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Effective Machine-Learning Models for Rock Mass Deformation
Modulus Estimation Based on Rock Mass Classification Systems
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Abstract

The rock mass deformation modulus (RMDM) plays a crucial role in dam and tunnel design. This study introduces advanced
machine-learning (ML) models to predict RMDM using rock mass rating (RMR) and the Q-system at the Khersan-2 dam site
in southwestern Iran. Through the analysis of exploratory boreholes, the engineering geological properties of the samples, Q,
RMR, RMDM, geological strength index (GSI), Hoek-Brown, and shear strength constants of the rock mass were determined.
Subsequently, several effective ML models, namely random forest, multilayer perceptron backpropagation artificial neural
network, Gaussian process regression, K-nearest neighbor, simple regression, and multiple linear and non-linear regression
approaches, were utilized to estimate RMDM. Based on classification systems, the site was rated as having good RMR and Q
categories. A new empirical relationship with high accuracy was established between Q and RMR89. Furthermore, RMDM
demonstrated a strong correlation with Q and RMR, as supported by statistical analysis. The results showed the relative
superiority of non-linear regression models compared to linear ones. The employed ML techniques displayed remarkable
accuracy in estimating RMDM, achieving a coefficient of determination (R2) greater than 97%. Notably, Gaussian process
regression with a squared exponential kernel function stood out as the most effective approach, yielding outstanding
performance in predicting RMDM with an impressive R?=0.99 and RMSE=0.01 compared to all other investigated methods.
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1. Introduction mass to deform under applied stresses and loads, and it is a
fundamental parameter in assessing its mechanical response.

Accurate estimation of the deformation modulus is essential

Rock mass deformation modulus (RMDM) is a crucial factor
in geotechnical engineering because it directly influences the

stability and deformability characteristics of rock masses. In
geotechnical engineering, understanding the behavior of rock
masses is essential for designing and constructing various
structures, such as dams, tunnels, slopes, and underground
excavations.['2 The RMDM represents the ability of the rock
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for designing safe and reliable underground structures and
rock engineering projects.[!

Given the significance of the deformation modulus
parameter in characterizing the mechanical behavior of rock
masses subjected to loading, it finds wide application as an
input in numerous finite element and boundary element
numerical analyses. These analyses are instrumental in
investigating the intricate distribution of stress and
displacement around underground excavations, allowing
engineers to gain deeper insights into the structural response
and ensure the integrity and safety of such subsurface
constructions.”! Generally, this modulus parameter can be
measured by dilatometry, radial loading, and plate jack test
tests. In-situ tests face difficulties in implementation due to
unpredictable construction conditions, high costs, operational
problems, and their time-consuming nature.>®!

In recent years, several empirical relationships and
estimation approaches have been established to forecast the
RMDM. The following literature review aims to provide an
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overview of machine learning (ML), empirical relationships,
and their applications based on a selection of relevant
references. Emami Meybodi et al! employed a machine
learning-based approach to develop predictive models for
estimating the RMDM. Their study focused on training the
models using various input parameters, such as intact rock
properties, rock mass characteristics, and geomechanical
indices. The developed models demonstrated promising
accuracy in predicting the RMDM. Jiao et al.F¥l proposed an
approach for predicting the RMDM. Their method considered
the joint properties, including joint orientation, joint roughness,
and joint persistence, and integrated them into a unified
modulus estimation approach. The study showed that the
multi-domain equivalent method provided reasonable
estimates of the RMDM. Bellapu et al.ll conducted a review
and validation study on the estimation of the RMDM using the
RMR system. The findings suggested that RMR can be used
as a reliable indicator for estimating the RMDM, although
site-specific calibration is required. Motamed-Shariati ef a/.['%
developed empirical relations for estimating the RMDM. The
developed empirical relationship provided a practical
approach to estimating the deformation modulus for the
specific dam site. Hasanipanah et al.'® proposed an intelligent
prediction model for estimating the RMDM. The model
considered multiple inputs of the intact and rock mass
properties. The results demonstrated the effectiveness of the
intelligent prediction model in estimating the deformation
modulus. Aladejare et al.'Yl highlighted the importance of
intact rock properties and rock mass features to improve the
accuracy of RMDM estimation. Chen et al.'? assessed the
influence of confining stress and performed sensitivity
analyses on various variables. The analytical solution
provided insights into the relationship between confining
stress and RMDM. Zhang et al.[*¥l developed a new estimation
method for RMDM prediction considering anisotropy. They
introduced an anisotropy index to quantify the influence of
joint orientations on the deformation modulus. The proposed
method provided a more comprehensive approach to
estimating the deformation modulus for jointed rocks. Polemis
Junior et al.’ conducted a study for estimating the RMDM
using 48 different rock masses. They evaluated the
performance of several established empirical relationships and
identified their strengths and limitations. The study provided
insights into the accuracy and applicability of different
methods under various rock mass conditions. Hua et al.l*]
proposed RMDM estimation models based on in-situ tests.
Their study involved comprehensive field investigations and a
large dataset of deformation modulus measurements. They
developed empirical models considering key parameters such
as intact rock properties, discontinuity characteristics, and
rock mass quality. The models demonstrated good accuracy in
predicting the RMDM based on in-situ tests. Que et al.l®l
analyzed the behavior of columnar jointed specimens under
different loading conditions and proposed a new equation to
estimate the RMDM. Koopialipoor et al.!'l proposed the use

