conditions, labor force, etc. This is why simulation is used to describe uncertainty related
to the duration of this activity, in simple terms, the drilling time. This is shown in the
next equation:

T" =t+ At (31)

where:

T"—artificial value of time created by simulation, minutes,
t—calculated value needed for drilling one fan pattern not burdened by uncertainty, minutes.

At is governed by the normal distribution of the following form:
At ~ N(p,0) (32)

where:

pu—calculated value needed for drilling one fan pattern t,
o—the standard deviation of the distribution that can be defined by the following equation:

o =k-(t) (33)

where k is the coefficient, which takes the value of 0.1 or 10 percent of the calculated value.
The value of the coefficient is adopted according to the experts’ knowledge.

The fifth criterion, C5, for selecting the optimal blasting pattern is fragmentation.
Poor fragmentation of blasted rock significantly impacts the costs associated with the later
production stages following primary blasting. The desired fragmentation is determined
by the equipment used for crushing the blasted material. The size of the rock fragments
depends on factors, such as site characteristics, blasting design, and explosive power. In
this context, it is difficult to precisely predict the size of the fragments. Therefore, the values
used in the calculation are approximate estimates of the largest rock fragments resulting
from the blasting process. It is also important to avoid oversized pieces to prevent the need
for additional crashing, as this significantly affects production efficiency.

According to the criteria described above and the defined number of alternatives (nine)
it is necessary to create a decision-making matrix with uncertainty. Uncertainty in the
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decision-making matrix arises when values for criteria C2 and C4 are not crisp. For setting
this task, it is necessary to create the decision-making matrix in the following manner:

[A/C ¢ Cy Cs Cy Cs
Aq X11 X2 ~ xﬁ‘z X13 X4 ~~ X%4 X15
Ay Xo1 X ~ Xy, X3 Xp4 ~ Xby  X25
A3 X311 X3 ~ X3, X33 X34 ~ X5, X35

M — [x”};w _ i4 Xg1 X4 ™~ X%Z X43  Xg4 ~ x%; X45 (34)

5 X51 X52 ™~ Xgp X53 X54 ™~ X4 X55

Ag  Xe1 Xep ~ Xg, Xe3 Xea ~ Xgy  Xe5

A7 X71 Xpp ~Xpy X73 Xya ~ Xgy  X75

Ag  Xg1 Xgp ~ Xg, Xg3 Xg4 ~ Xg4 X§5

Ag  Xg1 Xgp ~ Xg§, X93 Xog ~ Xgy X5 |

For simulation s = 1, the uncertainty matrix is of the following form:

[A/C ¢ C2 Cs Cy Cs
A xnn xpp ~ x5l oxz xn ~ xS x5
Ay x; xpp ~ xS0 xp3 xou ~ XS o5
Az X3 xmp ~xSl xz xa o~ Xy X

M= — [xij];jé _ 34 Xq1 Xap xz;z X43  Xag ~ xz;z X45 (35)
5 X51 X52 ™~ X5 X53  X54 ™~ Xgg o X55

Ag  Xel Xe2 ~ X5 X3 Xea ~ Xigl Xes
A7 xp xp ~ XY X7 xma ~ XS x7s
As  xs1 X ~ X5, . Xg3 Xsa ~ Xl Xss

| A9 xo1 xop ~x§51 Xoz  Xog ~ X571 o5 |

s=1

9y 5 the perimeter similarity

Applying the RAPS algorithm over matrix M*=! = [x;j]
vector is obtained: ~ _
psi~!
PS5t
PS5~
ps;!
PSi=d = | Psg! (36)
psg™!
pss~1
psy!
(PS5

According to the descending order of the obtained perimeter similarities, for s = 1, we
get the rank of defined alternatives, which are presented by the vector:

Ay Rie[L2,...,9]"
Ay Ry € [1,2, .,9]
Az R3z € [1,2, .,9]
Ay Ry € [1 2 ..,9]
Ry = |As Rs€[1,2,...,9 (37)
Ag Rg € [1 2 .,9]
Ay, Ry € [1,2, .,9]
Ag Rg € [1,2, .,9]
Ay Ry €[1,2,...,9]
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After a defined number of simulations s =1, 2, ..., S, we can create the total space of
ranks in the following way:

