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Slope instability can occur due to external loads such as earthquakes, explosions,
and pore pressures. In addition, under natural conditions, slope instability can be
caused by factors such as the erosion of some parts of the slope due to water or wind
currents and the gradual rise of groundwater levels. Another factor leading to slope
instability is human activities involving various types of loading and unloading on the
slope. The instability of slopes may be associated with limited or large displacements,
which either can cause problems or damage structures on the slope. Therefore, this
phenomenon needs due care at all slope design and implementation stages. In general,
slope stability is influenced by natural factors such as rock type (lithology), tectonic
conditions of the area, rock mass joint conditions, and climatic conditions of the area.
Furthermore, it is a function of design factors such as dip, height, explosive pattern,
and explosion method. The present study offers a multi-factorial fuzzy classification
system using the multi-criteria fuzzy approach to evaluate the slope stability. The
evaluation is performed in five classes, namely “high stability”, “stable”, “relatively
stable”, “unstable”, and “highly unstable”. Next, the viability of 28 slopes of 8§ large
open-pit mines in different parts of the world was evaluated. According to the fuzzy
classification results, 4 and 6 slopes were evaluated in relatively stable and unstable
conditions, respectively, with the other slopes classified as stable class. Afterward,
the developed fuzzy classification system was assessed based on the actual behavior
of the slopes. The results revealed a general large and local failure in most slopes in
unstable and relatively stable conditions. Hence, a non-linear multi-factorial fuzzy
classification system with good reliability can be used to evaluate the stability of the
slopes.

1. Introduction

Designing a slope in open-pit mines involves
many challenges such as increasing the slope
depth. This issue increases the waste volume and
the mining costs. Increasing the slope dip can
lower the factor of safety (FOS), thereby,
increasing the risk of slope failure. Fractures that
occur in open-pit slopes are usually large-scale
with complex mechanisms. These large fractures
in the slope also cause economic and human
losses. For instance, a large-scale slope failure in a
porphyry copper mine in South Africa has caused
extensive damage to the mine [1]. Regarding the
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significant impact of slope stability on the open-
pit mines economy, it is necessary to continuously
monitor the stability conditions to detect the
necessary signs of instability for its prediction and
prevention. Thus selecting a sustainable optimum
slope is required to avoid high mining costs and
lower the risk of slope instability. Analysis of
slope stability in open mines is possible through
empirical methods, limit equilibrium, numerical
modeling methods, and systematic methods. In
this respect, classification systems are among the
most primitive methods for evaluating slope
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stability. Of the extensive studies conducted for
this purpose, some are mentioned below.

Hack et al. (2002) developed a slope stability
probability classification (SSPC) to classify
slopes. This system assesses the probability of
slope stability based on rock mass characteristics.
In addition, several conversion coefficients were
applied across different stages depending on the
current or future weathering and the extent of rock
mass damage due to drilling. Finally, the slope
stability is expressed as the probability of the
occurrence of various failure mechanisms. This
research was conducted for four years in the
Falset area of Tarragona, Spain, and was then
implemented in Australia, South Africa, New
Zealand, and the Netherlands Antilles [2].
Goshtasebi et al. (2008) investigated the critical
circular slip surface and slope surface
modification in a heavily jointed rock mass using
a genetic algorithm (GA). According to the
obtained results, the modified slope angle of the
wall was determined to be 48.44" [3]. Ataei and
Bodaghabadi (2008) investigated slope stability
and determined stable slopes in the Chador Malo
iron ore mine using numerical and limit
equilibrium methods. The results showed that
some instability problems occur with increasing
slope height. Therefore, stable slopes for each
geotechnical zone and prepared sections were
calculated and presented as a function of slope
height [4]. Daftaribesheli et al. (2011) assessed
rock slope stability using the Fuzzy Slope Mass
Rating (FSMR) system. According to the results,
the FSMR method provides a better assessment of
slope stability than other slope stability
classification systems and can also predict rock
slope failure [5]. Zare Naghadehi et al. (2011)
applied a probabilistic systems methodology to
assess the importance of factors affecting the
stability of rock slopes by nine parameters. These
parameters were considered the main factors in
modeling the stability of the slope system. This
research selected slopes in the Khosh-Yeylagh
region in Iran as a case study. The results showed
that this new approach was a simple but efficient
tool for evaluating the parameters affecting the
stability of slopes [6]. Zare Naghadehi et al.
(2013) and Zare & Jimenez (2015) developed a
new Mine Slope Instability Index (MSII) to
evaluate the stability conditions of slopes in open
pit mines. Slope stability was assessed by
comparing the MSII values and those of the actual
behavior for 12 case histories, which showed a
good agreement [7, 8]. Taherynia et al. (2014)
investigated slope stability classification systems
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and risk analysis to determine the degree of risk of
rock slope instability. They performed their study
on the Lashter Pass (located on the Shiraz-Isfahan
highway, Iran), which has a high potential for
instability. To this end, they applied several
classification methods and Rock-Fall software for
risk analysis [9]. Friedoni et al. (2015) examined
the application of the modified Q classification
system and its composite parameters for analyzing
and deducing field data for estimating slope
stability. According to their research, the Q
classification system can be promising in
evaluating rock mass quality. In addition, by
modifying the parameters of the Q classification
system, they introduced a modified mass rock
classification system called the slope quality
rating (SQR) [10].

Khosravi et al. (2017) investigated the
influence of the counterweight balance size on the
stability of the undercut slopes through a series of
numerical model tests using FLAC3D software.
The results showed a significant relationship
between counterweight balance size and
maximum stable undercut span, where increasing
a counterweight balance size results in a wider
stable span. Finally, a non-linear relationship was
proposed between counterweight balance size and
maximum stable undercut span [11]. Fattahi
(2017) explored slope stability prediction using an
adaptive neuro-fuzzy inference system (ANFIS)
based on clustering methods. In this research
work, three ANFIS models were developed
including grid partitioning (GP), subtractive
clustering method (SCM), and fuzzy c-means
clustering method (FCM). Comparing these three
models revealed that the ANFIS-SCM model

outperforms the other two models [12].
Samieinejad et al. (2017) conducted field
investigations using digital terrestrial

