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Abstract

Traditional rock mass evaluation methods have three main limitations: (1) their application
depends largely on specialist judgment; (2) their discrete classification approach, such
as RMR (Rock Mass Rating) and SMR (Slope Mass Rating), leads to abrupt transitions
between categories; and (3) the interaction among geomechancial parameters is limited;
these aspects reduce their ability to represent slope behavior in a gradual manner. The main
objective of this research was to develop a model capable of representing gradual transi-
tions between geomechanical conditions and the interaction among parameters related to
susceptibility to instability. The model uses a hierarchical modular framework based on
the Mamdani fuzzy inference mechanism, allowing the incorporation of expert knowledge
through linguistic rules. It is implemented in a graphical environment that allows users
to directly use geomechanical parameters obtained through conventional characterization
or from three-dimensional digital models derived from UAV (Unmanned Aerial Vehicle)
photogrammetry. Model consistency was evaluated through a sensitivity analysis, which
verified the model’s response coherence across variations in input parameters. The graphi-
cal evaluation tool was then applied to three real case studies with different geomechanical
configurations, and the results were compared with those from traditional methods (RMR
and SMR). The results showed differences between traditional and fuzzy approaches, as
our proposal links recommendations to specific geomechanical conditions across different
evaluation levels, identifying conditions for potential intervention measures. In addition,
the model enables the zonification of instability susceptibility, facilitating its use in fu-
ture risk analyses. Our model is intended for application under normal slope conditions,
without accounting for extreme events or external dynamic loads, such as seismic activity,
groundwater level variations, infiltration, or high-mountain conditions.

Keywords: instability susceptibility; fuzzy logic; rock slopes; hierarchical modular model;
UAV photogrammetry; geomechanical characterization
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1. Introduction

Rock slope instability susceptibility assessment is often a critical issue in civil and
geotechnical engineering, particularly in the development and operation of transportation
infrastructure, as slope failures may lead to severe consequences, including loss of life,
economic losses, and social impacts. Instability susceptibility refers to the degree to which
a slope presents geomechanical conditions favorable for the development of movements,
regardless of the presence of a specific failure mechanism. Therefore, its assessment allows
potentially critical areas to be identified and stabilization and intervention measures to be
proposed within geotechnical analysis and risk management.

However, instability susceptibility assessment is a complex process due to the hetero-
geneity of rock masses and the interactions among multiple geomechanical parameters.
Susceptibility does not depend on a single parameter, but rather on the combined in-
fluence of rock mass properties, the discontinuity system, slope geometry, and physical
conditions [1,2]. This complexity introduces uncertainty and subjectivity into data inter-
pretation, leading to a strong reliance on expert judgment. In practice, the quality of
the assessment may vary significantly with the engineer’s experience, which can be an
important limitation to the replicability and consistency of geotechnical analyses.

Rock slope susceptibility assessment has traditionally been addressed through geome-
chanical classification systems such as Rock Mass Rating RMR [3] and Slope Mass Rating
(SMR) [4]. In the case of RMR, several geomechanical parameters are assigned to specific
classes with corresponding ratings, which are subsequently accumulated to estimate the
overall quality of the rock mass. On the other hand, SMR is an extension of the RMR
method, using the basic classification as a starting point and applying correction factors
related to the failure mechanism and the geometric relationships between discontinuities
and slope orientation to evaluate slope stability conditions.

These methods present complementary approaches, where RMR is focused on deter-
mining rock mass quality and SMR on slope stability assessment. However, both methods
represent geomechanical information in discrete classes and ranges and assume that the
parameters behave independently [1]. As a consequence, the interaction among rock mass
properties, discontinuity characteristics, and slope geometry is not explicitly represented,
even though these conditions may be highly variable. Furthermore, discretizing parameters
into predefined ranges produces abrupt transitions between classification categories, so
even very small variations in input values can lead to differences in the final classification
and limit the ability of these methods to represent the uncertainty associated with rock
masses. Particularly, this type of representation restrains the ability to describe the gradual
evolution of the conditions that favor instability susceptibility.

These limitations pose a significant problem because instability susceptibility cor-
responds to a condition in which several geomechanical factors interact simultaneously,
progressively modifying the susceptibility of the slope to instability. For example, param-
eters such as roughness, degree of weathering, and moisture conditions correspond to
characteristics that evolve progressively and therefore influence slope instability susceptibil-
ity [5]. This shows that the representation of rock mass behavior through discrete methods
is inherently limited. Consequently, representing susceptibility through rigid categories
makes it difficult to adequately describe the natural variability of geomechanical behavior.

The evaluation of instability susceptibility has been widely studied in the literature
through different approaches, including multi-criteria methods, statistical models, and
machine learning techniques, which aim to identify potentially unstable areas based on
conditioning factors [1,2]. In general, susceptibility is defined as the propensity of a terrain
to develop movements based on its intrinsic conditions, without explicitly considering the
time of occurrence of the event [5].
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Furthermore, the literature distinguishes between slope stability assessment and
landslide susceptibility evaluation, which are typically addressed using different method-
ological approaches [6]. While stability analysis is focused on evaluating specific failure
mechanisms or safety factors, susceptibility approaches aim to identify conditions that may
favor the occurrence of instability.

Several studies have implemented fuzzy models for stability and instability susceptibil-
ity assessment. For example, fuzzy expert systems have been developed for the assessment
of toppling failure mechanisms in rock slopes [7], as well as approaches for stability analysis
under sliding conditions through the identification of critical blocks [8], Mamdani-type
models for rock slope risk assessment [9], and hybrid models combining fuzzy and machine
learning for early risk evaluation [10].

Despite these advances, several fuzzy models [7-9] for rock slope stability assessment
integrate all geomechanical information into a single inference system, which complicates
their interpretation and calibration [8,9]. Consequently, the influence of each group of
geomechanical parameters on slope behavior cannot be clearly identified. In addition,
a large proportion of existing approaches do not explicitly address the generation of
geotechnical recommendations, focusing only on determining stability class or rating. In
practice, however, it is necessary not only to assess the geomechanical conditions, but
also to identify the factors that favor instability susceptibility and to establish intervention
measures based on the site’s specific conditions.

These differences highlight the need to develop evaluation tools capable of adequately
representing the interaction among the geomechanical conditions that control instability
susceptibility. In this sense, it is necessary to adopt approaches that not only consider
the influence of multiple parameters, but also allow modeling the gradual transitions of
geomechanical conditions, avoiding the limitation associated with discrete classifications.

The present work proposes an evaluation tool based on Mamdani-type fuzzy logic,
structured through a hierarchical modular model. This approach integrates different
geomechanical parameters through progressive evaluation levels, combining the geometric
stability of the slope and its physical conditions to determine the system’s overall condition.
This condition is interpreted as a continuous instability susceptibility index, allowing the
identification of the conditions that favor the occurrence of slope movements. Furthermore,
the proposed model enables the zonation of slope susceptibility to instability, particularly
in road infrastructure, facilitating risk management strategies and maintenance planning.

External dynamic factors such as groundwater level variation, rainfall-related infiltra-
tion processes, and seismic effects are not explicitly considered, as the model focuses on the
evaluation of instability susceptibility based on the geomechanical conditions of the rock
mass and the slope geometry. Furthermore, the approach is oriented toward identifying
potential instability conditions, with the aim of supporting the zoning of road sections for
their conservation and maintenance.

As part of our research, we developed an assessment tool based on a Mamdani-type
fuzzy inference mechanism through a hierarchical modular model. Each module represents
a specific geotechnical condition defined by the interaction of two or more geomechanical
parameters, whose output used as input to the subsequent evaluation level. The structure
allows gradual transitions among different groups of geomechanical variables related to
instability susceptibility. In addition, the assessment tool can use information from both
traditional field surveys and digital characterization techniques.

The main contributions of this research are summarized as follows:

1. A hierarchical modular fuzzy model was developed to assess susceptibility to instabil-
ity in rock slopes, based on fuzzy logic,in which different geotechnical parameters are
interconnected through modules that represent specific geotechnical conditions. This
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enables the interpretation of intermediate evaluation states, facilitating the identifica-
tion of conditions that favor instability susceptibility.

2. A graphical evaluation tool was developed based on the proposed model, in which
the input data are entered in their original measured form, while the environment
internally automates variable normalization, execution of the fuzzy inference systems,
and result generation, facilitating its practical application using real geomechanical
data. The code is located in https://marsella94.github.io/FISlope/ (accessed on
7 July 2026).

3. A recommendation activation scheme was integrated into the model, in which sta-
bilization measures are associated with the geotechnical conditions identified dur-
ing the final stage of the evaluation process. This allows recommendations to be
linked to the factors that favor instability susceptibility, rather than relying solely on a
final classification.

4. The model was validated using real-world case studies and compared with the results
obtained from traditional geomechanical classification systems (RMR and SMR), as
well as through a sensitivity analysis that allowed the evaluation of the consistency of
the model response and the identification of the most influential parameters.

Our work aims to contribute to the development of evaluation tools that support
decision-making in the stabilization of rock slopes through systems capable of represent-
ing the interaction among different geomechanical parameters and the gradual transi-
tion associated with rock mass behavior, with the goal of improving the assessment of
instability susceptibility

2. Related Work on Rock Slope Stability Assessment

Slope stability assessment has traditionally been addressed using analytical and nu-
merical methods, including limit-equilibrium methods, kinematic analyses, and finite- or
discrete-element methods. These techniques estimate slope behavior based on geotechnical
or geomechanical parameters, providing indicators such as the factor of safety and the
probability of specific failure mechanisms. However, their application is often affected by
the uncertainty associated with rock mass characterization, material heterogeneity, and the
complexity of geological conditions encountered in the field [11,12].

In parallel, advances in digital photogrammetry, LIDAR, and unmanned aerial vehi-
cles have advanced methodologies for the remote characterization of rock masses. Sev-
eral authors have proposed techniques for the automatic identification of discontinu-
ities, the determination of orientations, spacings, and persistence, and the generation of
three-dimensional models for geomechanical analysis [13-15]. These tools have improved
data acquisition in inaccessible slopes while reducing personnel exposure during fieldwork.
Nevertheless, most studies focus on the extraction and characterization of geomechanical
parameters without directly addressing their integration into models for stability assess-
ment or movement susceptibility evaluation.