Ay RTUORST? L. RSO
Ay, RN RS2 L. RSO
As R§TY OR§T?2 ... RS
Ay R{Y ORT? LRSS
RZy% %= |As R&' RE2 ... RES (38)
Ag RZ' RET? ... RS
A7 RF' RS2 ... RYS
Ag R§™' R§? ... RS
| A9 R§™' R$T2 ... RS

The next step concerns summing up the elements of the ith row according to the equation:
S
Ri=) R}, Vie [12,...,9 (39)
s=1
Finally, the best alternative is defined by the following criteria:
(s s s S
Abest—mm{ZRi YR, YR ... ¥ R;} (40)
s=1 s=1 s=1 s=1

In Figure 4, the simulation process for n number of simulations is presented, showing
the various stages and steps involved in running the simulation, including the input of
initial data.

s=1 s=2 s=S
~H
~Al
A
~Hl
b |
b |
b |
b |
b |

Figure 4. Simulation process.
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3. Numerical Example

In this research, a hypothetical example of an underground mine is used to show the
upgrade of the RAPS method with simulations, which are used because of uncertainty
in some aspects of production. The numerical values applied in this study are based on
real input data, in this case, data related to underground exploitation. This underground
mine is considered a small-scale mine with an annual capacity of 100,000.00 tons of bauxite.
The mining method that is used in this mine is called sublevel stoping. The selection of
this method considered all relevant mining and geological parameters and exploitation
conditions, as well as other technical and technological factors affecting extraction.

In this method, extraction is retreating, starting from the end of the production level
and generally advancing toward the opening of the level, which is the transportation level.
Bauxite extraction is conducted through fan drilling and blasting. The purpose of drilling
blastholes is to allow the placement of explosives in the part of the rock mass that is planned
for disintegration. It is important to emphasize that this is a small-scale mine, and such op-
timization plays a significant role in improving the mine’s operations, particularly in terms
of enhancing production efficiency and ensuring its long-term sustainability. Selecting
suitable drilling and blasting parameters in small-scale mining is important for enhancing
operational performance, lowering costs, and supporting safety. Proper planning of these
operations is essential for reducing risks to worker safety and preserving the integrity of
underground structures, which is particularly important in sensitive mining environments.

Blasthole drilling can either be semi-mechanized with manual hammers or fully
mechanized using a range of drill rigs. Equipment that is available can provide the drilling
of blastholes with a diameter range of & 41-45 mm. The bulk density of rock that is drilled
is 2.54 # For blasting, explosives in patrons are used. To obtain the finest possible bauxite,
i.e., for as little dilution as possible, a 1-m-thick protective layer is left on the roof of the
earlier work, which is not mined, temporarily keeping the waste rock from the old work.

Nine different fan patterns are calculated for this study. The height of the stope is one
of parameters that is optimized. In this case, there are three different values of height that
are entered into calculation. Another important parameter considered for optimization are
the length of blastholes and burden. These two parameters affect the energy distribution
from the explosives and the fragmentation size. Patterns and their geometrical parameters
are shown in the next Table 1, and schemes of all proposed blasting patterns are shown in
Figure 5.

Table 1. Parameters of fan patterns.

Alternatives  Total Length of Blastholes, m Burden, m Total Height of Stope, m

Al 21.8 1.5 8
A2 26.5 1.8 8
A3 29.5 2.0 8
A4 30.5 1.5 9
A5 33.7 1.8 9
A6 38.8 2.0 9
A7 38.5 1.5 10
A8 38.1 1.8 10

A9 441 2.0 10
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Figure 5. Schemes of proposed stope heights and fan patterns A1-A9 with corresponding geometry
parameters.

The proper choice and coordination of all parameters are important for a successful
mining operation. If any of these parameters are unsuitable or do not align with other
geometric factors, the blast may result in poor fragmentation, environmental damage, or
increased exploration costs. Therefore, it is necessary to ensure that all parameters are
correctly aligned to keep a smooth and efficient exploitation process.