photogrammetry to characterize the geometric
properties of discontinuities in open-pit slopes.
The results showed that this new method can be
used to estimate the structural parameters of the
rock mass for the analysis of steep slopes in open
pits [13]. Zebarjadi Dana et al. (2018) investigated
the effects of geometric and geomechanical
properties on the slope stability of open pit mines
using two-dimensional and three-dimensional
finite difference methods. Finally, it was observed
that considering the real slope geometry, the
FOS3D/FOS2D ratio (3D effect) is greater than 1
in all cases [14]. Fattahi et al. (2018) used a
Monte Carlo simulation technique to assess
earthquake-induced displacement of slopes
(EIDS). This study was conducted to predict EIDS
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using the Monte Carlo simulation method
(MCSM). The results showed that the stochastic
approach can successfully reproduce EIDS values
and calculate confidence intervals [15]. Evangelin
&  Thirukumaran (2018) investigated the
sustainability of slopes along roads in India using
RMR, SMR, and continuous slope mass rating
(CSMR). The results showed that since the CSMR
classification represented continuous  slope
stability conditions, it seems more appropriate for
developing spatial databases and cutting roads.
Therefore, the steep slope of the walls affected the
slope stability significantly [16]. Azarfar (2019)
and Azarfar et al. (2018; 2019) conducted broad
research on the effect of faults on open pit slope
stability by  employing numerical and
experimental ~methods. They carried out
sensitivity and comparative analyses for the
numerical simulations to investigate the stability
of rock slopes on large and small scales (overall
open-pit slope and bench slope) and the fault
zones. The sensitivity analysis results showed that
choosing an adequately low convergence ratio is
critical for estimating FOS [17-19]. Santos et al.
(2019) proposed a methodology to evaluate slope
stability using two techniques of multivariate
statistics: principal component analysis (PCA) and
discriminant analysis. The results showed that the
proposed methodology provides a powerful tool
for slope hazard assessment in surface mines [20].
Khorasani et al. (2019) investigated the effect of
large block positions on the stability analysis of
block-in-matrix slopes wusing physical and
numerical models. The results showed that the
position of large blocks significantly influenced
the slope stability [21]. Shafiei Ganjeh et al.
(2019) conducted a numerical modeling to
investigate the effects of earthquake and blasting
on the slope stability of the Chadormello open pit
mine. According to the results, seismic study and
dynamic slope stability should be considered as
part of the computational design of the mine [22].
Sarfaraz et al. (2019) investigated the slide-head-
toppling failure through a series of numerical
modeling. The results showed the accuracy of the
finite element method (FEM) for evaluating the
stability analysis of slopes with the potential of
slide-head-toppling failure [23].

Alikhani et al. (2020) assessed the influence of
the overall slope angle on the economics of open-
pit mines using the limit equilibrium methods
(modified Bishop and modified Janbu) and
numerical models for slope stability analysis [24].
Sarfaraz and Amini (2020) investigated the field
of numerical modeling of rock slopes with the
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potential of block-flexural toppling failure.
According to these authors, although the
mechanism of block-flexural toppling failure is
complicated, the numerical code can analyze this
failure efficiently [25]. Sarfraz (2020) presented a
theoretical model for block-flexural toppling
failure according to the erosion phenomenon. The
results showed that the presented model is
conservative in analyzing the block-flexural
toppling failure; however, it can be used to
evaluate this failure [26]. Shah et al. (2020)
investigated rock slope stability in tropical
climates in Lafarge Quarry, Perak, Malaysia. The
results showed that the kinematic analysis
combined with the rock mass classification system
provides a better insight into analyzing the rock
slope stability in a tropical climate than
individually  considering the rock mass
classification system [27]. Adil et al. (2021)
assessed rock fall hazard using GeoRock 2D
along Swat Motorway, Pakistan. Finally, they
stated that drawing a wire mesh on the slope
surface and retaining wall or fence will be very
useful and economical to reduce the rock falling
hazards along the Swat motorway [28]. Sarfaraz et
al. (2021) developed models using an artificial
neural network (ANN) for stability analysis of
undercut slopes. The results showed that the
presented models have good accuracy [29].
Sarfaraz et al. (2021) developed numerical models
for stability analysis of wundercut slopes.
According to these authors, determining the
maximum stable undercut span is among the most
important parameters in designing the undercut
slopes. The numerical results of this study were
evaluated through the statistical response surface
methodology (RSM). Finally, a statistical
relationship was proposed for computing the
maximum stable undercut span [30]. Bowa et al.
(2021) developed a robust analytical model for
stability analysis of the rock slopes subjected to
wedge slope failure induced by wvariable
groundwater in an open pit mine. Based on the
obtained results, this model was proved to be a
robust analytical model for the stability analysis
of rock slopes subject to wedge failure due to the
presence of groundwater [31]. Hussain et al.
(2021) proposed a viable stabilization method for
the slope in a weak rock mass environment using
numerical modeling. The results showed that this
method could be used to stabilize the slope in the
weakest rock mass environment [32]. Junaid et al.
(2022) investigated rock mass condition
quantification based on failure frequency to assess
slope stability. In this study, kinematic and limit
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equilibrium analysis (LEM) techniques were used
to evaluate the stability of rock slopes. These
techniques are well established in identifying the
failure type along the rock slope and calculating
the factor of safety (FOS). According to the
obtained results, the kinematic analysis showed
that the rock slope is safe from the risk of planar
failure and direct toppling. Moreover, the FOS
obtained for the potential wedge using limit
equilibrium analysis suggests the rock slope
stability [33]. Junaid et al. (2022) proposed an
expeditious approach to assess slope stability
using integrated 2D  electrical  resistivity
tomography. Eventually, the integrated approach
applied in this research study proved expeditious,
inexpensive, and rapid for comprehensive slope
stability assessment [34]. Sarfaraz et al. (2022)
developed numerical models for slide head
toppling failure using FEM and DEM methods.
According to the results of the distinct component
method, it has acceptable accuracy compared to
the FEM and can be used to examine the failure
mentioned [35]. Singh and Roy (2022) studied
slope stability analysis and preventive actions for
a landslide location along NH-05 in Himachal
Pradesh, India. Finally, they recommended some
preventive measures and modifications
concerning the economic and physical devastation
of the considered case [36]. Walia and Roy (2022)
investigated slope stability and its remedies in
Palampur, Himachal Pradesh. After calculating
the safety factor, they suggested some preventive
steps and a few improvements [37].

According to their research on rock mass
classification techniques and parameters, Qazi et
al. (2023) stated that GSI has a higher efficiency
than RMR for slope stability in poor rock
conditions [38]. Guerrero et al. (2023) evaluated
20 years (1999-2019) of land use and applied
techniques of potential environmental fragility
(PEF) (natural) and emergent fragility (EF)
(influenced by human activities) in a region of
Brazil. The authors stated that their findings can
strengthen planning and help public management.
Therefore, they encourage using this method in
other regions with landscape heterogeneity and
land use conflicts [39]. Dilta and Sharma (2023)
examined the behavior of a strip footing supported
by hollow steel piles installed to stabilize a clay
slope. To this end, they employed numerical
modeling techniques [40]. Wagay and Suthar
(2023) investigated the field of slope stability
using flexible facing. They conducted an
experiment to evaluate the load-bearing capacity
of a soil nailing system on a slope with three
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different flexible materials [41]. Rezaei et al
(2023) investigated the sustainability analysis of
waste dumps in Mine No. 4 of Golgohar (Sirjan,
Iran). The results showed that the FOS of the
waste dump with three methods, i.e., Spencer,
Janbu, and Bishop, is 1.26, 1.199, and 1.226,
respectively [42]. Chand and Koner (2023)
studied internal mine dump slope stability and
identified the failure zone through 3D modeling.
To this end, they evaluated the internal dump
safety using a 3D limit equilibrium and numerical
methods. Subsequently, they proposed a method
to evaluate and identify the potential zone of
instability in the mine dumps. According to these
authors, the proposed method is economical, easy
to use, fast, and practical [43].