Over the last decade, artificial intelligence techniques have gained increasing relevance
in slope stability analysis. Several studies have employed machine learning algorithms,
including Support Vector Machine (SVM), Random Forest (RF), Artificial Neural Networks
(ANN), and hybrid models optimized through evolutionary algorithms to predict sta-
bility indices, factors of safety, or levels of movement susceptibility [11,12,16,17]. These
approaches have demonstrated a high predictive capability by identifying complex relation-
ships among multiple geotechnical variables. However, many of these models prioritize
predictive performance over interpretability, making it difficult to understand the individ-
ual influence of geomechanical parameters and limiting their use as decision-support tools
in engineering practice [11,12,17].

https:/ /doi.org/10.3390/app16157706


https://marsella94.github.io/FISlope/
https://doi.org/10.3390/app16157706

Appl. Sci. 2026, 16, 7706

5 of 37

In the evaluation of slope susceptibility using machine learning techniques and remote
sensing studies such as [2] have combined deformation monitoring through SBAS-InSAR,
a satellite-based interferometric technique that allows the analysis of ground displacement
with high precision using time series, with Support Vector Machine algorithms to assess
slope hazard susceptibility, demonstrating the capabilities of hybrid approaches.

Similarly, recent studies such as [6] have applied methodologies for stability assess-
ment and susceptibility mapping in the development of predictive models in complex
geological areas. However, these approaches are mainly oriented toward prediction, and
therefore their geotechnical interpretation is not direct, which limits their use as decision-
support tools in engineering.

On the other hand, fuzzy logic has been widely adopted as an alternative frame-
work for representing the uncertainty inherent in geological material and geotechnical
assessment processes. Unlike methods based on discrete classifications, fuzzy systems
incorporate expert knowledge through linguistic rules and membership functions, allowing
gradual transitions between different stability conditions. Several studies have applied
this methodology to rock slope stability assessment, geomechanical classification, and
geotechanical risk evaluation [7,8,10,18-20].

Specifically in the field of rock slope stability, refs. [7,8] developed fuzzy models
to evaluate specific failure mechanisms, including planar sliding, wedge failures, and
block toppling. Similarly, ref. [18] proposed a fuzzy logic-based methodology for stability
assessment using the Q-Slope system. In addition, ref. [10] developed a fuzzy neural
network approach for early risk warning of highway soft-rock slope groups, showing the
potential of combining fuzzy reasoning and machine learning for risk identification under
uncertain geotechnical conditions. These studies demonstrate the capability of fuzzy-based
systems to incorporate uncertainty and support geotechnical decision-making.

However, a large proportion of the fuzzy models reported in the literature integrate all
input parameters within a single inference stage or are coupled with data-driven learning
structures. As a consequence, the number of required rules may increase considerably
as new variables are incorporated, while the physical interpretation of the contribution
of each geomechanical parameter can become more difficult [10,18]. Furthermore, many
of these approaches are oriented towards evaluating specific failure mechanisms, risk
levels, or stability indices, thereby limiting independent analysis of different groups of
geomechanical parameters and their influence on the overall behavior of the slope.

In addition, several studies have explored the application of artificial intelligence
techniques to complement or automate widely used rock mass classification systems such
as RMR, GSI, and Q-System [11,16]. Although these approaches help improve rock mass
characterization procedures, they generally focus on obtaining geomechanical indices
and do not establish an explicit relationship among rock mass quality, slope movement
susceptibility, and the definition of mitigation measures for risk management.

Table 1 summarizes some of the main approaches in the literature regarding digital
rock mass characterization, artificial intelligence, and fuzzy logic applied to geomechanical
classification and slope stability problems.

Based on the reviewed literature, there remains a need for methodologies capable of
integrating multiple geomechanical parameters within structured and interpretable models
that explicitly represent the interaction among rock mass quality, Furthermore, a limited
number of studies have focused specifically on evaluating slope movement susceptibility
as an integrated geomechanical system and on generating intervention recommendations
directly derived from the assessment process [10,12,16,18].
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Table 1. Representative studies on digital characterization, artificial intelligence, and fuzzy logic
applied to rock slope assessment.

Reference  Category Contribution

[15] Digital characterization Review of automated discontinuity extraction techniques from 3D models.

[13] Digital characterization =~ Automatic discontinuity identification from point clouds.

[14] Digital characterization UAV-based discontinuity interpretation and rockfall identification.

[12] Artificial intelligence Review of machine learning applications for slope stability prediction.

[16] Artificial intelligence Al-based rock mass classification systems.

[8] Fuzzy logic Fuzzy assessment of planar and wedge failures.

[7] Fuzzy logic Fuzzy evaluation of block toppling susceptibility.

[18] Fuzzy logic Stability assessment based on a fuzzy Q-Slope approach.

[10] Fuzzy logic Early warning of highway soft-rock slopes using fuzzy neural networks.

[19] Fuzzy logic Fuzzy-based geotechnical stability assessment.

[20] Fuzzy logic Fuzzy cognitive maps for uncertainty analysis.

Thi . Hierarchical modular assessment of movement susceptibility and
isstudy  Fuzzy logic

intervention recommendations.

To address these limitations, this research proposes a hierarchical, modular Mamdani-
type fuzzy inference system to assess the susceptibility of rock slopes to movement. The
proposed framework integrates commonly used geomechanical parameters via intercon-
nected modules that represent different aspects of rock mass behavior. This organization
preserves the interpretability of the assessment process, explicitly incorporates the uncer-
tainty associated with geomechanical information, and enables the analysis of the influence
of different groups of variables on the overall response of the system.

3. Materials and Methods

The methodology presented in this research consists of obtaining geomechanical
information from the rock slope using conventional characterization techniques and
three-dimensional digital models, from which the geomechanical parameters required
by the hierarchical fuzzy model are extracted to derive instability susceptibility indices
and stabilization recommendations. In the following subsections, we describe this process
in detail.

3.1. Data Collection and Geomechanical Characterization from Photogrammetric Products

The geomechanical information used by the model can be obtained through conven-
tional field surveys or digital characterization techniques, such as photogrammetry using
Unmanned Aerial Vehicles (UAVs). This technique allows the generation of detailed digital
models of the rock slope, enabling specialists to identify, measure, and interpret both
quantitative and qualitative geomechanical parameters remotely. In a previous work [21],
a methodology is presented for generating three-dimensional digital models via UAV
photogrammetry, which can be used to derive geomechanical parameters related to dis-
continuities and slope geometry. The parameters obtained can be used for geomechanical
characterization and slope stability analysis.

UAV photogrammetry involves acquiring overlapping images from different posi-
tions and observation angles of the slope face, considering factors such as georeferencing,
environmental conditions, and flight parameters. Subsequently, the captured images are
processed using algorithms such as Structure-from-Motion (SfM), which reconstructs a
digital model by identifying point correspondences through overlap between photographs.
This process generates several digital products, including point clouds, triangular meshes,
and textured models, which provide a more detailed representation of the slope surface,
geometry, and surface conditions.
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One of the main products of photogrammetry is the three-dimensional point cloud,
which can be processed with clustering algorithms to identify discontinuity sets. This
facilitates analysis of the discontinuity system’s influence on the slope’s orientation and dip.

Likewise, products such as meshes and textured models allow specialists to perform
digital measurements to obtain geomechanical parameters such as persistence, spacing,
aperture, and Rock Quality Designation (RQD). In addition, Digital Elevation Models
(DEMs) can be used to estimate Joint Roughness Coefficient (JRC) values as part of the
surface characterization of discontinuities.

Furthermore, the use of multi-spectral cameras enables the generation of spectral
indices, such as the Normalized Difference Water Index (NDWI), for detecting moisture.

The extracted geomechanical parameters serve as input variables for the modular
hierarchical model, enabling the integration of information on rock mass quality, the
geometric and physical properties of discontinuities, and slope geometry.

To ensure the reliability of the information obtained from the photogrammetric prod-
ucts, key factors influencing the quality of the generated digital models were considered,
such as ground resolution (GSD), point cloud density, and the presence of vegetation. These
factors allow for sufficient detail to identify and interpret geomechanical parameters and
surface conditions.

The dense point cloud constitutes the main product of the photogrammetric process
and was subjected to a preprocessing stage that included manual and semi-automated
cleaning of elements not belonging to the slope, as well as vegetation removal. In addition,
a controlled reduction of the point cloud density was carried out in order to adequately
represent the rock mass without affecting the quality required for the semi-automated
identification and extraction of discontinuity properties.

Regarding georeferencing, different reference methods were used, such as Post-
Processed Kinematic (PPK) and ground control points (GCP’s), which allowed achieving an
adequate level of accuracy for the geomechanical characterization purposes of this study.

On the other hand, the normalized difference water index (NDWI) was used as a
complementary indicator for the identification of surface moisture conditions. For its
interpretation, ranges reported in the literature [22] were taken as reference. However,
these were not used as strict classification thresholds, but rather as supporting criteria
within the analysis.

3.2. General Description and Model Approach

Rock slope stability assessment requires consideration of multiple geomechanical
parameters, including rock mass quality, discontinuity characteristics, slope geometry,
and surface conditions. In this work, a model based on a Mandani-type fuzzy infer-
ence system is proposed to integrate these conditions within a continuous geotechnical
evaluation framework.

The information used by the model can be obtained through conventional field sur-
veys, digital interpretation of three-dimensional models, or photogrammetric acquisition
techniques previously developed in [21]. These methodologies enable characterization
of geometric and surface condition parameters of the rock mass, which serve as input
variables for the system.

The evaluation is developed through a hierarchical, modular process that relates the
geometric and physical conditions of the rock mass to derive a continuous slope-stability
index. This approach allows the behavior of the rock mass to be analyzed by considering
the combined influence of the different parameters involved in instability susceptibility.

https:/ /doi.org/10.3390/app16157706
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Slope evaluation is performed by identifying and classifying geomechanical parame-
ters observed directly in the field or through digital interpretation of the rock mass. The
operator must evaluate variables related to rock mass quality, discontinuity system ge-
ometry, surface condition, and slope geometric configuration, which are entered into the
evaluation environment developed for the fuzzy system. This procedure allows geome-
chanical site information to be organized in a structured manner and partially reduces the
subjectivity associated with conventional analysis.

3.3. Hierarchical Modular Fuzzy Model

The proposed model is structured as a Mamdani-type fuzzy inference system orga-
nized under a hierarchical modular approach. The architecture comprises eleven intercon-
nected inference modules that decompose the stability evaluation process into multiple
levels of analysis, facilitating the progressive integration of geomechanical information.

Each module receives normalized geomechanical variables in the range 0 to 1, as
well as intermediate outputs from other modules. The normalization process provides a
common basis for comparison, since, depending on the nature of each parameter, values
close to 1 may indicate either favorable or unfavorable conditions.

The model structure is defined by the following modules:

*  Rock mass quality: evaluates the mechanical properties and overall quality of the rock
mass based on parameters such as strength and degree of fracturing (RQD).

e  Structural definition: evaluates discontinuity system characteristics, such as spacing
and persistence, to represent block configuration within the rock mass.

*  Discontinuity geometric condition: considers the orientation of discontinuities relative
to slope geometry, evaluating their influence on slope stability.