To achieve the desired aims in this example, five criteria have been selected to guide
the process of choosing the best alternative. These criteria values for suggested alternatives
are shown in the next Table 2. Values presented in the next table are calculated (ideal)
values, without taking uncertainty into account.
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Table 2. Calculated values of criteria for the selection of alternatives without uncertainty.
Drilling Time Fragmentation
Alternative Compactness Index Tonnage,t Cost, €/fan Pattern . 1—Bad, 2—Medium,
(Minutes)
3—Good
Al 4.46 151.02 650.00 106.35 2.00
A2 5.09 181.22 705.60 128.94 3.00
A3 4.45 201.36 774.00 141.02 1.00
A4 4.42 179.59 810.00 145.01 3.00
A5 3.98 21551 834.00 157.98 1.00
A6 4.42 239.46 892.80 182.94 3.00
A7 4.15 208.17 954.00 176.97 2.00
A8 3.67 249.80 993.60 177.80 1.00
A9 4.15 277.56 1068.00 204.33 3.00

In Table 3, the input decision matrix is shown, with corresponding targets for each
criterion, i.e., min or max target. Criteria C1, C3, and C5 are of deterministic values for
each alternative, while C2 and C4 are burdened by uncertainty. The simulation of C2 is
conducted, and 500 values for each alternative are created. It means that the total number
of simulations is 500. Criterion C4 is obtained the same way. This criterion is simulated by
the normal distribution with the mean value and corresponding standard deviation. The
deviation is based on the expert’s knowledge, and the value is 10% of the mean value.

Table 3. Input values for decision matrix, s = 1.

Criterion/ C1 C2 C3 4 C5
Alternative min max min min max
Al 4.4559 166.0871 650.0000 109.3835 2.0000
A2 5.0858 205.7918 705.6000 136.2610 3.0000
A3 4.4475 219.1037 774.0000 152.8601 1.0000
A4 4.4155 193.1554 810.0000 164.3363 3.0000
A5 3.9803 208.7047 834.0000 175.8313 1.0000
A6 4.4180 231.1049 892.8000 172.7319 3.0000
A7 4.1500 204.8728 954.0000 192.7527 2.0000
A8 3.6724 238.9781 993.6000 177.7501 1.0000
A9 4.1482 290.1105 1068.0000 229.7601 3.0000

One possible simulation scenario of input data is presented in Table 3.

The next step of this method is normalization of the matrix shown in Table 3. The
normalization process is conducted by applying Equations (2) and (3) depending on when
the min or max criterion is involved. The normalized values of the above matrix are shown
in Table 4.

After normalization of input data, the normalized matrix is weighted. As mentioned
above, the standard deviation is used to assign the weights of criteria. This method also
contributed to reducing subjectivity in this decision-making process. The obtained values
of weights are shown in Table 5 and the diagram in Figure 6.

The next step in this process, shown in Table 6, is weighting the normalized matrix
shown in Table 4.

Determining the optimal alternative by applying Equations (9) and (10) is the next
step, and the result is shown in Table 7.
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Table 4. Normalized matrix.
Criterion/ C1 Cc2 C3 C4 C5
Alternative min max min min max
Al 0.8242 0.5725 1.0000 1.0000 0.6667
A2 0.7221 0.7094 0.9212 0.8027 1.0000
A3 0.8257 0.7552 0.8398 0.7156 0.3333
A4 0.8317 0.6658 0.8025 0.6656 1.0000
A5 0.9227 0.7194 0.7794 0.6221 0.3333
A6 0.8312 0.7966 0.7280 0.6333 1.0000
A7 0.8849 0.7062 0.6813 0.5675 0.6667
A8 1.0000 0.8237 0.6542 0.6154 0.3333
A9 0.8853 1.0000 0.6086 0.4761 1.0000
Table 5. Weights of criteria obtained by applying the standard deviation.
Weight w1 wy w3 wy ws
w 0.0986 0.1517 0.1626 0.1928 0.3944
Weights
0.45 0.3944
0.4
0.35
03
0.25
0.2
0.15
0.1
0.05
0
Weights wl w2 w3 w4 w5
Criterion 1 C2 3 ca Cs
= Weights 00986 01517 01626 = 01928 03944
Figure 6. Graph of standard deviation-obtained weights.
Table 6. Weighting of the normalized matrix.
Criterion/ C1 Cc2 C3 C4 C5
Alternative min max min min max
Al 0.0813 0.0868 0.1626 0.1626 0.2629
A2 0.0712 0.1076 0.1497 0.1305 0.3944
A3 0.0814 0.1146 0.1365 0.1163 0.1315
A4 0.0820 0.1010 0.1304 0.1082 0.3944
A5 0.0910 0.1091 0.1267 0.1011 0.1315
A6 0.0820 0.1208 0.1183 0.1029 0.3944
A7 0.0873 0.1071 0.1108 0.0922 0.2629
A8 0.0986 0.1250 0.1063 0.1000 0.1315
A9 0.0873 0.1517 0.0989 0.0774 0.3944
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Table 7. Optimal alternative.