Following the above research work, the present
study aims to develop a multi-factorial fuzzy
classification system to identify and select the
unstable slope. One of the reasons for using this
hybrid approach is its adaptation to different
engineering problems and its results in real
conditions. Fuzzy sets were introduced in the
analysis of complex systems. A fuzzy set is a set
containing elements that have varying degrees of
membership in the set. Therefore, this idea
contrasts with the classical sets because members
of a classical set would not be members unless
their membership was full in that set.

2. Methodology

This study used fuzzy set theory and a multi-
factorial approach to provide a classification
system for evaluating the slope stability of 28
slopes from 8 mines. The first step in data analysis
was to determine the degree of importance of the
criteria for establishing a new classification
system. The importance of each criterion was
determined by referring to experts. At this stage,
the questionnaire form was first sent to the experts
in the field of slope wall stability. After collecting
the questionnaire forms, the degree of importance
of each criterion was calculated using the fuzzy
Delphi analytical hierarchy Process (FDAHP).
After determining the importance of the criteria,
they were classified into five different quality
categories, namely “high stability”, “stable”,
“relatively stable”, “unstable”, and ‘“highly
unstable”. After determining the qualitative
categories for each criterion, a Gaussian and
sigmoidal membership function was defined for
each criterion, and then five class membership
functions were presented for all criteria. In the
following, the research method is described in
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detail, and then the application of the proposed
method is presented as a case study.

2.1. Fuzzy theory and fundamental principles

Fuzzy theory and fuzzy sets were first
introduced by Lotfali Asgarzadeh in a treatise
called “Fuzzy sets” in 1965 to analyze complex
systems [44]. The fuzzy set is the generalization
of the characteristic {0,1} to all numbers in the
interval [0,1] [45]. Indeed, unlike classical sets,
elements are not divided into two members and
non-members in fuzzy sets. Instead, according to
the functions defined, the degree of membership
of the different elements in the fuzzy sets varies
between 0 and 1. Suppose A is a fuzzy subset of
the reference set X. The membership function A
in the reference set X is defined as Equation (1)
[46].

ua:X - [0,1] (1)

where pa represents the degree of membership
of each member of set A within the interval [0, 1].

In Equation (1), the values 0 and 1 denote non-
membership and full membership, respectively,
with all values between these two values used to
represent the average membership rate of each
member of set A. Typically, a fuzzy set with a set
of regular pairs is represented as Equation (2)
[46].

A= {(xps (). x € U} @)

where U contains a finite set of Xi. The fuzzy
finite set can also be represented as Equation (3)
[47].
n
x.
A=§: ‘
= Haiy
The U set containing an infinite member is
represented by Equation (4) [47].

)

[ o

The membership functions represent all the
information in a given fuzzy set. The membership
functions of the fuzzy sets must be precisely
defined concerning the type of function and its
parameters. The parameters and shape of
membership functions will greatly affect the
accuracy of the results [48]. Triangular,
trapezoidal, bell, and Gaussian functions are
among the most commonly used functions.
Regarding the formula’s simplicity and the
appropriate computational efficiency, both the
triangular and trapezoidal membership functions

4)
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have been widely used [49, 50]. However, as
these membership functions consist of straight
lines, the corner points of the lines are sharp and
lack the expected smoothness. In the present
study, Gaussian and sigmoidal non-linear
membership functions were adopted. A Gaussian
membership function is completely defined by “a”
and “b”. Here, “a” represents the center of the
membership function, and “b” denotes the width
of the membership function. The Gaussian
membership function is defined by Equation (5)
[51].

b

Although the ends of the curves of Gaussian
and bell-shaped membership functions are
smooth, they cannot determine asymmetric
membership functions. Therefore, the sigmoidal
function was used to solve this disability. A
sigmoidal membership function is defined as
Equation (6) [51].

Gaussian (x; a,b) = exp [— % (x — a)z] (5)

1
1+ exp[—c X (x — d)]

sig (x;¢,d) = 6)

where ¢ controls the dip at the point x = d.
Depending on the sign of c, the curve of a
sigmoidal membership function is inherently left
or right. Therefore, it is suitable for displaying
concepts such as “very good” and “very poor”.

2.2. Multi-criteria evaluation method

Suppose U is a set of elements for evaluation
and [1 = {fi, f2, .-, fm} is a set of parameters that
determine the quality of the evaluated elements.
Also, E = {ey, e,, ..., e,} is a set of verbal results.
Here, e; determines the quality of class k. For
each parameter f;, a fuzzy class ey is generated
for each value of k from the set {1, 2, ..., p}. Since
the fuzzy class ey is a fuzzy set controlled by f;,
the fuzzy set is designed by Ay [52]. If qualitative
classes are employed by the distance index, the
objective function QU (x) is defined as the
membership  function. Q% (x) = Aji(x) s
calculated by Equations (7), (8), and (9).

1

(1
. xX) =
¢ =) 1+ exp[—c; x (x = d;)] ™)
=12 .,m
2

1/x—a;
(k) _ - J
Q; (x)—exp< 2\ b, )) (8)
j=1727 rm ’ k=2’ ,p_l
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@y — !
i ) 1+ exp[—c]- X (x - d]-)]
j=12,.,m

A multi-criteria evaluation system requires the
following three key parameters:

©)

o A setof parameters [ = {fi, f5, .., fin}

e A setof quality classes E = {el, €y, ) ep}

Journal of Mining & Environment, Vol. 15, No. 3, 2024

e For each element u € U, there is a single-factor

evaluation matrix.

Note that the number of quality classes for all
parameters is f;. By accepting three elements for
the set u € U, the evaluation results of R
(rjk (u))mxp can be obtained as in Figure 1.

u ———> RY-W ——— pl_f(wR®)

input

transformer

output

Figure 1. The process of multi-factorial evaluation model [34].

Figure 1 displays a mapping of the multi-
criteria evaluation method including the weight of
the parameters and the corresponding matrix
combined with a decision function (Equations 10
and 11) [53].

§&:U - F(E) (10)

u- &(u) (11)

In the above equations, f is the decision
criterion used to evaluate the option.

D™ = f(W,R™)

2.3. Aggregation

Using a suitable aggregation of fuzzy sets in
multi-factorial fuzzy analyses is very important.
Many transformation functions such as max (min)
and min (max) have been developed for this
purpose. Aggregation operators are used to
evaluate different types of decision behavior. This
process requires different transformations for the
judgments. Accordingly, the decision-maker may
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choose a decision function that best reflects the
goals of the decision [53]. Equation (12), as a
well-known decision function, was proposed by
Dubois and Prade to obtain weighted minimum
(and maximum) operators that can be applied in
the setting of the possibility theory [47].

DY (uy, gy s i) = A2 [(1 — W) V] (12)

In this study, we used the function introduced
by Dubois and Prade with minimum weight.