. Discontinuity contact: analyzes the interaction between surfaces, considering variables
such as aperture and roughness.

¢  Contact quality: evaluates the influence of infilling material on the shear strength
of discontinuities.

. Surface condition: evaluates weathering and moisture conditions of discontinuities,
reflecting environmental effects on stability.

¢  Physical condition: represents the overall physical state of the discontinuity system by
integrating contact quality and surface conditions.

*  Slope geometric condition: considers slope geometry, such as height and inclination,
as factors influencing geometric stability.

*  Block hazard: evaluates the presence and size of potentially unstable rock blocks.

*  Geometric stability: integrates conditions related to discontinuity geometry, slope
geometry, and block hazard.

*  (Global stability: represents the final output of the model, integrating all evaluated
conditions to generate a continuous slope stability index.

Each module produces intermediate outputs that are progressively integrated until a
global stability index is obtained, expressed as a continuous value in the range [0, 1].

The hierarchical relationship among modules and the information flow within the sys-
tem are shown in Figure 1, which illustrates the model’s organization and the interactions
among different levels of analysis.

This structure reduces model complexity, facilitates calibration, and improves the
interpretation of results by explicitly identifying each group of variables’ contribution to
the final stability assessment.
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Figure 1. Hierarchical modular architecture of the proposed Mamdani fuzzy inference model for rock
slope stability assessment.

3.3.1. Fuzzy Membership Functions

The model’s input and output variables are represented by fuzzy membership func-
tions defined over the normalized range [0, 1], enabling modeling of the progressive
transition between different stability states.

The selection of the membership function type was based on each parameter’s ex-
pected behavior and its influence on slope stability. For this purpose, different types of
functions were employed, including sigmoidal, S-shaped, and Z-shaped functions, as well
as Gaussian, generalized bell-shaped, and trapezoidal functions, in order to adequately
represent both gradual transitions and intermediate states, as well as the extreme conditions
of each parameter.

Each variable was defined using five linguistic terms, allowing a detailed represen-
tation of intermediate system conditions. However, for variables associated with block
presence, only three membership functions were used, as their characterization is based on
practical classification criteria commonly used in geomechanical field assessments.

For the definition of the linguistic labels and their corresponding ranges, the most com-
monly used geomechanical classification systems, such as RMR [3] and SMR [4], were used
as reference. We used their variables as reference thresholds adapted to normalized ranges
of [0, 1], maintaining consistency between the proposed model and engineering practice.

On the other hand, the overlap between membership functions was intentionally
defined to represent the gradual transition between geomechanical conditions, in order
to avoid abrupt changes in the evaluation results and to more realistically represent the
granularity of conditions where the boundaries between states are not clearly defined.

For model implementation, the input variables were normalized within a range of 0 to
1 using a min-max normalization scheme, defined as:

Yoy = ——min_
Xmax — Xmin
where x is the original value of the variable, and x,,;, and x;;,x correspond to the min-
imum and maximum values defined for each parameter. This normalization allows all
variables to be expressed within the same domain, facilitating the construction of the
membership functions.

https:/ /doi.org/10.3390/app16157706


https://doi.org/10.3390/app16157706

Appl. Sci. 2026, 16, 7706

10 of 37

An example is presented using the variable RQD, which has an original range from 0
to 100 according to the RMR classification. This range was transformed into the normalized
interval [0, 1]. Based on this transformation, the membership functions corresponding to
the linguistic labels Very Poor, Poor, Fair, Good and Excellent were defined, using S-shaped
and Z-shaped functions at the extremes and bell-shaped functions for the intermediate

classes, as shown in Figure 2.

Excellent
Poor

0.5 [ \ |

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

RQD

Figure 2. Membership functions defined for the RQD variable in the normalized range [0, 1].
Five linguistic labels (Very Poor, Poor, Fair, Good, and Excellent) are represented using S-shaped and
Z-shaped functions at the extremes and bell-shaped functions for intermediate classes.

Additionally, the gradual overlap between classes can be observed, which al-
lows the representation of uncertainty between categories in traditional classifications.
The parameters of the membership functions were defined according to the expected
geomechanical behavior.

This procedure is applied to the rest of the input variables, adjusting the parame-
ters of the membership functions according to the nature, significance, and behavior of
each variable.

Table 2 shows the types of membership functions assigned to each input parameter
of the fuzzy inference system. Additionally, an appropriate overlap between membership
functions was defined to avoid abrupt transitions and to ensure a more robust inference
within the system.

The membership functions defined for the output variables of the model are shown in
Figure 3. These correspond to the geometric stability (a) and global stability (b) modules,
where five linguistic terms are used to represent the transition between different stability

conditions, taking as reference the RMR and SMR classification methods, adapting them to

a normalized range of 0 to 1.
The configuration of these functions allows the obtained values to be directly related

to defined stability states, showing intermediate conditions between them, which facilitates
the interpretation of the model results based on the evaluated geomechanical conditions,

without relying on abrupt changes between categories.

https:/ /doi.org/10.3390/app16157706


https://doi.org/10.3390/app16157706

Appl. Sci. 2026, 16, 7706

11 of 37

Table 2. Membership functions and linguistic labels used for the input variables of the proposed

fuzzy inference model.

Parameter Membership Function Linguistic Labels

RQD S-shape/Generalized bell/Z-shape Excellent/Good /Fair/Poor/Very Poor

Strength S-shape/Difference of sigmoids/Z-shape Very Good/Good /Fair/Poor/Very Poor

Spacing Sigmoid/Difference of sigmoids Very Wide/Wide/Moderate/Close/ Very Close
. . . . . . Not Persistent/Low Persistence/Moderate

Persistence Sigmoid/Difference of sigmoids

Orientation effect

Aperture
Roughness (JRC)
Infilling material
Weathering

Moisture condition

Sigmoid/Pi-shaped
Sigmoid/Difference of sigmoids

Linear S-shape/Difference of sigmoids/Linear
Z-shape

Sigmoid /Generalized bell
Trapezoidal /Gaussian

Sigmoid /Gaussian

Persistence/Persistent/ Very Persistent
None/Low/Moderate/High/Very High
None/Slightly Open/Moderately
Open/Open/Very Open

Very Rough/Rough/Slightly
Rough/Undulating /Smooth

None/Hard infill < 5 mm/Hard infill > 5 mm/
Soft infill < 5 mm/Soft infill > 5 mm
Fresh/Slightly Weathered /Moderately
Weathered /Highly Weathered /Decomposed
Dry/Slightly

Moist/Moist/Dripping/Flowing Water
Gentle/Moderately Inclined /Steep / Very

Slope inclination Steep/Subvertical

Sigmoid /Generalized bell

Slope height Sigmoid /Difference of sigmoids Very Low/Low/Moderate/High/Very High
Large blocks Sigmoid /Gaussian Lower Third/Middle Third/Upper Third
Medium blocks Sigmoid /Gaussian Lower Third/Middle Third/Upper Third
Small blocks Sigmoid/Gaussian Lower Third/Middle Third /Upper Third
Unstable Very Stable | Unstable Very Stable
1.0 /’/‘\\ 1.0
05 ‘J‘ ‘ 0 \%
““‘ “‘ |
| \
/ﬁ
/ / k\.\
L~ — ~ S — \
0 0
0 0.1 02 03 04 05 06 07 08 09 10 0 0.1 0.2 03 04 05 06 07 08 09 10
Geometric Stability Global Stability
(a) (b)

Figure 3. Membership functions for the output variables of the fuzzy model: (a) geometric stability
and (b) global stability, defined in the normalized range [0, 1] using five linguistic labels (Very
Unstable, Unstable, Fair, Stable, Very Stable).

3.3.2. Fuzzy Model Rules

The relationships between the model’s input and output variables are defined by a set
of fuzzy if-then rules that establish logical connections between geomechanical parameters
and slope stability conditions.

The hierarchical modular structure allowed the problem to be decomposed into less
complex inference systems, facilitating the engineering approach to generate the rules
according to the specific geotechnical conditions they represent. Therefore, the rules base
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was developed considering the interaction between geomechanical parameters, with the
objective of representing characteristic conditions of rock slope behavior. The rules were not
defined arbitrarily. We first generated the rules by considering all possible combinations,
then we eliminated those that do not represent real geomechanical scenarios.

Hence, the number of rules for each module is determined by the specific combinations
of real geotechnical conditions, responding to the need to adequately represent the relevant
interactions among geomechanical parameters.

Likewise, the hierarchical modular structure allows the rule base to be distributed
into simpler inference subsystems, avoiding the generation of excessively large sets of
rules in a single system, thus reducing redundancy without affecting the consistency of the
system response.

Based on this approach, the rule base was structured according to geomechanical
principles and expert judgment, considering the influence of each parameter on the rock
mass’s mechanical behavior. In this sense, the rules represent known relationships, such as
the effect of discontinuity orientation relative to the slope, the influence of surface conditions
and infilling material on shear strength, and the role of block size and distribution in
potential instability mechanisms.

Each rule was constructed by combining input variables using fuzzy logical operators.
The AND operator represents the intersection of simultaneous conditions, enabling the
evaluation of scenarios in which multiple factors jointly influence slope stability. On the
other hand, the OR operator is used in unitary rules or when a single condition is sufficient
to activate a system response, representing situations in which a single parameter can
significantly influence stability.

Accordingly, each inference module has its own set of rules, which operate on spe-
cific groups of variables. These sets generate intermediate outputs that are progressively
integrated at higher levels of the system until the geometric stability and global stability
indices are obtained. In Appendix A we describe the rules of the geometric stability and
global stability.

Furthermore, the rule base was designed to represent both favorable and unfavorable
conditions, enabling evaluation of different stability scenarios across a wide range of
geomechanical configurations.

Table 3 presents the number of rules defined for each inference module, as well as the
total number of rules used in the model.

Table 3. Number of fuzzy rules defined for each inference module.

Inference Module Number of Rules
M1. Rock mass quality 26
M2. Structural definition 25
M?7. Discontinuity geometric condition 25
M3. Discontinuity contact 27
MS8. Contact quality 26
M4. Surface condition 26
MO9. Physical condition 27
MS5. Slope geometric condition 28
M6. Block hazard 32
M10. Geometric stability 80
M11. Global stability 125
Total 447
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3.3.3. Inference Mechanism and Defuzzification

Based on the previously defined rule base, the model evaluates interactions among
input variables through a fuzzy inference process that integrates the slope’s different
geomechanical conditions.

The inference process is carried out by evaluating the fuzzy rules using the minimum
operator to represent the intersection of conditions (AND) and the maximum operator
to aggregate the outputs of the activated rules. This approach allows the integration of
multiple conditions and the representation of parameters for slope stability.