Optimal

Alternative/ C1 C2 C3 C4 C5
Criterion

min max min min max
11 9, q3 94 qs
Q 0.0986 0.1517 0.1626 0.1626 0.3944

Tables 8 and 9 present the decomposition of the optimal alternative and decomposition
of all alternatives in this example.

Table 8. Decomposition of optimal alternatives.

Optimal
Alternative/ C1 C2 C3 C4 C5
Criterion
min max min min max
11 q q3 94 qs
Qmax 0.1517 0.3944
Qmin 0.0986 0.1626 0.1626

Table 9. Decomposition of alternatives.

Criterion/ 1 C2 3 C4 C5
Alternative min max min min max
11 92 q3 qy qs

Al Qmax 0.0868 0.2629
Al Qmin 0.0813 0.1626 0.1626

A2 Qmax 0.1076 0.3944
A2 Qmin 0.0712 0.1497 0.1305

A3 Qmax 0.1146 0.1315
A3 Qmin 0.0814 0.1365 0.1163

A4 Qmax 0.1010 0.3944
A4 Qmin 0.0820 0.1304 0.1082

A5 Qmax 0.1091 0.1315
A5 Qmin 0.0910 0.1267 0.1011

A6 Qmax 0.1208 0.3944
A6 Qmin 0.0820 0.1183 0.1029

A7 Qmax 0.1071 0.2629
A7 Qmin 0.0873 0.1108 0.0922

A8 Qmax 0.1250 0.1315
A8 Qmin 0.0986 0.1063 0.1000

A9 Qmax 0.1517 0.3944
A9 Qmin 0.0873 0.0989 0.0774

Table 9 represents the decomposition of each alternative for this process, which aims
to obtain the best solution to our above-described problem.

By applying Equations (15) and (16), the next table is gained. Values in Table 10
represent the magnitude of the optimal alternative and other alternatives.
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Table 10. Magnitude of the optimal alternative and each alternative.

Max Min
Optimal Alternative 0.4225 0.2502
Al 0.2769 0.2438
A2 0.4088 0.2110
A3 0.1744 0.1970
A4 0.4071 0.1883
A5 0.1708 0.1859
A6 0.4125 0.1770
A7 0.2839 0.1685
A8 0.1814 0.1762
A9 0.4225 0.1530

The final step of this process is to calculate the perimeter similarity of each alternative,
that is presented in Table 11 and obtain the ranking according to the descending order. This
step has been, as with all other steps, calculated 500 times, for each simulation.

Table 11. Perimeter similarity calculation of each alternative.

Max Min Perimeter Perimeter Similarity
P=Q,+Q,+\/Q*+Q?
3" 3’1 QuctQucty Qi+ Qi PS;=% vie[1,2,.. ,m]
ik i Pi=U+Uj+ | UG+ U3,
Q 0.4225 0.2502 1.1637
Al 0.2769 0.2438 0.8897 0.7645
A2 0.4088 0.2110 1.0798 0.9279
A3 0.1744 0.1970 0.6344 0.5452
A4 0.4071 0.1883 1.0439 0.8970
A5 0.1708 0.1859 0.6092 0.5235
A6 0.4125 0.1770 1.0383 0.8922
A7 0.2839 0.1685 0.7825 0.6724
A8 0.1814 0.1762 0.6104 0.5245
A9 0.4225 0.1530 1.0249 0.8807

The final ranking of alternatives has been formed in descending order as the sum of
all ranks for each alternative. The final rank and the optimal alternative are then presented.