3. Parameters Affecting Slope Stability

The most important factors affecting slope
stability include two general groups of
controllable parameters (e.g. slope characteristics,
design, and extraction characteristics of mine) and
uncontrolled parameters (e.g. environmental
conditions and rock mass characteristics). Figure
2 represents the parameters affecting slope
stability.
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C1: Tectonic Reoime

(C2: Precinitation
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5 Numher of

Rock

Pronerti

C6: ROD

Parameters affecting
the slope stability
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Rock
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Cl11: Discontinuitv

C12: Discontinuitv filline

C13: Groundwater
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C14: Weathering

C15: Slope (pit-wall) height

Controllable
parameters

Pit-wall

geometry and
hlactino

C16: Slope (pit-wall) angle

C17: Blasting method

C18: Convexity/Concavity

Figure 2. Parameters affecting the slope stability.

4. Development of Classic Classification

One of the most important parts of developing
a classification system is determining the quality
categories and classifying the criteria into specific
categories. In the present study, considering the
five classes of the proposed fuzzy classification
system, the criteria were divided into five
categories: very good, good, average, poor, and
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very poor. Table 1 presents the results for the
criteria classification. As can be seen in this table,
some criteria have small values, and some have
descriptive concepts. The terms used to perform
the fuzzy calculations are referred to in the
following sections, with values ranging from 0 to
100.



Niromand et al.

Table 1. A quantitative and qualitative classification of criteria affecting the slope stability.
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Classification categories

Parameters .
Very Good Good Medium Weak Very Weak
Sedimentary: Breccia, Sedlmentary: Metamorphlc:
Igneous: . Limestone shale, Schists and
. Lo Greywacke, Sandstone and Sedimentary: . .
Granite, Granodiorite, . Dolomite, Mylonites
- Conglomerate Anhydrite and . ;
. Diorite, and Gabbro . Limestone, Chalk, Sedimentary:
Rock type (lithology) . Metamorphic: Hornfels; Gypstone Igneous: .
Metamorphic: . and Siltstone Clay shale,
. . Igneous: Tuff, Basalt, Breccia, .
Gneiss, Quartzite, and . Py . : . Metamorphic: Mudstone,
ot Dolerite, Obsidian, Andesite, Dacite, and Rhyolite .
Amphibolite Norit d Acol ¢ Slate, Phyllites, and ~ Claystone, and
orite, and Agglomerate Marble Marble
Precipitation (annual <150 150-300 300-450 450-600 > 600
rainfall and snow) (mm/y)
Intact rock strength-UCS ~ 250 250-100 50-100 25.50 <25
(MPa)
RQD (%) 90-100 75-90 50-75 25-50 <25
Weathering Fresh Slightly weathered Moderately Highly weathered Highly
weathered weathered
. . Almost the absence of presence of foliation, Presence of folds, High fractured Imbrications
Tectonic regime . . R faults, and
meaningful tectonic schistosity, and cleavage . A zones and overthrusts
discontinuities
Groundwater condition Dry Damp Wet Dripping Flowing
N‘umbe‘r of major 0 5 4 5 >5
discontinuity sets
Dlscontlnuzz)permstence <5 5.10 10-25 25-40 > 40
Discontinuity spacing (m) >2 0.6-2 0.2-0.6 0.06-0.2 <0.06
. - . . . Very
Discontinuity orientation Very favorable Favorable Fair Unfavorable Unfavorable
Discontinuity aperture No separation <0.1 0.1-1 1-5 >5
(mm)
Discontinuity roughness Very rough Rough Slightly rough Smooth Slickensided
Discontinuity filling Not filled Very hard filling Hard filling Soft filling Vglyirfgft
Slope (pit-wall) angle <30 30-40 40-50 50-60 > 60
Slope (pit-wall) height (m) <50 50-100 100-200 200-300 > 300
Blasting method Regular ble}stmg/ Modified production blast Smooth‘ wall/ Postsplit Presplitting
mechanical cushion
. . . . Smooth to .
Convexity/Concavity Concavity Concavity to Smooth Smooth Convexity Convexity

5. Development of Multi-factorial Fuzzy
Classification
The first step for establishing a new

each criterion was calculated using the Fuzzy

Delphi Analytical Hierarchical Process (FDAHP).

The results of applying this method in many

studies indicate the feasibility of the FDAHP

classification system is determining the degree of
importance of the criteria. The importance of each
of these criteria was determined by the experts. At
this stage, the experts completed the
questionnaire, and the degree of importance of
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method in determining the degree of importance
of the criteria. Table 2 shows an example of a
questionnaire sent to the experts.
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Table 2. A sample of the questionnaire answered by the first expert.

Qualitative importance

Parameters affecting the slope stability

Strength

Moderate Weak Very Weak

Rock type (major)

Very Strength
v

Rainfall (mm/year)

v

Intact rock strength-UCS (Mpa) v

RQD (%)

Weathering

Tectonic regime

Groundwater conditions

ANRN

Number of major discontinuity sets

Discontinuity persistence (m)

ANRN

Discontinuity spacing (m)

Discontinuity orientation

ANRN

Discontinuity aperture (mm)

Discontinuity roughness (JRC)

ANRN

Discontinuity filling

Slope (pit-wall) angle (deg)

ANRN

Slope (pit-wall) height (m)

Blasting method

Convexity/Concavity

v

Next, the pair-wise comparisons matrix was

developed based on expert opinions based on

Saaty (1994) [54]. At this stage, the paired

comparison matrices were formed by comparing

the elements of each level in pairs at higher levels

than any of their existing elements. Numerical
scores were assigned to pair-wise comparison of
the significance of the two indices based on Table
3.

Table 3. Quantitative and qualitative classification for pair-wise comparison of criteria.

Definition Intensity of importance

Extreme importance 9

Very strong or demonstrated importance 7

Strong importance 5

Moderate importance 3

Equal Importance 1

Weak, Moderate plus, Strong plus, andVery, very strong 2,4,6,and 8

The pair-wise comparison matrix is a n Xn
matrix, where n is the number of elements 1 Q12 Q1in
compared. For each pair comparison matrix, the A= [ai].] — Y/ :6112 1 : Q2n (13)
elements on the diagonal are equal to 1 and do not ) ' :
1/ay, Yam - 1

need to be evaluated. However, in other matrix
layers, they must be determined based on pair-
wise comparisons. The opposite sides of the
diagonal are inverse. The pair-wise comparison
matrix can be computed using Equation (13).
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The pair-wise comparison matrix based on the
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Table 4. The pair-wise comparison matrix based on the first expert’s opinion.