Once the aggregated fuzzy output is obtained, defuzzification is applied to convert
it into a continuous numerical value. For this purpose, the centroid method is used to
compute the representative value of the resulting fuzzy set.

The model’s final output is a continuous stability index in the range [0, 1], where
values close to 1 indicate more favorable stability conditions and values close to 0 indicate
less favorable conditions.

This approach enables continuous, consistent evaluation of slope conditions by inte-
grating information from multiple parameters within a unified analytical framework.

The proposed model was implemented using a first-order Mamdani-type fuzzy infer-
ence system, as it allows the representation of expert knowledge through linguistic rules,
which is appropriate in the geotechnical context, since it enables the establishment of direct
relationships between input parameters and stability conditions in linguistic terms.

Although other approaches exist, such as Sugeno-type systems, which use mathemat-
ically defined output functions, this makes their interpretation in linguistic terms more
difficult and limits their direct association with specific geotechnical conditions. In addition,
this type of system is commonly used in industrial process control, where computational
efficiency and mathematical optimization are prioritized. Therefore, the Mamdani ap-
proach is more suitable for representing the uncertainty associated with the qualitative
interpretation of geomechanical parameters.

While Sugeno-type systems may offer advantages in terms of computational efficiency,
their use is less appropriate in problems where interpretability and linguistic representation
are essential, such as in the geomechanical characterization of slopes, where both qualitative
and quantitative parameters are involved.

On the other hand, type-2 fuzzy systems are capable of representing higher levels of
uncertainty; however, they require greater computational complexity and calibration effort.

3.4. Fuzzy Model Response Analysis

The response surfaces for geometric stability and global stability modules were evalu-
ated to analyze the behavior of the fuzzy inference mechanism and the interactions among
different groups of geomechanical parameters. These surfaces allow visualization of the
relationship between the rock mass’s geometric and physical conditions, as well as their
combined influence on slope stability.

The response surfaces reflect gradual transitions between stability stages, allowing
continuous representation of variation in slope-stability behavior. This behavior is primarily
associated with the system’s modular and hierarchical structure.

Unlike traditional discrete approaches, surfaces generated using fuzzy logic can repre-
sent intermediate scenarios and nonlinear relationships among geomechanical variables,
avoiding abrupt changes in system response due to small variations in input parameters.

3.4.1. Geometric Stability

Geometric stability integrates the influence of the geometric conditions of disconti-
nuities, the geometric condition of the slope, and the hazard associated with potentially
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unstable blocks. The geometric condition of discontinuities describes the relationship
between the structural configuration of the rock mass and the orientation of discontinuities
relative to the slope geometry, whereas the geometric condition of the slope considers pa-
rameters related to slope inclination and height. In turn, the block hazard module evaluates
the presence and distribution of blocks susceptible to detachment within the rock mass.

Figure 4 presents the response surfaces corresponding to the geometric stability mod-
ule. Surface (a) reflects the interaction between the geometric condition of discontinuities
and the hazard associated with potentially unstable blocks, where geometric stability in-
creases as the structural configuration of the rock mass improves, and the hazard related to
detachable blocks decreases.

On the other hand, surface (b) shows the relationship between the geometric condition
of discontinuities and the geometric condition of the slope, evidencing that unfavorable
slope geometric conditions can progressively reduce geometric stability, even when the
discontinuity system presents relatively favorable configurations.

Finally, surface (c) indicates that geometric stability does not depend solely on the
orientation of discontinuities or on slope geometry individually, but rather on the combined
interaction between these conditions and the presence of potentially unstable blocks. This
behavior enables the representation of intermediate scenarios and nonlinear relationships
among geomechanical variables within a continuous evaluation framework.

Geometric Condition of Discontinuities

Geometric Stabily

Slope Geometric Condiion

(©)
Figure 4. Response surfaces associated with the geometric stability module: (a) discontinuity geo-
metric condition versus block hazard, (b) discontinuity geometric condition versus slope geometric
condition, and (c) slope geometric condition versus block hazard.

3.4.2. Global Stability

Global stability represents the final output of the fuzzy inference system, integrating
the influence of rock mass quality, the physical condition of discontinuities, and the geo-
metric stability of the slope. Rock mass quality considers parameters related to the RQD
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index and intact rock strength, while the physical condition encompasses aspects related to
surface condition, infill presence, roughness, and moisture within the discontinuities.

Figure 5 presents the response surfaces corresponding to the global stability module.
In general, the surfaces indicate that slope stability increases progressively as the rock mass
exhibits more favorable structural, physical, and geometric conditions. Likewise, gradual
transition zones between stability states can be observed, allowing intermediate scenarios
to be represented within the evaluation process.

Surface (a) shows the interaction between rock mass quality and the physical condition
of discontinuities. It is observed that scenarios involving poor rock mass quality and unfa-
vorable physical conditions of discontinuities tend to lead to more critical stability states.
In particular, the presence of moisture, infill, and altered surfaces progressively reduces
the slope’s global stability. In contrast, as the structural and physical conditions of the rock
mass improve, global stability increases continuously throughout the evaluation process.

On the other hand, surface (b) reflects the relationship between rock mass quality and
geometric stability. It is observed that even when the rock mass exhibits favorable quality,
unfavorable geometric conditions may limit the slope’s global stability. This evidence
shows that stability depends not only on the structural quality of the rock mass but also on
the geometric configuration and conditions associated with susceptibility to instability.

Finally, surface (c) shows the interaction between geometric stability and the physical
condition of discontinuities, indicating that global stability does not depend exclusively
on geometric or physical conditions evaluated in isolation, but rather on their combined
interaction. This behavior allows nonlinear relationships and intermediate scenarios to be

represented within the fuzzy evaluation framework.

Physical conditon of iscontinuiies 0o

027 s

e
Rt Rock mass qualty

Physical condtion of discontinities.

(0)
Figure 5. Response surfaces associated with the global stability module: (a) rock mass quality
versus physical condition of discontinuities, (b) rock mass quality versus geometric stability, and
(c) geometric stability versus physical condition of discontinuities.
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3.5. Sensitivity Analysis and Sampling Strategy

A sensitivity analysis was conducted in order to evaluate the influence of the input
variables on the response of the proposed model. For this purpose, a sampling scheme
based on Monte Carlo simulations was employed, in which the geomechanical variables
were represented using probability distributions of the normal, lognormal, beta, and
uniform types; these distributions were assigned according to the nature of each geome-
chanical variable. From these distributions, independent random samples were gener-
ated for each variable, constructing input vectors that represent different combinations of
geomechanical conditions.

Each simulation is represented by an input vector of the form:

xK) = {xy(),xgk), . ,x%)} (@)

(k)

where each variable x;"’ is sampled from a probability distribution f;(6;), i.e:

2~ £i(6) @)

Two analysis approaches were considered: (1) 5000 random samples were generated,
considering five conditioned scenarios associated with the five labels of the final model
output (Very Stable, Stable, Fair, Unstable, Very Unstable); (2) 10,000 unconditioned random
samples were generated.

The number of samples for each approach was defined based on a 95% confidence
level, using the following expression for the sample size:

Z-0\?
— 3
= (%) ®
where 71 is the number of samples, Z is the value associated with the confidence level

(Z =1.96 for 95%), o is the standard deviation, and E is the allowable error.
The confidence level is related to the confidence interval defined as:

Cl=x£27Z-— 4
X N (4)
Each set of samples was evaluated using the proposed hierarchical fuzzy model, obtaining
as output the geometric stability and global stability indices.
Subsequently, the influence of the input variables on the model output was quantified
using the Spearman rank correlation coefficient, defined as

6 d?

BRI

)
where d; represents the difference between the ranks of the input variable and the model
output. The magnitude of p was used to interpret the level of influence, where values close
to 0 indicate low influence and values close to 1 indicate high influence.

4. Results

The results presented in this section are organized into three parts. The first part
presents the results obtained from extracting geomechanical parameters using UAV pho-
togrammetry. The second part applies the proposed model to three real case studies with
different geomechanical conditions. Finally, the third part presents a comparison of the
results obtained with the proposed model and those from traditional geomechanical classi-
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fication systems. In general, the purpose is to analyze the model’s behavior, the consistency
of the results, and the coherence of the recommendations with respect to the geomechanical
conditions identified during the evaluation process.

The three case studies correspond to road rock slopes located in the state of Michoacan,
México. Table 4 summarizes the geographic location of each case study using UTM
coordinates. Cases 2 and 3 are located along the same road corridor, whereas the first case
was previously characterized in earlier work [21].

Table 4. Geographic location of the three case studies using UTM coordinates.

Case Road Section UTM Easting (m) UTM Northing (m) UTM Zone
Case 1 Former State Highway No. 171, Morelia-Péatzcuaro 262,935.56 2,171,905.92 14 N
Case 2 Cuitzeo—Pétzcuaro toll highway, km 12+200-13+000 260,819.90 2,194,426.54 14 N
Case 3 Cuitzeo—Pétzcuaro toll highway, km 12+600-12+800 260,831.11 2,194,258.75 14N

The case studies correspond to road slopes located in a region classified as seismic zone
C (moderate) according to the national regionalization [23]. The proposed model focuses
on analyzing instability susceptibility based on observable geomechanical conditions. In
this sense, the study is oriented toward its application in road slopes under representative
service conditions, rather than in extreme scenarios such as high mountain environments
or regions with intense seismic activity.

Therefore, the model should be interpreted as a tool for geomechanical susceptibility
assessment and not as a slope stability analysis under dynamic conditions.

To provide spatial and visual context for the analyzed cases, Figure 6 presents the
location of the three slopes along with their corresponding field views. These images allow
the identification of slope geometry and features that show material accumulation at the
slope toe.

As shown in Figure 6, different conditions can be observed among the analyzed
cases. In Case 1, discontinuities with apertures are identified, indicating a reduction in
the degree of contact between discontinuity planes. In Cases 2 and 3, accumulation of
detached material and blocks is observed at the slope toe, indicating the presence of block
instability conditions. These observations are consistent with the approach of this work,
which is based on the evaluation of instability susceptibility through the interaction of
geomechanical conditions.

To demonstrate the quality of the photogrammetric models used in this work, Table 5
presents the main characteristics of the models generated for each case study, including
ground resolution (GSD), the quality of the generated point clouds, the georeferencing
method used, and the reprojection error.

Table 5. Main characteristics of the photogrammetric models generated for each case study.