Final ranking by the perimeter similarity of all alternatives is shown in the equation
below. Summing of all ranks for each alternative in this simulation process is presented
and shown in descending order. The smallest sum is the best alternative.

[PS5=1 = 0.7645]
PS5~ = 0.9279
PS§~! = 0.5452
PS5t = 0.8970
PSi=y = | PSs™! = 05235 (41)
PST! = 0.8922
PS5t = 0.6724
PSg~! = 0.5245
| PS5=! = 0.8807
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According to the descending order of the obtained perimeter similarities, for s = 1, we

get the rank of defined alternatives, which are presented by the vector:

!
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Figure 7 illustrates the ranking of alternatives for s = 1.
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Figure 7. Ranking of alternatives for s = 1.
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After defining the number of simulations s =1, 2, ..., 500, we can create the total space

of ranks in the following way:

s=1,2,..., 500 _
Ri_g = |45

R~
R$™!
R§!
R
R
R
R
R§!
R

s=1,2,..., 500 __
R = | 4s

R§=2
R5=2
R§™2
Ry
RE™2
RE=2

=~ 00 O W O N I —~ U
W O Nk NP 0N G

Ri =500
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Mathematics 2025, 13, 786 20 of 28

In Tables 12-14, the distribution of rankings of all alternatives for 100-500 simulations
is shown.

Table 12. Distribution of rankings of all alternatives after 100 and 200 simulations.

100 Simulations 200 Simulations
RT R2 R3 R4 R5 R6 R7 R8 R9 R1 R2 R3 R4 R5 R6 R7 R8 R9

Al 0 0 0 0 100 O 0 0 0 0 0 0 0 200 O 0 0 0
A2 95 5 0 0 0 0 0 0 0 188 12 0 0 0 0 0 0 0
A3 0 0 0 0 0 0 53 28 19 0 0 0 0 0 0 102 56 42
A4 3 57 19 21 0 0 0 0 0 9 108 44 39 0 0 0 0 0
A5 0 0 0 0 0 0 18 33 49 0 0 0 0 0 0 41 68 91
Ab 1 28 44 27 0 0 0 0 0 1 52 93 54 0 0 0 0 0
A7 0 0 0 0 0 100 O 0 0 0 0 0 0 0 200 O 0 0
A8 0 0 0 0 0 0 29 39 32 0 0 0 0 0 0 57 76 67
A9 1 10 37 52 0 0 0 0 0 2 28 63 107 O 0 0 0 0

Table 13. Distribution of rankings of all alternatives after 300 and 400 simulations.

300 Simulations 400 Simulations
RT R2 R3 R4 R5 R6 R7 R8 R9 R1 R2 R3 R4 R5 R6 R7 R8 R9
Al 0 0 0 0 300 0 0 0 0 400

o
o
o
o
o
o
o
o

A2 280 20 0 0 0 0 0 0 0 372 26 2 0 0 0 0 0 0
A3 0 0 0 0 0 0 154 88 58 0 0 0 0 0 0 204 115 81
A4 15 163 66 56 0 0 0 0 0 21 211 9 73 0 0 0 0 0
A5 0 0 0 0 0 0 65 114 121 O 0 0 0 0 0 87 157 156
A6 3 77 138 82 0 0 0 0 0 4 107 176 113 O 0 0 0 0
A7 0 0 0 0 0 300 0 0 0 0 0 0 0 0 400 O 0 0
A8 0 0 0 0 0 0 81 98 121 O 0 0 0 0 0 109 128 163
A9 2 40 96 162 O 0 0 0 0 3 56 127 214 O 0 0 0 0
Table 14. Distribution of rankings of all alternatives after 500 simulations.
500 Simulations
R1 R2 R3 R4 R5 R6 R7 R8 R9