2| Eng. Sci., 2024, 29, 1120

of stacking machine learning approaches for predicting rock
deformation. Other researchers have conducted a comparative
study with the help of statistical methods, multivariate
regression, and multilayer perceptron back propagation
artificial neural network (MLPBPANN) to predict
RMDM.[:819 Tokgozoglu et al? investigated the effect of
overburden stress on the deformation modulus of rock mass
using MLPBPANN models. They developed two models
considering the overburden stress and two other models
without considering the overburden stress parameter. They
stated that models without overburden stress are less accurate
than models containing overburden stress. Nejati et al.?Y and
Chun et al.? have also used the RMR classification system to
predict the RMDM. Barami and Banial®! conducted a
comprehensive study on the effect of effective factors on the
equivalent deformation modulus based on analytical and
experimental formulas. In addition, the effects of various
parameters, such as the ratio of gallery dimensions to the
dimension of the loading plane, in situ stresses, and stress ratio
were considered. The results showed that when the ratio of the
dimensions of the gallery to the dimension of the loading plate
was greater than 10, the effect of the dimension of the gallery
disappeared. An increase in the stress ratio and maximum
horizontal stress at constant depth led to an increase in the
RMDM.? In an empirical study, a functional equation for
estimating RMDM using point load and rock quality
designation (RQD) was presented, and the statistical
evaluation of the proposed average displayed that RMDM can
be reliably predicted by the developed equation.*¥
Comparison of in-situ modulus values with values generated
from eight experimental relationships showed that the actual
values and the forecasted values are equal where the rock is
intact, but the values are significantly different where the rock
is weathered.® Panthee et al.?® studied the effect of Q and
RMR on the RMDM of different rock types at the site of the
Kulekhani III hydropower project using regression analysis.

Radovanovié et al.?l evaluated multivariate linear regression
(MVLR) and MLPBPANN models to estimate the RMDM
using shear and compressional wave velocities in the rock
mass at the Iron Gate 1 dam site on the Danube River. The
results showed that the model based on MLPBPANN
performed better compared to MVLR. Noorian et al.?® used
two-dimensional numerical methods and finite element
models to define the resistance and deformability of the rock
mass. Sari?! with the help of stochastic modeling techniques
to quantify rock mass engineering parameters such as the
modulus of deformation in pyroclastic rocks, has tried to
estimate the RMDM. Table 1 summarizes the expressions and
methods previously used in the literature by several of the
aforementioned works.

According to the suggestions of previous researchers, each
relationship is applicable to a particular area and a range of
values.["® Therefore, depending on the type and importance of
the project or in the initial stages of studies of important
projects, it is economical to estimate the RMDM by indirect
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methods using geotechnical parameters of the rock mass. The main contributions of this article can be summarized as
Although previous studies have used various properties for follows:

indirect estimation of deformation modulus, none of these
studies have used the comprehensive properties of rock mass
and intact rock included in Q and RMR classification systems.
On the other hand, the methods presented for each region can
be generalized to some extent and local empirical relations
should be developed for each region. Also, in previous studies,
several different methods have been rarely used to estimate the
RMDM.

The most significant innovation of this research lies in the
ability to develop an optimal and ideal model for estimating
the costly parameter of rock mass deformation modulus using
statistical and intelligent methods, based on the results of low-
cost tests such as rock mass classification systems. This
approach eliminates, the laborious and time-consuming inside
borehole tests, such as the dilatometry test.

1 The geo-mechanical properties of the Khersan-2 dam site
(including the properties of rock and stone material) are
investigated and evaluated.