Case  GSD (cm/Pixel) Point Cloud Quality Georeferencing Reprojection Error

(px)
Case 1 0.23 High GCPs + total station 0.68
Case 2 1.24 High PPK + GCPs 0.86
Case 3 1.24 High PPK + GCPs 0.86

As shown in Table 5, the models present sufficient resolution for the geomechanical
characterization of the analyzed slopes, as the GSD values allow the identification of
discontinuities and surface conditions. The quality of the point clouds was high in all cases,
allowing an adequate representation of the rock mass for analysis.
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Figure 6. Location of the analyzed slopes and corresponding field views. (a) Map showing the

spatial distribution of the three case studies. (b) Field views of Case 1, highlighting fracture apertures
(red) and weathered zones (yellow). (c) Field view of Case 2, showing weathered zones (yellow),
medium-sized rock blocks (purple), and block accumulation at the slope toe (green dashed area).
(d) Field view of Case 3, illustrating large blocks in the upper slope (orange), medium-sized rock
blocks (purple), and block accumulation at the slope toe (green dashed area), reflecting conditions
associated with instability susceptibility and material transport toward the slope base.
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For georeferencing, different methods were used according to the survey conditions,
including the use of ground control points (GCPs) and PPK positioning, obtaining low
reprojection error suitable for geomechanical characterization.

In Cases 2 and 3, these were processed as part of the same photogrammetric model due
to their proximity, which explains the identical values of resolution and reprojection error.

Case 1 corresponds to a rock slope located along the former State Highway N° 171
between Morelia and Patzcuaro, in the state of Michoacan, México. The slope has an
approximate length of 100 m and a maximum height of about 14 m.

Case 2 corresponds to a rock slope located along the Cuitzeo-Patzcuaro toll highway
in the state of Michoacan, México, between km 12+200 and km 13+000. The slope has an
approximate length of 700 m and a maximum height of about 25 m. Due to its dimensions,
the geomechanical characterization was carried out using a representative analysis window
approximately 100 m long. During the field inspection, no significant variations in lithology
or geomechanical characteristics of the rock mass were identified; therefore, the selected
window was considered representative of the predominant conditions at the site.

Case 3 corresponds to a rock slope located along the Cuitzeo-Patzcuaro toll highway
in the state of Michoacan, México, between km 12+600 and km 12+800. The slope has an
approximate length of 200 m and a maximum height of about 20 m.

4.1. Geomechanical Characterization from Photogrammetric Products

The photogrammetric products enabled the extraction of the geomechanical parame-
ters required to implement the proposed model. To achieve this, the methodology proposed
in a previous work [21] for extracting geomechanical parameters from three-dimensional
digital models was followed, enabling the extraction of information on the discontinuity
system, slope geometry, and surface conditions.

For the three case studies, photogrammetric products were generated from images
acquired with a DJI Mavic 3M UAV to obtain both general information about the study site
and detailed information from the slope face. Two types of flights were carried out: (1) a
programmed double-grid flight aimed at capturing general information about the site, and
(2) a detailed manual flight over the slope surface. During image acquisition, environmental
conditions suitable for flight operations were considered, along with flight parameters such
as flight altitude, camera inclination angle, GSD, and image overlap percentage.

The acquired images were processed to generate photogrammetric products, including
point clouds, triangular meshes, and textured models, for each case study. These products
formed the basis for extracting the geomechanical parameters required for the evaluation.

For point clouds, a preprocessing stage was performed in which the slope surface area
was delineated, vegetation was filtered, and point cloud density was reduced before pro-
cessing with DSE. This tool employs clustering algorithms to identify the main discontinuity
sets, enabling analysis of the discontinuity system’s influence on slope geometry.

Furthermore, products such as triangular meshes and textured models enabled digital
measurements to obtain parameters such as persistence, spacing, aperture, slope height,
and slope dip. Likewise, they facilitated the identification of potentially unstable blocks
and surface alteration. In addition, Digital Elevation Models (DEMs) were used to estimate
the average Joint Roughness Coefficient (JRC) of the rock surface.

The multispectral images enabled the generation of spectral indices. In this study, the
NDWI (Normalized Difference Water Index) was employed, and its results were interpreted
using the ranges established by [22] for classifying moisture conditions, thereby identifying
the site’s moisture condition. With these elements, the geomechanical parameters required
to implement the proposed model were finalized.
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From the photogrammetric products, it was possible to identify the main discontinuity
sets and determine their dip direction and dip orientation, information that forms part
of the geomechanical characterization of the three case studies, which also allowed the
analysis of their behavior.

Additionally, a kinematic analysis of the slope was performed based on the identified
discontinuity sets, with the objective of identifying potential failure mechanisms. This
analysis was used as a complementary reference for the application of the SMR classification
and for developing the comparison between methods.

In contrast, the proposed model considers qualitative variables related to the interac-
tion between the overall slope geometry and the discontinuity system, which allows the
evaluation of instability susceptibility.

The three case studies correspond to road rock slopes developed in ignimbrite. Al-
though they share the same lithology, they exhibit different dip directions and dip orienta-
tions of the main discontinuity sets. These differences constitute one of the main factors
influencing susceptibility to instability and justify evaluating the proposed model under
different geomechanical scenarios.

Table 6 summarizes the dip direction and dip orientation of the main discontinuity
sets identified in each case study, together with a general description of the configuration
observed at each site.

Table 6. Main discontinuity sets identified in the three case studies.

Case Set Dip Direction (°) Dip (°) General Configuration

J1 51 76
J2 64 87 o o . o . a .
ase 1 13 39 83 Six discontinuity sets were identified, three of which exhibit orientations
10129 o J4 10 75 approximately parallel to the slope face toward the roadway, representing a
050°/74 J5 243 89 potentially unfavorable geometric condition.
J6 201 85
ase 2 J1 079 36 . o . . . . .
She 2 080 82 Three discontinuity sets were identified, whose orientations are approximately
056°/54° 13 050 79 parallel to the slope face, representing an unfavorable geometric condition.
ase 3 J1 279 37 Three discontinuity sets were identified, two of which exhibit orientations
ope ]2 295 87 approximately parallel to the slope face, representing an unfavorable
284/48 J3 258 82 geometric condition.

The identification and interpretation of the main discontinuity sets enabled the de-
termination of qualitative parameters, such as the orientation effect. In addition, the
photogrammetric products enable the determination of geometric, physical, and geome-
chanical properties through digital measurements, observations, and interpretations, while
the rock strength parameter was obtained from laboratory test. Together, these parameters
are used as input variables for the fuzzy inference system.

Table 7 summarizes the geomechanical parameters obtained for each of the three case
studies. These parameters correspond to the input values used during the evaluation
process of the proposed model.

In general, the three case studies exhibit differences in geometric parameters, such
as spacing, persistence, orientation effect, and block distribution, whereas parameters
including aperture, roughness, infill type, weathering degree, and moisture condition
present similar values. These differences represent different scenarios that were used to
evaluate the performance of the proposed model.
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Table 7. Geomechanical input parameters used for the evaluation of the three case studies.

Parameter Casel Case 2 Case 3

RQD 67% 73% 72

Uniaxial compressive strength (MPa) 47 100 100

Spacing (m) 1.03 0.60 0.33

Persistence (m) 1.87 2.81 415

Orientation effect Moderate High Moderate

Aperture (mm) 50 50 50

Roughness (JRC) 9 8 8

Infill Hard < 5 mm Hard < 5mm Hard < 5 mm

Weathering Moderately weathered Moderately weathered Moderately weathered

Moisture Dry Dry Dry

Slope inclination (°) 74 54 48

Slope height (m) 14.0 25 20

Large block (1/L) 0.00 0.00 -

Medium block (1/L) 0.00 0.00 0.80

Small block (1/L) 0.00 2.18 1.80

4.2. Application to Real Rock Slopes

To evaluate the performance of the proposed model under different geomechanical
conditions, the fuzzy inference system was applied to three road rock-slope case studies.
The first case corresponds to a slope previously characterized in earlier work [21], whereas
the remaining two cases correspond to slopes located along the same road corridor. All
three cases were characterized using UAV photogrammetry and digital visual inspec-
tion following the same methodology implemented in the previous study. Parameters
related to the geometric configuration of the discontinuity, the physical conditions of the
rock mass, and slope geometry were obtained and used as input for variables for the
evaluation process.

The three case studies located within the Trans-Mexican Volcanic Belt correspond
to rock slopes developed in ignimbrite volcanic deposits. This provides a common ge-
ological framework for evaluating the proposed model’s performance under varying
geomechanical conditions.

Due to the dimensions of the slopes corresponding to Cases 2 and 3, discontinuity
characterization was performed using a representative analysis window. This approach
allowed the predominant discontinuity sets to be identified and their geometric relationship
with the slope orientation to be evaluated. The remaining geomechanical parameters were
obtained based on the general conditions observed at each study site.

Subsequently, the obtained parameters were entered into the evaluation environment
developed for the fuzzy inference system, which internally performs variable normaliza-
tion to execute the fuzzy inference process. This facilitates the application of the model
by allowing the user to directly use the real values of the geomechanical parameters, ob-
taining a stability index ranging from 0 to 1, as well as recommendations related to the
geomechanical conditions identified at the final evaluation level. Table 8 summarizes the
results for the three case studies and compares them with the traditional methods (RMR
and SMR), providing an overall view of the evaluation before the individual analysis of
each case study.

It is important to note that the comparison presented in Table 8 does not represent
an equivalence between methods, as they evaluate different aspects of slope behavior.
The RMR method focuses on defining a rock mass quality class, while SMR is used as a
complement to RMR, evaluating slope stability based on specific failure mechanisms and
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geometric relationships. In contrast, the proposed model evaluates instability susceptibility

by considering the interaction of multiple geomechanical conditions.

Table 8. Comparison of results obtained using traditional methods and the proposed model.

Assessment Result Case 1 Case 2 Case 3

Traditional methods

RMR basic classification ~ Fair Good Fair

RMR corrected (slope) Class IV—Poor Class V—Very poor Class IV—Poor

SMR classification Class II—Good, Stable gigz;s,lseIII—Normal, Partially un- Class II—Good, Stable

Proposed model

Geometric stability Fair (0.4977) Fair (0.4973) Unstable (0.2584)

Global stability Very unstable (0.0791) Very unstable (0.1269) Very unstable (0.0792)
Comprehensive stabilization Shotcrete reinforced with steel =~ Shotcrete reinforced with steel

Model recommendations

assessment, drainage control,
and evaluation of geometric
redesign

mesh and anchors, drainage sys-
tem, and evaluation of geomet-
ric redesign

mesh and anchors, drainage sys-
tem, and evaluation of geomet-
ric redesign

The results obtained from the model tend to be more conservative, as it integrates
both geometric and physical conditions that influence slope behavior. The model considers
elements such as the presence of detached blocks at the slope toe and discontinuities with
visible apertures, which reveal conditions that are not fully captured by classification
methods such as RMR or SMR.