Al 0 0 0 0 500 0 0 0 0

A2 458 37 4 1 0 0 0 0 0

A3 0 0 0 0 0 0 250 149 101

A4 30 259 124 87 0 0 0 0 0

A5 0 0 0 0 0 0 118 186 196

A6 6 134 216 144 0 0 0 0 0

A7 0 0 0 0 0 500 0 0 0

A8 0 0 0 0 0 0 132 165 203

A9 6 70 156 268 0 0 0 0 0

Based on the distributions of ranking alternatives presented in Tables 12-14, it can
be seen that similar results are achieved with 100 or more simulations. This consistency
suggests that increasing the number of iterations is unlikely to lead to significantly different
outcomes, affirming the robustness of the method used. In line with the aim of selecting
the optimal alternative, Table 15 shows the percentage share of rankings for all alternatives
if they appeared in first place, as the optimal solution.
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Table 15. Percentage share of rankings R1 for every 100 simulations up to 500 for each alternative.

Percentage Share 100 Simulations 200 Simulations 300 Simulations 400 Simulations 500 Simulations

Al
A2
A3
A4
A5
Ab
A7
A8
A9

0.00 0.00 0.00 0.00 0.00
95.00 94.00 93.33 93.00 91.60
0.00 0.00 0.00 0.00 0.00
3.00 4.50 5.00 525 6.00
0.00 0.00 0.00 0.00 0.00
1.00 0.50 1.00 1.00 1.20
0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00
1.00 1.00 0.67 0.75 1.20

In summing the elements of each row in Equation (44), we obtain the best alternative
according to the following criteria:

S

S S S S S S
Appst = min { Y, R§ =2500) R3 =548 ). RS =3851) R} =1268Y RE =4078 ) RS = 1498 ). RS = 3000
s=1 s=1 s=1 s=1 s=1

s=1 s=1 (45)

S S
Y Ry =4071) RS = 1686}
s=1 s=1

Based on the obtained results of the sum of rankings for all evaluated alternatives,
we can conclude that the best solution is the one with the lowest rank sum. In this case,
alternative A2 has the lowest rank sum, making it the preferred choice. The second-best
choice, based on the sum of rankings, would be alternative A4. On the other hand, the least
favorable alternative in our numerical example is the alternative with the highest sum of
ranks, which, in this case, is alternative A5. This shows that alternative A5 is the worst
solution among the evaluated options. Figure 8 shows flow charts of the distribution of
ranks for each alternative.

Al A2
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500 400
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200 200
0 5 o o o 0o 0 0 o 100 % 4 1 o o0 o o o
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Figure 8. Cont.
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Figure 8. Distribution of ranks for each alternative A1-A9 (RAPS simulation method).

o
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4. Validity Test of Simulation of the RAPS Method

The reliability and effectiveness of decision-making methods is important in improving
complex processes. The validity of the RAPS method has been evaluated [21] using
examples from research [26,27] using MCDM methods to evaluate 14 rooms according to
6 criteria for inside climate evaluation. The results of ranking rooms obtained with the
RAPS method were compared with results obtained from other MCDM methods, and
correlation coefficients are shown in Table 16.

Table 16. Correlation coefficients for different methods [21].

Correlation RAPS

TAOV ARAS SAW TOPSIS COPRAS VIKOR WASPAS ELECTRE

RAPS -

0.89 0.95 0.88 0.96 0.96 0.80 0.95 0.78

In Table 16, the RAPS method shows a high degree of correlation with other MCDM
methods. RAPS has the least correlation with ELECTRE. Three methods have a correlation
coefficient between 0.80 and 0.89, while the other four have correlation coefficients with
RAPS over 0.9 or higher.

To ensure the accuracy of the proposed methodology with numerical examples pre-
sented in this paper, a validity test was conducted using TOPSIS (technique for order
preference by similarity to ideal solution combined with simulation) method.