- C1 C2 C3 C4 C5 Cé (o) C8 c9 Cl10 Ci1 Ci12 Ci13 Ci14 Ci15 Cil6 C17 C18
C1 1.00  9.00 1.00 3.00 500 7.00 7.00 500 500 3.00 300 500 500 7.00 100 1.00 3.00 7.00
Cc2 0.11  1.00 0.11 0.14 020 033 033 020 020 0.14 0.14 020 020 033 0.11 0.11 0.14 033
C3 1.00  9.00 1.00 3.00 500 7.00 7.00 500 500 3.00 300 500 500 7.00 100 1.00 3.00 7.00
C4 0.33  7.00 033 1.00 3.00 500 500 300 300 1.00 1.00 3.00 300 500 033 033 1.00 5.00
C5 0.20 5.00 020 033 1.00 3.00 300 100 100 033 033 100 100 3.00 020 020 033 3.00
Co6 0.14  3.00 0.14 020 033 1.00 1.00 033 033 020 020 033 033 100 0.14 0.14 020 1.00
Cc7 0.14  3.00 0.14 020 033 1.00 1.00 033 033 020 020 033 033 100 0.14 0.14 020 1.00
C8 0.20  5.00 020 033 1.00 3.00 300 100 100 033 033 100 100 3.00 020 020 033 3.00
c9 0.20  5.00 020 033 1.00 3.00 300 100 100 033 033 1.00 100 3.00 020 020 033 3.00
C10 0.33  7.00 033 1.00 3.00 500 500 300 300 1.00 100 3.00 300 500 033 033 1.00 5.00
C11 0.33  7.00 033 1.00 3.00 500 500 300 300 1.00 1.00 3.00 300 500 033 033 1.00 5.00
C12 0.20 5.00 020 033 1.00 3.00 300 100 100 033 033 1.00 100 3.00 020 020 033 3.00
C13 0.20  5.00 020 033 1.00 3.00 3.00 100 100 033 033 100 100 3.00 020 020 033 3.00
C14 0.14  3.00 0.14 020 033 1.00 1.00 033 033 020 020 033 033 100 0.14 0.14 020 1.00
C15 1.00  9.00 1.00 3.00 500 7.00 7.00 500 500 3.00 300 500 500 7.00 100 1.00 3.00 7.00
C16 1.00  9.00 1.00 3.00 500 7.00 7.00 500 500 3.00 300 500 500 7.00 100 1.00 3.00 7.00
C17 0.33  7.00 033 1.00 3.00 500 500 300 300 1.00 1.00 3.00 300 500 033 033 1.00 5.00
C18 0.14  3.00 0.14 020 033 1.00 100 033 033 020 020 033 033 100 0.14 0.14 020 1.00

After forming pair-wise comparison matrices,
the results were used to form the fuzzy pair
comparison matrix. The triangular membership
function and, consequently, triangular fuzzy
numbers are used to form this matrix. The
calculation for this method involves the following
steps:

Step 1. Fuzzy number calculation:

Fuzzy numbers a;; are cacluated through the
direct use of expert opinion polls. In this study,
fuzzy numbers were calculated based on the
triangular membership function. Figure 3
indicates the calculation of fuzzy numbers by the
triangular method.

u(x}

a; O ¥y
Figure 3. Triangular membership function in
Delphi fuzzy method [S5].

1038

According to Figure 3 in the Delphi fuzzy
method, a fuzzy number can be calculated using
Equations (14) to (17).

ai; = (i, 8, v1)) (14)
aij =Min(Bijx) , k=12,..,n (15)
1
n n
8ij = Hﬁijk , k=12,..,n (16)
k=1
vij = Max(Bij) , k=12,..,n (17)

In the above equations, y;; and a;; represent
the upper and lower boundaries of the experts’
decisions, respectively. The f;j, parameter also
represents the relative importance of parameter i

over parameter j based on the expert’s point of
view [55].

Step 2. Establish fuzzy pair-wise comparison
matrix:

In this step, the fuzzy numbers matrix of fuzzy
pair-wise ~ comparison  between  different
parameters is created using Equation (18).
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A= [ay]
daj;xa;~1, Ai,j=12,..,n
[ (1,1,1) (12,612, ¥12) (@13, 813,¥13)] 1
A =I Yiz’ /81, /@12 oL 23,023, V23
l(l/V13’1/513’1/013) (1/V23'1/523'1/azg) (1,11 J
The fuzzy pair-wise comparison matrix is
presented in Table 5.
Table 5. The fuzzy pair-wise comparison matrix.
- c1 2 a3 c4 cs c6
Cl 100 100 100 033 259 900 1.00 132 300 100 259 500 100 334 500 100 320 7.00
C2 011 039 300 100 100 100 011 044 300 0.14 058 7.00 020 083 7.00 033 086 500
C3 033 076 100 033 228 900 100 100 100 100 197 500 100 294 500 100 282 7.00
C4 020 039 100 014 173 700 020 051 100 100 100 1.00 100 173 3.00 033 150 500
C5 020 030 100 014 121 500 020 034 100 033 058 1.00 100 100 100 033 100 3.00
C6 014 031 100 020 1.16 300 014 035 100 020 067 3.00 033 100 300 100 100 1.00
C7 014 016 020 011 044 300 014 017 020 020 023 033 020 029 033 020 034 100
C8 014 017 020 011 050 500 014 018 020 020 026 033 020 039 100 020 045 3.00
C9 014 021 033 014 070 500 020 023 033 020 039 1.00 033 058 100 033 058 3.00
Cl0 014 022 033 011 071 700 014 024 033 020 039 1.00 033 058 3.00 020 058 500
Cll 014 021 033 014 058 700 020 023 033 020 045 1.00 020 067 3.00 020 058 500
Cl2 020 023 033 020 076 500 020 026 033 020 051 3.00 020 088 300 020 088 3.00
C13 014 018 020 014 053 500 020 020 020 020 034 100 020 051 100 020 051 3.00
Cl4 014 025 100 033 058 300 014 027 100 020 045 500 020 058 500 020 067 3.00
C15 014 047 100 011 173 900 0.14 061 100 033 100 3.00 033 150 500 020 143 7.00
Cl6 020 051 100 014 18 900 020 067 100 100 132 300 100 197 500 033 163 7.00
C17 033 058 100 033 185 700 033 076 300 033 150 500 033 224 500 033 224 500
C18 014 041 300 100 132 300 0.14 047 300 020 063 700 033 094 700 033 114 500
Table 5. Continued.
- c7 cs8 C9 c10 cu c1z
Cl 500 644 700 500 592 700 300 479 7.00 3.00 458 7.00 300 479 7.00 3.00 440 500
C2 033 228 900 020 201 900 020 143 7.00 014 140 900 0.14 173 7.00 020 132 500
C3 500 592 700 500 544 700 300 440 500 3.00 421 700 300 440 500 3.00 387 500
C4 300 440 500 3.00 3.87 500 100 259 500 1.00 259 500 100 224 500 033 197 500
C5 300 341 500 100 259 500 100 173 3.00 033 173 300 033 150 500 033 114 500
C6 100 294 500 033 224 500 033 173 3.00 020 173 500 020 173 500 033 114 500
C7 100 100 100 033 076 100 033 044 100 020 051 100 020 051 100 020 039 100
Cc8 100 132 300 100 1.00 100 033 058 1.00 033 058 100 033 058 100 020 051 100
C9 100 228 300 100 173 300 100 100 1.00 033 100 300 033 100 3.00 033 076 3.00
C10 100 197 500 1.00 173 300 033 100 300 100 100 100 033 100 3.00 020 088 3.00
Ci1 100 197 500 1.00 173 300 033 100 300 033 100 300 100 100 100 033 076 3.00
C12 100 259 500 1.00 197 500 033 132 300 033 114 500 033 132 300 100 100 1.00
C13 100 173 300 1.00 132 300 033 076 100 033 076 300 033 076 100 033 058 100
Cl4 100 163 700 033 124 700 033 086 500 020 08 700 020 100 500 033 076 3.00
C15 100 364 700 1.00 334 500 033 224 500 100 259 500 033 224 500 020 197 500
Cl6 300 479 700 3.00 440 500 100 294 500 3.00 341 500 100 294 500 033 224 500
C17 300 521 700 3.00 458 7.00 100 320 7.00 100 265 700 100 320 7.00 3.00 341 500
C18 100 300 900 033 228 900 033 163 700 020 152 900 020 188 700 033 150 5.00
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- Table 5. Continued.
[ c13 cl4 cis cl6 c17 cis
Cl 500 544 700 100 396 700 100 214 700 100 197 500 100 173 3.00 7.00 243 7.00
C2 020 188 700 033 173 300 011 058 900 011 054 700 014 054 300 1.00 076 1.00
C3 500 500 500 1.00 364 700 100 1.63 700 100 150 500 033 132 300 7.00 2.4 7.00
C4 100 294 500 020 224 500 033 1.00 300 033 076 100 020 067 300 500 159 500
Cs 100 197 500 020 173 500 020 067 300 020 051 100 020 045 3.00 3.00 1.06 3.00
C6 033 197 500 033 150 500 014 070 500 0.4 061 300 020 045 3.00 3.00 088 3.00
C7 033 058 100 014 061 1.00 014 027 100 004 021 033 014 019 033 1.00 033 1.00
C8 033 076 100 014 081 300 020 030 100 020 023 033 014 022 033 300 044 3.00
9 100 132 300 020 116 300 020 045 300 020 034 100 014 031 100 3.00 061 3.00
Cl0 033 132 300 0.4 121 500 020 039 1.00 020 029 033 014 038 100 500 066 5.00
Cll 100 132 300 020 1.00 500 020 045 3.00 020 034 100 014 031 100 500 053 5.00
Cl2 100 173 300 033 132 300 020 051 500 020 045 300 020 029 033 3.00 067 3.00
CI13 100 100 100 020 088 300 020 039 3.00 020 030 100 0.14 024 033 3.00 047 3.00
Cl4 033 114 500 100 1.00 100 014 045 7.00 0.4 041 500 014 031 1.00 1.00 044 1.00
CI15 033 254 500 0.4 224 700 1.00 100 1.00 033 076 100 0.14 08 300 7.00 163 7.00
Clé 100 334 500 020 243 700 1.00 132 3.00 100 100 100 020 088 300 7.00 173 7.00
C17 300 421 700 100 320 700 033 124 7.00 033 114 500 100 1.00 1.00 500 170 5.00
C18 033 214 700 100 228 3.00 0.4 061 900 014 058 700 020 059 300 100 1.00 1.00 |