Therefore, the variation observed between the results does not represent an inconsis-
tency, but rather a difference in the evaluation approach, where the proposed model allows
the identification of conditions that are susceptible to generating some type of movement
within the slope.

4.2.1. Casel

Figure 7 shows the three-dimensional model obtained through photogrammetry (a),
together with the main discontinuity planes identified during the characterization process
(b). These results enabled evaluation of the rock mass’s structural configuration and
provided the information required to assess stability using the proposed model.

The geomechanical parameters obtained during slope characterization are presented
in Table 7. Moderate weathering conditions and low moisture presence were identified
within the rock mass. Likewise, the orientation effect was classified as moderate because,
although six discontinuity sets were identified, some exhibited orientations subparallel
to the slope face and directed toward the roadway, increasing susceptibility to instability.
In general, the slope exhibits moderate fracturing conditions, although slope geometry
appears to be one of the main factors controlling geometric stability at this site.

The results obtained through the fuzzy inference system are presented in Table 8. The
results for geometric and global stability indicate that geometric stability was classified as
fair, whereas global stability was classified as very unstable.

This difference indicates that although the slope’s geometric configuration exhibits
intermediate stability, the overall system response is dominated by the combination of
geometric conditions and the rock mass’s physical condition. In this particular case, the
presence of weathering, discontinuities with apertures on the order of 50 mm, infill material,
and low intact rock strength values contributed to the progressive reduction of global
slope stability.

These results are consistent with the characteristics observed during the geomechan-
ical characterization, where several discontinuity families with potentially unfavorable
orientations and evidence of surface degradation were identified. Consequently, the system
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activated recommendations to improve rock mass conditions, control water infiltration,
and evaluate possible modifications to the slope geometry.

W ) 051°/76°) 13 (039°/83°) 5 (243°/89°)
B )2 (064°/87°) J4(010°/75°) W J6 (201°/85°)

(a) (b)

Figure 7. Structural characterization of case study 1: (a) photogrammetric model and (b) segmented
point cloud showing the discontinuity sets identified during the structural analysis.

42.2. Case?2

Figure 8 shows the three-dimensional model obtained through photogrammetry (a),
together with the main discontinuity planes identified during the characterization process
(b). A volcanic ash layer is present at the toe of the slope, partially covering the rock mass.
The digital model enabled the slope configuration to be analyzed, the predominant discon-
tinuity sets to be identified, and the geomechanical parameters required for evaluation to
be extracted using the fuzzy inference system.

nnro/367) [l 12 (080°/82°) 13 (050°/79°)
(a) (b)

Figure 8. Structural characterization of case study 2: (a) photogrammetric model and (b) segmented

point cloud showing the discontinuity sets identified during the structural analysis.

The geomechanical parameters obtained during the characterization are presented
in Table 7. In general, the parameters indicate a moderately fractured and weathered
geomechanical configuration. However, the orientation effect was classified as high due to
the presence of discontinuity sets with directions similar to the slope orientation. Although
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the dip angles differ from those of the slope face, the observed geometric relationship
increases susceptibility to the development of instability mechanisms.

The results obtained through the fuzzy inference system are presented in Table 8.
The geometric stability was classified as fair, whereas the global stability condition was
classified as very unstable. The intermediate modules indicate that the physical condition of
the rock mass was classified as very poor, primarily due to the quality of the discontinuity
contacts. On the other hand, both the geometric condition of the discontinuities and
the geometric condition of the slope were classified as fair, indicating that the geometric
configuration of the site is not primarily controlled by the physical conditions associated
with discontinuity contact.

Consequently, the system generated recommendations for a comprehensive interven-
tion, including surface treatments with shotcrete reinforced with steel mesh and anchors,
infiltration control through drainage systems, and evaluation of potential geometric modi-
fications, subject to right-of-way availability.

4.2.3. Case 3

The Figure 9 shows the photogrammetric model (a) and the discontinuity analysis,
in which several discontinuity sets with different orientations and dip angles were iden-
tified. The interaction among these sets favors instability mechanisms associated with
block detachment and wedge formation. During the inspection, a significant accumu-
lation of small and medium-sized rock fragments was observed at the toe of the slope,
indicating rockfalls.

e [l ress [l esse/sz)

(@) (b)

Figure 9. Structural characterization of case study 3: (a) photogrammetric model and (b) segmented
point cloud showing the discontinuity sets identified during the structural analysis.

The geomechanical parameters obtained during characterization are presented in
Table 7, which shows the presence of open and persistent discontinuities. Likewise, the
geometric relationship between certain discontinuity sets and the slope orientation favors
the development of, and susceptibility to, instability mechanisms associated with block
detachment and wedge formation. Although the surface conditions of the rock mass do
not indicate severe weathering, the observed geomechanical configuration increases the
susceptibility to rockfalls.

The results of the evaluation process using the fuzzy inference system are presented
in Table 8. Geometric stability was classified as unstable, while global stability was very
unstable. The intermediate modules indicated that rock mass quality was classified as
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fair, whereas structural definition and the geometric condition of discontinuities were
classified as poor. Likewise, contact quality was very poor, resulting in a very poor physical
condition of the slope. On the other hand, the geometric conditions of the slope were
classified as good; however, the combined influence of the structural configuration on
geometric stability resulted in an unstable condition.

Therefore, in this case, the low global stability is primarily controlled by the interaction
between the physical condition and contact characteristics of the discontinuities rather than
by the overall slope geometry. Consequently, the system activated recommendations for a
comprehensive intervention, proposing surface treatments using shotcrete reinforced with
mesh and anchors, drainage systems to control infiltration, and evaluation of potential
geometric modifications contingent on right-of-way availability.

4.3. Comparison of Results Between Methods

In this comparison, it is important to note that the proposed model is not intended
to replicate traditional classifications (RMR and SMR) through fuzzy inference; rather, the
approach developed in this study focuses on evaluating instability susceptibility based on
the interaction of multiple geomechanical conditions.

Although the model incorporates several of the geomechanical parameters and their
corresponding ranges used in the RMR and SMR classifications, the way in which these
are evaluated and interact within the system is what establishes the difference. Therefore,
the comparison is presented as a general reference that allows contrasting the differences
between discrete classification approaches and the proposed continuous susceptibility
index, rather than as a direct validation of equivalence between methods.

For the three case studies, RMR and SMR classifications were performed to compare
the results with those obtained using the proposed model. Table 7 presents the results
of the three approaches using the same geomechanical information obtained during the
characterization of each case study.

The RMR and SMR systems are based on discrete classification ranges, whereas the
proposed model provides continuous stability indices that reflect the susceptibility to
movement derived from the interaction of geomechanical parameters.

For the RMR system, both the basic classification (RMRb) and the corrected RMR were
considered. The basic classification does not account for the influence of discontinuity
orientation relative to the analyzed structure, whereas the corrected RMR incorporates the
specific corrections used for slope assessment.

The results show that cases 1 and 3 maintained the same classification in both the basic
and corrected RMR, although the final values decreased. In contrast, case 2 exhibited the
greatest effect of the orientation correction, resulting in the most unfavorable classification
among the three cases.

For the SMR system, it is important to note that it depends on the results of the basic
RMR and requires correction factors for the geometric relationship between discontinuities
and the slope, given the failure mechanism evaluated through kinematic analysis. The
results show that condition, whereas case 2 was classified as Class III, corresponding to a
normal and partially unstable condition.

However, the difference observed in case 2 was mainly due to a more unfavorable
geometric condition for the failure mechanism under consideration, resulting in a greater
penalty during the SMR correction process. In contrast, in cases 1 and 3, the correction
factors had less influence on the final classification, allowing both slopes to remain stable.

On the other hand, the proposed model exhibited different behavior from the RMR
and SMR classifications, as the global stability of all three case studies was classified as very
unstable, even though the geometric stability conditions differed among the evaluated sites.
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As shown in Table 8, cases 1 and 2 reached very similar geometric stability values,
corresponding to a fair condition, whereas case 3 was classified as unstable. However, all
three evaluations yielded a highly unstable global stability condition. This demonstrates
that the final system response is not determined solely by slope geometry or discontinuity
orientation, but also by the interaction of the different geomechanical parameters considered
within the various evaluation levels of the proposed model

Regarding intervention recommendations, differences were also observed between
the evaluated methods. In the SMR method, recommendations are associated with specific
classification ranges; therefore, Cases 1 and 3 yielded similar measures because they fell
into the same stabilization category. In contrast, the proposed model generates recommen-
dations based on the physical, geometric, and drainage conditions identified during the
evaluation process.

In general, the results show that both stability classifications and recommendations
may vary considerably depending on the approach employed, even when the same geome-
chanical information is used as the basis for the analysis. Likewise, the results indicate
that susceptibility to instability depends not only on discontinuity orientation or slope
geometry but also on interactions among the geomechanical factors considered in the
evaluation process.

5. Discussion
5.1. Comparison of Traditional Classification Methods and the Proposed Model

Table 9 presents important differences between the traditional methods (RMR and
SMR) and the proposed model. It can be observed that the RMR method is an empirical
evaluation that assigns discrete values to geomechanical parameters related to discontinuity
characteristics, degree of fracturing, intact rock strength, and moisture conditions. The sum
of these ratings provides an overall rock mass quality value.

However, each parameter is evaluated independently and then incorporated addi-
tively, so the interaction among variables is not explicitly represented. This limits the
method’s applicability to situations in which multiple unfavorable conditions may oc-
cur simultaneously and influence the behavior of the rock mass. In addition, the use
of discrete ranges generates abrupt transitions between classification categories, causing
relatively small differences in parameter values to produce significant changes in the
final classification.

The RMR and SMR methods are commonly used in a complementary manner, since
SMR uses the classification obtained from basic RMR as its basis. Their main differences lie
in the fact that SMR explicitly incorporates the influence of discontinuity orientation on the
slope geometry through correction factors associated with the failure mechanism identified
during the kinematic analysis.

On the other hand, the model developed in this work employs a hierarchical mod-
ular fuzzy inference system, in which each module represents a particular geotechnical
concept based on the interaction of different geomechanical parameters. For example, the
structural definition is determined by geometric parameters such as discontinuity spacing
and persistence, constituting a first level of evaluation. Subsequently, the result of this
evaluation is used as an input variable in successive evaluation modules until the global
stability condition is obtained.

This allows the evaluation to go beyond a final stability classification and facilitates
the interpretation of the factors that contribute to susceptibility to instability. In this way,
it is possible to identify which groups of parameters exert the greatest influence on the
resulting condition and to relate the obtained results to potential intervention measures.
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On the other hand, the results reveal significant differences between the traditional
methods and the proposed model. Our proposal is an assessment approach that integrates
multiple geomechanical parameters to represent susceptibility to instability. This allows
recommendations to be generated from different levels of evaluation, relating the identified
conditions to potential intervention measures. However, to better understand the model’s
internal behavior and the influence of parameters during evaluation, it is necessary to

analyze the sensitivity of its response.