For this validity test, we used the same input data as for the RAPS method. The
simulation that is described above and implemented in the RAPS method is applied in
the TOPSIS method to obtain the best solution for this decision-making process. After
the application of TOPSIS on our numerical example, 500 ranks orders of alternatives are
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obtained. These ranks are summed up and, in the same way as in our developed model,
are ranked in ascending order. This is how the final rank is obtained. The next step in this
test is the calculation of the correlation between our developed model and TOPSIS. The
sum of rankings of alternatives by TOPSIS obtained after 500 simulations are:

S S S S S S S
Apest = min { Y, R =2506) R, =733) R} =3743), R; =1113). RZ =4093 ) R} =1274) R3 =2992
s=1 s=1 s=1 s=1 s=1 s=1 s=1 (46)
S S
Y. Rg=4164) R§ = 1882}
s=1 s=1
These rankings for each alternative individually are present in Figure 9.
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Figure 9. Flow charts of simulation-obtained rankings for each alternative A1-A9 (TOPSIS simula-
tion method).
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The results obtained by the TOPSIS simulation method, after 500 simulations, by
summing all ranks of each alternative and sorting them in ascending order, show A2 as the
optimal alternative, which is the same result obtained using our proposed methodology.
The next best alternative according to the TOPSIS simulation method is A4, which also
matches the second-best solution for our proposed methodology. The least adequate
alternative according to the TOPSIS simulation method is A8, compared to our result,
which is A5. The ranking results only differ in two positions of the alternatives when
comparing both processes. A comparison of the results obtained from both methodologies
is shown in Figure 10.

e=@un RAPS «=@==TOPSIS

Al
10
A9 8 A2
6
A8 A3
A7 Ad
A6 A5

Figure 10. Comparative analysis of RAPS and TOPSIS final ranking.

After obtaining the results from these two methods combined with simulations, the
correlation coefficient is calculated. Initially, this coefficient is calculated for each ranking
order within every individual simulation. Once all individual coefficients are determined,
the overall correlation coefficient is then calculated, providing a validation of the proposed
model with the well-known TOPSIS method.

The accuracy parameter based on Pearson’s [28] coefficient of correlation can be used
to check the validity of the proposed methodology.

The expected value of the correlation coefficient between RAPS simulation and TOPSIS
simulation is 0.9833. The correlation between RAPS and TOPSIS, according to Selvanathan
et al. [29], belongs to the “very high correlation”. The distribution of coefficients of correla-
tion of each simulation for RAPS and TOPSIS is shown in the histogram in Figure 11.
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Figure 11. Histogram of correlation coefficients for all 500 simulations.
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5. Discussion

In this paper, the RAPS method is employed for selecting optimal solutions in ad-
dressing the challenges of a presented underground mine problem. Simulation is proposed
to apply to some of the criteria that are not rigid or deterministic, meaning these criteria
do not have a fixed value. In this numerical example, two criteria are more accurately
represented through simulation. This modification of ranking alternatives by perimeter
similarity makes the method more flexible and more convenient for facing uncertainty in
the decision-making process.

This paper demonstrated how to optimize stope production in a small-scale under-
ground mine where bauxite is being extracted. In small-scale mines like this one, it is
very important to improve the mine’s operations, particularly in enhancing production
efficiency and, in that way, ensuring long-term sustainability.

For this hypothetical example, with an annual capacity of 100,000.00 tons of bauxite,
nine different fan patterns are proposed, with three different stope heights and burden from
which to select. Drilling and blasting represent very important operations for production
in most of the mines because their purpose is to separate ore from the rock mass. The
appropriate selection of all parameters is crucial for a successful mining operation. If
any parameter is unsuitable with other geometric factors, the blast may lead to poor
fragmentation, environmental issues, or higher exploration costs. Therefore, ensuring
proper selection of all parameters is essential for maintaining an efficient extraction process.

After defining alternatives, five criteria important to this evaluation process were
chosen. Criteria selected as adequate for this process are the compactness index of fan
pattern, tonnage gathered from one blasting, cost of each pattern, drilling time for total
length of the blastholes in each alternative, and fragmentation of mined ore. Every criterion
is important for a specific aspect of ore extraction and should be given a very high level
of attention.