The fuzzy weight of each parameter can be

determined using Equations (19) and (20) [55]. Wi=2,8(2:®..07Z) (20)
_ 1 where W; is a row vector representing the
Z; = [ai i® ---®C~lin]" (19) fuzzy weight of the i™ parameter. Table 6 reports

the fuzzy Z and W weight vectors.

Table 6. The fuzzy Z and W weight vectors.

71 1.75 3.08 538 w1 0.18  0.14 0.10
72 021 0.97 4.76 W2 002 0.05 0.09
73 1.55 2.63 4.79 W3 0.1 0.12 0.09
74 061 1.54 327 W4 006 0.07 0.06
75 044 1.03 2.70 W5 005 0.05 0.05
Z6 031 1.03 3.13 W6 003 0.05 0.06
Z7 023 036 0.70 W7 002 0.02 0.01
78 028 044 0.97 W8 003 0.02 0.02
79 036 0.66 1.78 W9 004 _ 0.03 0.03
Z10 031 0.66 1.91 W10 003  0.03 0.03
Z11_ 035 0.65 2.16 Wil 004 0.03 0.04
712 037 0.80 226 W12 0.04  0.04 0.04
713 032 0.53 132 W13 003 0.02 0.02
714 027 0.63 3.16 Wi4 003 0.03 0.06
715 037 1.52 3.68 W15 004 0.07 0.07
716 0.74 1.84 391 W16 0.08 __ 0.09 0.07
717 __ 086 2.06 4.81 W17 009 0.10 0.09
Z18__ 031 1.12 5.06 W18 003 __ 0.05 0.09

Step 3. Defuzzification 1

3 3
After finding the fuzzy weights of each ~ 1)
. W = w
parameter, all the fuzzy numbers are defuzzied t 1_[ J
using Equation (21) [55]. =1

Table 7 reports the degree of importance of the
parameters affecting slope stability using the
FDAHP method.
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Table 7. The degree of importance of the parameters affecting the slope stability.

Criteria Final weight Criteria Final weight
Rock type 0.140 Discontinuity spacing 0.033
Rainfall 0.051 Discontinuity orientation 0.035
Intact rock strength-UCS 0.123 Discontinuity aperture 0.039
RQD 0.064 Discontinuity roughness 0.027
Weathering 0.047 Discontinuity filling 0.038
Tectonic regime 0.045 Slope (pit-wall) angle 0.058
Groundwater conditions 0.018 Slope (pit-wall) height 0.078
Number of major discontinuity sets 0.022 Blasting method 0.090
Discontinuity persistence 0.033 Convexity/Concavity 0.059

each criterion. Table 8 and Figure 4 present the
Gaussian and sigmoidal membership functions
defined for all criteria.

In the next step, according to the classes
corresponding to each criterion, a Gaussian or
sigmoidal membership function is defined for

Table 8. The Gaussian and sigmoidal membership functions defined for all criteria.