Table 9. Methodological comparison between RMR, SMR, and the proposed model.

Aspect

RMR

SMR

Proposed Model

Method type
Evaluation approach

Variable integration
Variable interaction
Variable representation

Output type
State transition
Uncertainty handling

Intermediate evaluations
Interpretation of influential
factors

Consideration of slope
orientation

Recommendation generation
Inspection coverage

Data acquisition method

Dependence on evaluator
judgment
Automation potential

Empirical classification
Rock mass quality

Sum of independent ratings
Not explicitly considered
Discrete ranges

Rock mass quality class
Abrupt

Limited

No

Limited

Indirectly considered

Associated with classification
ranges

Limited to accessible areas

Traditional field survey

Moderate

Low

Empirical classification with
geometric correction

Stability assessment based on
kinematic analysis and rock
mass quality

Basic RMR with correction
factors

Partially considered

Discrete ranges and
adjustment factors

Slope stability class for
specific failure mechanisms
Abrupt

Limited
No
Moderate

Explicitly considered through
correction factors

Associated with failure
mechanisms and classification
ranges

Limited to accessible areas

Traditional field survey

High

Low

Hierarchical modular fuzzy
inference system

Stability assessment based on
the susceptibility of
conditioning factors
Integration through

fuzzy rules

Explicitly represented through
fuzzy inference

Continuous membership
functions

Continuous stability index

Gradual

Explicitly represented through
fuzzy logic

Yes

High

Integrated within the
geometric assessment
Conditioned by the stability
state and the evaluated
parameters

Compatible with partial or
complete slope coverage
Traditional field survey,
digital inspection, or
UAV-based photogrammetry

Moderate-Low

High

5.2. Sensitivity Analysis

A sensitivity analysis was conducted to assess the relative influence of the input
parameters on the main outputs of the fuzzy inference system. The Spearman correlation
coefficient was used to assess the relationship between the normalized geomechanical
parameters and the model’s stability responses.

In general, the results from the sensitivity analysis indicate that the model responds
consistently to the geomechanical conditions represented at each evaluation level, allowing
the identification of the groups of variables with the greatest influence within the fuzzy
assessment tool.
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In the case of geometric stability shown in Figure 10, the variables with the highest
sensitivity mainly correspond to the discontinuity orientation effect, slope inclination, and
slope height. Likewise, parameters such as discontinuity spacing and persistence also make
important contributions to the system response. This indicates that geometric stability is
primarily governed by the relationship between the rock mass’s structural configuration
and the slope geometry, consistent with geometric conditions associated with susceptibility
to slope movement.

0.6

Global sensitivity analysis - ic stability
T T T T T

0.5

o o
w >

Absolute Spearman correlation

o
)

0.1

Figure 10. Global sensitivity analysis associated with the geometric stability module, showing the
relative influence of geomechanical parameters on the system response.

On the other hand, parameters related to the physical conditions of discontinuities,
such as alteration, moisture, infill, and roughness, show a much lower influence within
this module. This is because geometric stability is primarily intended to represent the
relationship between slope geometry and the configuration of the discontinuity system.

In contrast, the sensitivity corresponding to global stability shown in Figure 11 presents
a different distribution of influence among variables. In this case, moisture, alteration,
orientation effect, RQD, and the presence of infill material present the highest sensitivity
values within the system response.

This behavior reflects that global stability depends on the combined integration of
geometric, structural, and physical conditions of the rock mass. In particular, the high sen-
sitivity to moisture and alteration indicates the influence of physical degradation processes
on slope stability, while variables such as RQD and the orientation effect continue to make
important contributions due to their relationships with the structural quality and geometric
susceptibility of the rock mass.

In general, the results of the sensitivity analysis indicate the coherence of the model’s
hierarchical structure, as each module responds primarily to the parameters that should
geotechnically influence its evaluation. This indicates the model’s consistency with the
specific representation defined for each evaluation level, enabling the identification of the
groups of variables with the greatest influence within the fuzzy assessment tool.

https:/ /doi.org/10.3390/app16157706


https://doi.org/10.3390/app16157706

Appl. Sci. 2026, 16, 7706

29 of 37

Global sensitivity analysi
T T T T

- Global stability
T T T

Absolute Spearman correlation

Figure 11. Global sensitivity analysis associated with the global stability module.

5.3. Comparison with Existing Fuzzy Logic Approaches

Fuzzy logic has been implemented in geotechnical engineering to represent uncertainty
in evaluation and decision-making processes. Table 10 presents several studies focused on
the application of fuzzy logic techniques to geotechnical stability problems, in contrast to
the model proposed in this research.

Table 10. Comparison between selected fuzzy logic approaches for geotechnical stability assessment
and the proposed model.

Characteristic [71 [24] [20] [25] [18] Proposed Model
Mamdani fuzzy Statistical and fuzzy =~ Fuzzy cognitive map mmiltlircl)ﬂgt‘i,ce?uzz Empirical Qslope mlilgi?;i}flif;zl
Assessment inference system for logic approach for FCM) for rockburst y classification . Y
4 glicapp sets (UIFS) for rock model for instability
approach block-toppling factor of safety (FOS) susceptibility slope stabili integrated with suscenptibili
assessment prediction assessment aszessmentty fuzzy logic assessmen:y
Evaluation level Specific Global Specific Global Global Global
. Factor of safet Critical factor s s e s
Output type Toppling state (FOS) y prioritization Stability category Stability category Susceptibility index
Hierarchical . No No No No No Yes
modular evaluation
Intermediate
geotechnical No No Partial No No Yes
interpretation
Integration of
multiple Limited Limited Yes Moderate Moderate Yes
geomechanical
groups
Direct relationship
with intervention Limited Limited Moderate Moderate Limited High

measures

It can be observed that fuzzy logic has been applied through different approaches,
ranging from the development of fuzzy inference systems for the evaluation of toppling
failure mechanism [7], the prediction of Factors of Safety through the combination of
statistical methods and fuzzy logic [24], the assessment of susceptibility related to rockburst
phenomena using fuzzy cognitive maps [20], and the use of intuitionistic fuzzy sets for the
global classification of slope stability [25], as well as empirical approaches such as Q-slope
integrated with fuzzy logic [18]. Recent developments have explored the integration of
fuzzy logic with data-driven approaches and remote sensing techniques [2], demonstrating
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the evolution toward hybrid frameworks in geotechnical evaluation. In contrast, the
proposed model is oriented toward assessing susceptibility to instability by integrating
geometric, geomechanical, and physical parameters of the rock slope across different
evaluation levels.

Some approaches focused on specific stability problems [7,20], whereas others per-
form global assessment [24,25] through indices, stability states, or classification categories.
Although the proposed model also supports a global assessment, it differs in its hierar-
chical modular structure and the interconnections among parameters across evaluation
levels. This, in turn, allows for a gradual interpretation of the conditions that influence
susceptibility to instability, rather than limiting the analysis to a single final output.

This characteristic strengthens the decision-making process, since the reviewed stud-
ies primarily provide a classification, index, or level as the final result of the evalua-
tion, which means that intervention measures may be limited [7,24] and, in other cases,
moderate [20,25]. Similarly, empirical approaches such as Qslope-based methods [18] pro-
vide rapid stability classification but lack hierarchical interpretation and direct relation to
intervention measures.In contrast, within the proposed model, recommendations are associ-
ated with the geotechnical conditions identified throughout the different evaluation levels.

On the other hand, despite the results obtained, the model presents some limitations
that should be considered, which are described as follows:

*  There is a dependence on the interpretation of qualitative parameters such as orienta-
tion effects, the degree of weathering, infilling characteristics, and moisture conditions
when information derived from multispectral indices is not available. Although the
evaluation environment provides criteria for assigning these parameters, the user’s
judgment may still influence the results, as in traditional methods.

*  Several qualitative parameters still pose limitations to their automated calculation, as
many require manual measurements from three-dimensional digital models (e.g., RQD
and roughness), thereby increasing processing time and retaining a certain dependence
on the specialist’s experience.

e The membership functions and rule base were generated and adjusted considering
the geomechanical conditions observed in the analyzed case studies, corresponding
to ignimbrite slopes. Therefore, the model’s behavior under other lithological types
or geological conditions may require adjustments, additional calibration, or even
modifications to certain inference rules.

6. Conclusions

The present study enabled the development and evaluation of a hierarchical modular
model for assessing slope instability susceptibility. The structure integrates geometric,
geomechanical, and physical parameters of discontinuities, as well as the geometric condi-
tions of the slope, thereby enabling the representation of interactions among the factors
that control stability. This approach facilitates the identification of the conditions that most
influence susceptibility to instability and the corresponding recommendations based on
the evaluation results.

The results obtained made it possible to verify the capabilities and limitations of the
model, mainly through the following aspects:

¢  Slope evaluation is a complex problem in which traditional methods continue to be
widely accepted, although there are present limitations in representing the interaction
among multiple factors. The modular structure of the proposed model enabled the
evaluation process to be organized into distinct geotechnical evaluation levels, thereby
identifying the factors with the greatest influence on susceptibility to instability and
facilitating interpretation of the results.
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¢  The proposed model enabled the representation of gradual transitions between ge-
omechanical conditions through a structure that incorporated rock mass quality, the
physical and geometric conditions of discontinuities, and slope geometry, thereby
avoiding abrupt changes associated with traditional methods based on discrete ranges.

*  The different evaluation levels allowed recommendations to be related to specific
geotechnical conditions, facilitating the activation of recommendations and stabiliza-
tion measures tailored to the slope being evaluated.

*  The analyzed case studies demonstrated the model’s potential and overall consistency
in assessing susceptibility to instability, as well as its applicability as a decision-
support tool. This was complemented by a sensitivity analysis, which identified the
parameters with the greatest influence on the evaluation process. In addition, the
developed evaluation environment facilitated the practical implementation of the
model with real data as input, automatically normalizing parameters.

The limitations of this work lie in the lack of explicit consideration of external dy-
namic factors, such as groundwater level variations, infiltration processes, high mountain
conditions, or seismic activity, as the proposed model is focused on its application under
representative service conditions, and the incorporation of these factors constitutes a line
of future work toward its application in more complex scenarios.