The presence of uncertainty in this process has led us to develop an appropriate
methodology to carry out the decision-making process in the most efficient way possible.
Two criteria (C2 and C4) were simulated and combined with steps of the RAPS method, to
rank the alternatives. The simulation process was conducted 500 times, and therefore, we
obtained 500 rankings for each alternative. Summing up the results of the ranking for each
alternative and after arranging all those sums in ascending order, the final rank is obtained.

To validate our proposed methodology, we applied the TOPSIS method to the same
numerical example with simulation of the same criteria (C2 and C4). The results were
obtained the same way as in the RAPS method; first, 500 rankings of each alternative are
summed and then arranged in ascending order to obtain the final ranking. These results
show A2 as the optimal alternative, which is the same result obtained using our proposed
methodology. The next best alternative according to the TOPSIS simulation method is
A4, which also matches the second-best solution of our proposed methodology. The least
adequate alternative according to the TOPSIS simulation method is A8, compared to our
result, which is A5. The ranking results only differs in two positions of the alternatives
when comparing both processes.

The results of comparative analyses between the results of RAPS simulation and
TOPSIS simulation, described by the linguistic variables, have shown that correlation is
“very high”. The stability of the proposed methodology is evident, and with a correlation
coefficient of 0.9833, it can be confirmed that this approach is applicable to the described
mining problem.
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6. Conclusions

This research involved an MCDM method to evaluate and prioritize options when
there are multiple factors to consider. When making decisions under uncertainty, such
as optimizing the stope and fan pattern in underground mining, especially small-scale
mines like the one presented in this research, it is important to consider both economic and
production factors. This paper demonstrated the use of simulations combined with the
RAPS method for stope and fan pattern selection in an underground bauxite mine.

In the previous part of this research, nine different fan patterns were proposed. For
each of them, five criteria were determined. After simulating two criteria and implementing
them in the RAPS method along with the other three criteria with fixed values, the optimal
alternative is selected. As the optimal alternative, after summing all rankings, A2 is
selected in this example. This alternative has a total length of blastholes of 26.5 m, burden
of 1.8 m, and height of the stope of 8 m, making it an ideal fan pattern for this bauxite
production in an underground mine. The proposed methodology is stable, and with a
correlation coefficient of 0.9833, it can be concluded that this methodology is applicable to
our mining problem.

The proposed algorithm is developed using Microsoft Excel, keeping in mind that
most mining engineers already use Excel daily. This familiarity with Excel allows for
seamless integration of the developed method into their routine workflows.

The model is not closed and can be expanded to include a component that considers
the human factor. This would involve conducting specific surveys whose results would
be processed and integrated into the decision-making system, enabling a more holistic
approach to data analysis. The proposed methodology is not limited in its application; it
can be utilized in a wide variety of mining locations and mining-related problems where
selecting the best solution among multiple alternatives is required.

Further research could focus on the fuzzification process of input parameters according
to their nature. Another approach for treating the uncertainty of input data could involve
introducing grey-interval numbers in the decision-making process. To enhance the accuracy
in selecting the optimal solution, particularly when choosing production parameters for the
stope related to fan drilling and blasting, as in a previous example, the number of criteria
influencing the decision could be expanded. In subsequent research, additional criteria
related to operational costs could be included, such as the costs of transporting ore from
the excavation site, ventilation costs, and investments in transportation and ventilation
equipment. All these costs are dependent on the quantities of ore extracted.
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Abbreviations

The following abbreviations are used in this manuscript:

MCDM Multiple Criteria Decision Making
RAPS Ranking Alternatives by Perimeter Similarity
TOPSIS Technique for Order of Preference by Similarity to Ideal Solution
AHP Analytic Hierarchy Process
PROMETHEE Preference Ranking Organization Method for Enrichment of Evaluations
ELECTRE Elimination Et Choice Translating Reality
TAOV Total Area Based on Orthogonal Vectors
ARAS Additive Ratio Assessment
WASPAS Weighted Aggregated Sum Product Assessment
COPRAS Complex Proportional Assessment
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