Qualitative classification Number of major discontinuity sets

Slope (pit-wall) angle
1

1

Wy = @y =
Very Weak Q" (x) = 1+ EXp((—0.4) x (x — 55)) G 0= 1+ EXP((—7) X (x — 3.5))
1 /x— 502 1ix =342
Weak Ql(z)(x) =exp (‘E (x 4 ) ) Ql(Z) (x) = exp <_E(x0.3 ) )
e ) oo ()
Good ;" () = exp (‘% (x 435> ) 1700 = e (_%(x 0.;.2> )
©)(y) = ! ®)(x) = !
Very Good Q" ()= 1+ exp((—03) X (x — 15)) 070 = 1 +exp((8) x (x —0.7))
Intact rock strength Discontinuity persistence
Wy = ! ®(x) = !
Very Weak Q)= 1+ exp((0.25) x (x — 25)) @ @) = 1+ exp((=0.7) x (x — 40))
1 /x — 45\° 1/x —32\?
Weak QP (x) = exp (‘E (x 18 ) ) 0¥ () = exp <_§(x 3.5 ) )
852 1% —20\2
Medium 00 = exp (‘% (x 2385> ) 0 (x) = exp <_§(x 35 ) )
1 /x —160y\° 1x -8
Good o0 = exn (3 () ) ow=en(-5(55) )
RO . 06 = -
Very Good 1 1+ exp((—0.1) x (x —230)) 1 1 +exp((1.5) x (x — 3))
RQD Discontinuity spacing
My 1 My
Very Weak Q ()= 1+ exp((0.4) x (x — 15)) Q)= 1+ exp((1.5) x (x = 5))
Weak 0D(x) = exp (_%(x 835) ) 0P () = exp (_%(x 617) )
Medium () = exp (—% (= 860) ) 07 () = exp (‘%(x 1150> )
1 x — 782 1 /x —110\?
Good Q) = exp (‘E(x 7 ) ) %) = e <_§(x 18 ) )
Y L CYR L
Very Good Q)= 1+ exp((—0.4) x (x — 85)) &) = 1 + exp((—0.2) x (x — 155))
Discontinuity aperture Slope (pit-wall) height
1) _ 1 @ — L
Very Weak Q)= 1+ exp((=5) x (x— 4)) @ ()= 1 + exp((—0.1) x (x —340))
1 /x — 2.5\* 1/x —2704°
Weak Ql(z)(x) = exp (‘E(x 0.6 ) ) Ql(Z)(x) =exp <_§(x 37 ) )
1 /x — 0.8\? 1 /x — 130\°
Medium V@) = exp (‘ 2(552) ) %70 = exp <_E(x %) )
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1 /x —0.42 1 /x —48\?
Good D) = exp (—z (o) ) 0 = exp (‘E(X ) )
Gy 1 Gy 1
Very Good Q) = 1+ exp((15) x (x — 0.3)) Q) = 1 + exp((0.25) x (x — 25))
Rainfall Qualitative parameters
Very Weak D) = ! D) = :
Ty 1 1+ exp((=0.1) X (x — 370)) 1 1+ exp((0.4) X (x — 15))
1 /x —330\° 1 /x — 40,2
Po=en( A - (H5Y)
1 /x —225\° 1/x — 60y>
P =en(-5(5) ) o' =em(-5(5))
1 /x —100\? 1 /x — 80\?
o =en (555" 0 -en (55
1 1
Very Good 0 (x) = 0P () =

1 + exp((0.15) x (x — 40))

1+ exp((—0.7) x (x — 92))

6. Case Study

In this study,

sustainability analysis was

performed by investigating different slopes of 8
open pit mines. Table 9 reports the studied slopes
in this study. The information on each slope was

completed either through field study or based on
published reports. Table 10 shows an example of
field data collected from the southwest wall of the

Sungun copper mine.

Table 9. The list of studied slopes in the database.

Case number

Name

Case number Name

Al Sarcheshmeh-Iran-East wall AlS Aznalcollar-Spain-South wall
A2 Sarcheshmeh-Iran-North wall Al6 Aznalcollar-Spain-West wall
A3 Sarcheshmeh-Iran-South wall Al7 Aznalcollar-Spain-North wall
A4 Sarcheshmeh-Iran-West wall AlS8 Cadia Hill-Australia-Northeast wall
AS Angoran-Iran-Southeast wall Al9 Cadia Hill-Australia-East wall
A6 Sangan-Iran-Baghak wall A20 Cadia Hill-Australia-West wall
A7 Sangan-Iran-Anomaly A A2l Cadia Hill-Australia-North wall
A8 Chuquicamata-Chile-Northwest wall A22 Cadia Hill-Australia-South wall
A9 Chuquicamata-Chile-South wall A23 Aitik-Sweden-East wall

Al0 Chuquicamata-Chile-West wall A24 Aitik-Sweden-Northeast wall
All Chuquicamata-Chile-North wall A25 Aitik-Sweden-Northwest wall
Al2 Chuquicamata-Chile-East wall A26 Aitik-Sweden-Southeast wall
Al3 Aznalcollar-Spain-Southeast wall A27 Aitik-Sweden-Southwest wall
Al4 Aznalcollar-Spain-Southwest wall A28 Sungon-Iran-Southwest wall

Table 10. An example of field data collected from the Sungun copper mine.

NO Parameters SW Sungun
C1 Rock type (major) Quartz monzonite (SP) & Diorite (Dk-1)
C2 Rainfall (mm/year) 300-450
C3 Intact rock strength-UCS (Mpa) 30-80
C4 RQD (%) 50-75
C5 Weathering W3
Cé6 Tectonic regime Strong
C7 Groundwater conditions Damp
C8 Number of major discontinuity sets 1
Cc9 Discontinuity persistence (m) 10-30
C10 Discontinuity spacing (m) 0.06-2
Cl11 Discontinuity orientation Favorable
C12 Discontinuity aperture (mm) 0.5-1
C13 Discontinuity roughness (JRC) Smooth
C14 Discontinuity filling Hard filling
C15 Slope (pit-wall) angle (deg) 30-40
C16 Slope (pit-wall) height (m) 450
C17 Blasting method Modified production
C18 Convexity/Concavity Concave
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Figure 4. Diagram of criteria membership functions.

The present study attempted to quantitatively

or qualitatively evaluate all the characteristics
affecting sustainability. The qualitative values in

collected forms were scored in 5 classes from 10
to 100. Table 11 represents the quantitative

characteristics of the 28 studied slopes.
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Table 11. The quantitative characteristics of the 28 studied slopes.

Name C1 C2 C3 C4 C5 C6 C7 C8 (C9 C10 C11 C12 C13 Cl4 C15 Cl6 C17 C18
Al 80 135 60 45 90 60 100 125 53 40 3 90 60 35 390 40 60
A2 80 135 70 55 90 60 100 65 350 90 3 90 60 35 420 40 60
A3 80 135 55 45 90 60 60 10 350 60 3 80 40 35 620 40 60
A4 80 135 55 45 90 60 60 10 300 40 3 80 50 35 800 40 60
A5 40 497 73 41 90 60 100 20 75 40 3 40 50 30 170 40 60
A6 60 155 105 45 85 75 100 75 125 40 055 90 50 41 50 40 60
A7 60 155 90 40 60 75 60 15 85 40 0.55 40 50 45 65 40 60
A8 80 35 59 48 60 60 100 5 200 40 055 40 60 32 210 40 60
A9 80 35 52 59 40 60 100 275 325 60 0.55 90 60 31 700 40 60
A10 80 35 48 23 60 60 60 575 325 15 3 60 50 32 750 40 60
A1l 80 35 67 44 40 60 100 575 400 60 055 60 60 31 750 40 60
A12 60 35 8 46 60 60 100 775 240 10 3 80 50 42 780 40 60
A13 80 650 55 60 100 40 100 3 225 80 0.1 80 60 34 240 40 60
Al4 40 650 24 25 100 40 60 10 165 15 3 60 60 34 210 40 60
A15 40 650 20 25 60 40 60 10 90 40 3 60 40 34 210 40 60
A16 40 650 35 40 60 40 60 15 115 40 3 40 40 32 210 40 60
A17 60 650 35 40 100 40 60 75 60 60 055 60 60 32 240 40 60
A18 95 800 87 60 100 60 100 65 415 60 0.55 90 40 58 500 80 90
A19 95 800 53 56 100 60 100 45 375 60 3 90 40 58 500 80 60
A20 95 800 50 60 100 60 100 45 105 40 055 90 40 46 500 80 60
A21 95 800 89 68 100 60 100 3 175 80 3 100 40 58 500 80 60
A22 60 800 46 65 90 60 60 55 75 40 3 80 40 52 500 80 90
A23 95 680 133 78 60 60 60 225 350 80 0.55 80 80 42 125 60 90
A24 60 680 75 80 60 60 60 95 150 40 3 80 80 47 230 60 90
A25 95 680 138 82 100 60 100 3 325 60 055 90 40 51 250 60 90
A26 95 680 124 78 60 60 100 25 325 80 0.1 90 40 49 325 60 60
A27 95 680 138 85 60 60 100 35 150 60  0.55 90 40 53 325 60 90
A28 95 375 75 30 60 60 100 20 100 90 0.75 40 80 35 475 60 90