As future work, it is intended to continue developing tools to automate the extraction
of geomechanical parameters from three-dimensional digital models generated by digital
photogrammetry, thereby reducing reliance on specialist interpretation through the use
of artificial intelligence techniques. Likewise, it is necessary to evaluate the model’s
performance across different methodologies to assess its behavior in diverse lithological
environments and to identify required modifications or adjustments.
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FIS
JRC
NDWI
RMR
RQD
StM
SMR
UAV

Appendix A. Rule Base of the Geometric Stability Module

Fuzzy Inference System

Joint Roughness Coefficient

Normalized Difference Water Index

Rock Mass Rating

Rock Quality Designation

Structure from Motion
Slope Mass Rating

Unmanned Aerial Vehicle

This appendix presents the rule base implemented for the Geometric Stability module,

which consists of a total of 80 fuzzy inference rules. This information in provided to offer

grater detail about the implemented inference process and to facilitate the reproducibility

of the proposed model.

Table Al. Rule base of the Geometric Stability module (Rules 1-40).

Discontinuit . .
Rule Geometric ! Slope Ge.o.m etric Block Hazard Georr}e.t i
Condition Condition Stability
1 Very Good Very Good Low Very Stable
2 Very Good Very Good Moderate Very Stable
3 Very Good Very Good High Stable
4 Very Good Good Low Very Stable
5 Very Good Good Moderate Stable
6 Very Good Good High Stable
7 Very Good Fair Low Stable
8 Very Good Fair Moderate Stable
9 Very Good Fair High Fair
10 Very Good Poor Low Fair
11 Very Good Poor Moderate Fair
12 Very Good Poor High Unstable
13 Very Good Very Poor Low Fair
14 Very Good Very Poor Moderate Unstable
15 Very Good Very Poor High Unstable
16 Good Very Good Low Stable
17 Good Very Good Moderate Stable
18 Good Very Good High Fair
19 Good Good Low Stable
20 Good Good Moderate Stable
21 Good Good High Fair
22 Good Fair Low Fair
23 Good Fair Moderate Fair
24 Good Fair High Fair
25 Good Poor Low Unstable
26 Good Poor Moderate Unstable
27 Good Poor High Unstable
28 Good Very Poor Low Unstable
29 Good Very Poor Moderate Unstable
30 Good Very Poor High Unstable
31 Fair Very Good Low Stable
32 Fair Very Good Moderate Fair
33 Fair Very Good High Fair
34 Fair Good Low Stable
35 Fair Good Moderate Fair
36 Fair Good High Fair
37 Fair Fair Low Fair
38 Fair Fair Moderate Fair
39 Fair Fair High Unstable
40 Fair Poor Low Fair
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Table A2. Rule base of the Geometric Stability module (Rules 41-80).

Discontinuit . .
Rule Geometric ’ Slope Ge.o.m etric Block Hazard Geon}e.t rie
o Condition Stability
Condition
41 Fair Poor Moderate Unstable
42 Fair Poor High Unstable
43 Fair Very Poor Low Unstable
44 Fair Very Poor Moderate Unstable
45 Fair Very Poor High Unstable
46 Poor Very Good Low Fair
47 Poor Very Good Moderate Fair
48 Poor Very Good High Unstable
49 Poor Good Low Unstable
50 Poor Good Moderate Unstable
51 Poor Good High Unstable
52 Poor Fair Low Unstable
53 Poor Fair Moderate Unstable
54 Poor Fair High Unstable
55 Poor Poor Low Unstable
56 Poor Poor Moderate Unstable
57 Poor Poor High Unstable
58 Poor Very Poor Low Unstable
59 Poor Very Poor Moderate Unstable
60 Poor Very Poor High Unstable
61 Very Poor Very Good Low Fair
62 Very Poor Very Good Moderate Unstable
63 Very Poor Very Good High Unstable
64 Very Poor Good Low Unstable
65 Very Poor Good Moderate Unstable
66 Very Poor Good High Unstable
67 Very Poor Fair Low Unstable
68 Very Poor Fair Moderate Unstable
69 Very Poor Fair High Unstable
70 Very Poor Poor Low Unstable
71 Very Poor Poor Moderate Unstable
72 Very Poor Poor High Unstable
73 Very Poor Very Poor Low Unstable
74 Very Poor Very Poor Moderate Unstable
75 Very Poor Very Poor High Unstable
76 Very Poor Very Poor - Unstable
77 Very Good Very Good - Very Stable
78 Fair Fair - Fair
79 Poor Poor - Unstable
80 Very Poor - High Unstable

Appendix B. Rule Base of the Global Stability Module

This appendix presents the rule base implemented for the Global Stability module,
which consists of a total of 125 fuzzy inference rules. This information in provided to offer
grater detail about the implemented inference process and to facilitate the reproducibility
of the proposed model.

Table A3. Rule base of the Global Stability module (Rules 1-42).

. . - Geometric .
Rule Rock Mass Quality Physical Condition Stability Global Stability
1 Very Good Very Good Very Stable Very Stable
2 Very Good Very Good Stable Very Stable
3 Very Good Very Good Fair Stable
4 Very Good Very Good Unstable Unstable
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Table A3. Cont.
Rule Rock Mass Quality Physical Condition Gsetggfit:;,c Global Stability
5 Very Good Very Good Very Unstable Fair
6 Very Good Good Very Stable Very Stable
7 Very Good Good Stable Very Stable
8 Very Good Good Fair Fair
9 Very Good Good Unstable Fair
10 Very Good Good Very Unstable Fair
11 Very Good Fair Very Stable Very Stable
12 Very Good Fair Stable Stable
13 Very Good Fair Fair Fair
14 Very Good Fair Unstable Fair
15 Very Good Fair Very Unstable Unstable
16 Very Good Poor Very Stable Fair
17 Very Good Poor Stable Fair
18 Very Good Poor Fair Unstable
19 Very Good Poor Unstable Unstable
20 Very Good Poor Very Unstable Very Unstable
21 Very Good Very Poor Very Stable Stable
22 Very Good Very Poor Stable Stable
23 Very Good Very Poor Fair Unstable
24 Very Good Very Poor Unstable Unstable
25 Very Good Very Poor Very Unstable Very Unstable
26 Good Very Good Very Stable Very Stable
27 Good Very Good Stable Stable
28 Good Very Good Fair Stable
29 Good Very Good Unstable Fair
30 Good Very Good Very Unstable Fair
31 Good Good Very Stable Stable
32 Good Good Stable Stable
33 Good Good Fair Fair
34 Good Good Unstable Fair
35 Good Good Very Unstable Unstable
36 Good Fair Very Stable Stable
37 Good Fair Stable Fair
38 Good Fair Fair Fair
39 Good Fair Unstable Fair
40 Good Fair Very Unstable Unstable
41 Good Poor Very Stable Fair
42 Good Poor Stable Fair
Table A4. Rule base of the Global Stability module (Rules 43-84).

Rule Rock Mass Quality Physical Condition Gsig:;;t:;c Global Stability
43 Good Poor Fair Unstable
44 Good Poor Unstable Unstable
45 Good Poor Very Unstable Very Unstable
46 Good Very Poor Very Stable Fair
47 Good Very Poor Stable Unstable
48 Good Very Poor Fair Unstable
49 Good Very Poor Unstable Very Unstable
50 Good Very Poor Very Unstable Very Unstable
51 Fair Very Good Very Stable Stable
52 Fair Very Good Stable Stable
53 Fair Very Good Fair Fair
54 Fair Very Good Unstable Fair
55 Fair Very Good Very Unstable Fair
56 Fair Good Very Stable Stable
57 Fair Good Stable Stable
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Table A4. Cont.

Rule Rock Mass Quality Physical Condition Gsetg?ifit:;c Global Stability
58 Fair Good Stable Stable
59 Fair Good Fair Fair
60 Fair Good Very Unstable Unstable
61 Fair Fair Very Stable Fair
62 Fair Fair Stable Fair
63 Fair Fair Fair Fair
64 Fair Fair Unstable Unstable
65 Fair Fair Very Unstable Very Unstable
66 Fair Poor Very Stable Unstable
67 Fair Poor Stable Unstable
68 Fair Poor Fair Unstable
69 Fair Poor Unstable Very Unstable
70 Fair Poor Very Unstable Very Unstable
71 Fair Very Poor Very Stable Unstable
72 Fair Very Poor Stable Unstable
73 Fair Very Poor Fair Very Unstable
74 Fair Very Poor Unstable Very Unstable
75 Fair Very Poor Very Unstable Very Unstable
76 Poor Very Good Very Stable Stable
77 Poor Very Good Stable Fair
78 Poor Very Good Fair Fair
79 Poor Very Good Unstable Fair
80 Poor Very Good Very Unstable Unstable
81 Poor Good Very Stable Stable
82 Poor Good Stable Fair
83 Poor Good Fair Unstable
84 Poor Good Unstable Unstable

Table A5. Rule base of the Global Stability module (Rules 85-125).

Rule Rock Mass Quality Physical Condition Gsigngittr;,c Global Stability
85 Poor Good Very Unstable Unstable
86 Poor Fair Very Stable Fair
87 Poor Fair Stable Fair
88 Poor Fair Fair Unstable
89 Poor Fair Unstable Unstable
90 Poor Fair Very Unstable Very Unstable
91 Poor Poor Very Stable Unstable
92 Poor Poor Stable Unstable
93 Poor Poor Fair Very Unstable
94 Poor Poor Unstable Very Unstable
95 Poor Poor Very Unstable Very Unstable
96 Poor Very Poor Very Stable Unstable
97 Poor Very Poor Stable Unstable
98 Poor Very Poor Fair Very Unstable
99 Poor Very Poor Unstable Very Unstable

100 Poor Very Poor Very Unstable Very Unstable
101 Very Poor Very Good Very Stable Stable
102 Very Poor Very Good Stable Unstable
103 Very Poor Very Good Fair Unstable
104 Very Poor Very Good Unstable Unstable
105 Very Poor Very Good Very Unstable Unstable
106 Very Poor Good Very Stable Fair
107 Very Poor Good Stable Fair
108 Very Poor Good Fair Unstable
109 Very Poor Good Unstable Unstable
110 Very Poor Good Very Unstable Unstable
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Table A5. Cont.
Rule Rock Mass Quality Physical Condition Gsetg?ifit:;c Global Stability

111 Very Poor Fair Very Stable Unstable

112 Very Poor Fair Stable Unstable

113 Very Poor Fair Fair Unstable

114 Very Poor Fair Unstable Very Unstable
115 Very Poor Fair Very Unstable Very Unstable
116 Very Poor Poor Very Stable Fair

117 Very Poor Poor Stable Fair

118 Very Poor Poor Fair Very Unstable
119 Very Poor Poor Unstable Very Unstable
120 Very Poor Poor Very Unstable Very Unstable
121 Very Poor Very Poor Very Stable Fair

122 Very Poor Very Poor Stable Unstable

123 Very Poor Very Poor Fair Very Unstable
124 Very Poor Very Poor Unstable Very Unstable
125 Very Poor Very Poor Very Unstable Very Unstable
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