—|lh|lhrlnn|lh|[lA|lWWINMN|IWIWL|A|AR|lWIdn[|W|KR|W W = ||| |W]|W

6. Discussion achieve this goal, a fuzzy matrix was created for
each slope. Table 12 provides an example of a
fuzzy matrix belonging to the southwestern slope
of the Sungun copper mine.

The ability of the new fuzzy classification
system was evaluated according to the results of
assessing the stability of the studied slopes. To

Table 12. Fuzzy matrix for the southwestern slope of the Sungun copper mine.
Evaluation matrix component

Criterion = Poor (VP) __ Poor (P) _ Medium (M) Good (G) __ Very Good (VG)
Cl 0.89 0.1007 0 0 0
2 0 0 0 0.44 0.62
C3 0 0 0.91 0.25 0
Ca 0 0 0 0 0
Cs 0 0.02 1 0.04 0
c6 0 0.02 1 0.04 0
7 1 0.02 0 0 0
C8 0.08 0.8 0 0 0
9 0 0 ! 0 0
C10 0 0.86 0 0 0
Cll 02 0.36 0 0 0
c12 0 0.066 1 0.01 0
c13 0 0 0.04 1 0
Cl4 0 1 0.04 0 0
C15 0 1 0.14 0 0
Cl6 0 0 0 0 L
C17 0 0.02 1 0.04 0
C13 02 0.36 0 0 0
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In the last stage of the evaluation, the
evaluation vectors summarized using the Dubois-
Prade decision operator are shown as follows:

dy (1) = ((1 = w)vry; W)A o A((1 = wy)vrig; (u)) = 0.86
dy () = ((1 = wy)vria(W)A - A((1 = wo)vrigy () = 0.86
d3 () = ((1 = wy)vr3(W)A - A((1 = wy)vrigs (W) = 0.86
dy() = (1 = wp)vrig(W)a o A((1 = wy)vrig, (w)) = 0.86
ds () = ((1 = wy)vris(W)A .. A((1 = wo)vrigs(u)) = 0.88
D = f(W,R) = (0.86,0.86,0.86,0.86, 0. 88)

Overall, the stability class of the southwestern
slope of the Sungun copper mine is rated as “Very
good”. The results obtained for all studied slopes
are shown in Table 13.

According to the results in Table 13, 9 slopes
from 3 studied mines in Iran, Sweden, and
Australia were classified in very good stability
conditions. Also 9 slopes from 3 mines in Iran,
Chile, and Spain were classified in the category of
suitable quality. Six mines from 4 studied mines
in Iran, Sweden, Spain, and Chile were classified
as medium or susceptible to instability. Finally, 4
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slopes from two mines in Iran and Spain were
classified as unstable conditions. The validity and
reliability of the results were evaluated by
analyzing the field study reports collected from all
the mines studied, followed by comparing their
actual behavior and predicted quality grades. The
results of these surveys are presented in Table 14.

Table 13. Slope stability classes for studied mine.

Case Class Case Class
Al Good Al5
A2 Good Al6
A3 Good Al7

A4 Good Al8

Al2
Al3
Al4

A26
A27

Good

Table 14. Actual behavior of studied slopes.

Case Slope behavior (actual) Class Case Slope behavior (actual)
Al Stable Good Al5 Overall failure
A2 Stable Good Al6 Overall failure
A3 Stable Good A17  Failure in the set of benches
A4 Stable Good AlS8 Stable
A5 Overall failure Al9 Stable
A6 Failure in the set of benches A20 Stable
A7 Failure in the set of benches A21 Stable
A8 Stable Good A22  Failure in the set of benches
A9 Stable Good A23 Stable
A10 Stable Good A24  Failure in the set of benches
All Stable Good A25 Stable
Al2  Failure in the set of benches [IMedium | A26 Stable
Al3 Stable Good A27 Stable
Al4 Overall failure B o5 Stable

The results of this study and its comparison
with the actual behavior of slopes in all the
studied mines suggest the proper performance of
the non-linear multi-factorial fuzzy classification
system. All stable slopes were distinguished from
unstable or unstable slopes by good and very good
quality. The slopes were classified as poor and
medium quality, with a general and partial
collapse in several slopes, respectively.

7. Conclusions

The slope stability is a highly technical and
economically important concept, especially in
surface mines. The stability conditions required
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for a rock slope depend on the project type and the
failure outcomes. In this respect, any slight
changes in the depth of the slopes and, thus, the
final slope deep of the mine will have a significant
impact on the economic parameters of mining
operations. In the design sector, the slope reduces
the tailing ratio, lowers the return on capital, and
increases the extractable mineral reserve. At the
extraction stage, the slopes’ stability will allow
numerous arbitrary explosions to crush the rocks
completely. Regarding safety both in the design
and the extraction phase, the slope stability
enables better control of the mine walls, better
control of surface and groundwater, and designing
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and constructing safety walls in the final wall of
the mine. The present results offer a non-linear
multi-factor fuzzy classification system. This
system is applied to evaluate the stability of
sloping walls using the data obtained from 28
sloping walls through fuzzy matrix formation
through Dubois and Pride fuzzy operators in five
classes. The accuracy of the results was validated
by preparing field reports for eight surface mines
and comparing them with the results of the
classification system. The results of the
investigations and their comparison with the
recorded actual observations revealed that the
non-linear multi-factor fuzzy classification system
with the applied operator was able to evaluate and
rank the slope stability in five classes of very
good (high stability), very good (stable), moderate
(relatively stable), weak (unstable), and very weak
(highly unstable). Overall, the research results
suggest the ability of the developed non-linear
multi-factorial fuzzy classification system to
classify the studied slopes. Also, the results
revealed that the slope stability could be evaluated
with high precision using the new fuzzy
classification system according to information
such as rock mass characteristics, intact rock
properties, rainfall, tectonic regime, groundwater
conditions, slope information, and blasting
method.
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