2 The RMDM is estimated based on dilatometry test results
and rock mass classification systems using statistical and
intelligent methods.

3 The effectiveness of six different ML models to estimate
the RMDM has been investigated and the best model is
introduced.

4 Empirical relationships are presented to estimate the
deformation modulus and rock mass rating (RMR)
classification system.

5 Relationships of previous researchers to estimate RMDM
and RMR classification systems are evaluated and their
accuracy is determined.

Table 1. A summary of empirical relationships to estimate RMDM.

Reference RMDM estimation method Developed equation Eq. No.
Emami Meybodi et al.[*] Machine learning-based predictive models - (1)
Jiao et al 3 Multi-domain equivalent method - (2)
Bellapu et al.l"] Estimation based on Rock Mass Rating RMDM = 0.00011RMR3 — 3
0.0088RMR? + 0.2RMR — 1.3
Motamed-Shariati et al.[*] Empirical relations for a specific dam site RMDM = 35.16 *Ln(RMR)-131.59 (4)
Hasanipanah et al. [ Cascaded forward neural network models - (5)
Aladejare et al.[*] Evaluating previous relationships - (6)
Chen et al.l'd Analytical solution considering confining - @
stress
Zhang et al.[13] Deformability assessment of Jointed rock - (8)
masses
Polemis Jtnior et al.[*4] Comparative study of empirical methods - 9)
Hua et al. [*3] Estimation models based on in-situ tests RMDM = 1.42Q +3.42 (10)
Que et al.[18] Estimation based on physical model tests - (11)
Chun et al.[?d Estimation based on various functions RMDM-= 1.3326 g(0-0364RMR) (12)
Ching et al.3% Quasi-site-specific prediction - (13)
Fattahi and Moradi, (31 RMDM prediction using statistical methods ~RMDM=2.87¢0-0%4RQD (14)
Khabbazi et al.[*d Study of empirical methods RMDM = 9*107RMR?3868 (15)
Nejati et al.[?4 Study of empirical methods RMDM =0.163RMR - 5.17 (16)
Kavur et al.l*! Estimation based on various functions RMDM = 4 (RMR-20)/20 17)
Alemdag et al.l*®! RMDM prediction using statistical methods RMDM =0.058g 0-0-0785RMR (18)
Kincal and Koca 34 RMDM prediction using statistical methods RMDM = 0.0237 x g (0:0975RMR), (19)
Akram et al.[3] Study of empirical methods RMDM = 1.73 Q+7.07 (20)
Palmstrém and Singh[36] Study of empirical methods RMDM =8 Q%4 (21)
Shen et al.[*"] RMDM prediction using statistical methods RMDM = 110 el -(RMR-110/37)2] (22)
Fattahi and Moradi (34 Use of the RMR system to predict of RMDM = 9x10% *RMR34 (23)
RMDM
Hussain et al.[%! RMDM prediction using statistical methods RMDM = 1.56RMR+0.041s50-75.25 (24)
Motamed-Shariati et al.l'®  Study of empirical methods RMDM-= 1.64*Q"08 (25)
Read et al.[*] RMDM prediction using statistical methods RMDM = 0.1 (RMR /10)3 (26)
Kang et al.[39 Estimation based on various functions RMDM = 10(RMR-16)/50) 27
Bieniawskil*! RMDM prediction using statistical methods RMDM =—2RMR 100, For RMR> 50 (28)
Serafim and pereiral*2 Study of empirical methods RMDM =10(RMR-10)/40, For RMR <50  (29)

In the above equations, RMDM represents the estimated deformation modulus, Q is the Q-value, RMR is the rock mass rating, 1S50 is the point

load index.
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2. Research methodology

2.1 Study area features

The concrete dam of Khersan-2 is located approximately 60
kilometers southwest of the city of Lordegan in Chaharmahal-
Bakhtiari province. The site of Khersan-2 dam is located at
coordinates 31.25 °N and 50.36 °E in the Zagros Mountains,
west of Iran. Fig. 1 presents the depositional features of the
Khersan-2 dam site.

The Khersan-2 dam site exhibits stratigraphy comprising
three distinct stratified formations, arranged from bottom to
top. These formations include Asmari, Gachsaran, Aghajari,
and Quaternary deposits. With the exception of the surface
power plant, the majority of the dam site's structures are
situated within the upper Asmari formation (AF). This
formation is characterized by thick to medium-layered
limestones displaying regular layering, with a minor presence
of thin-layered limestones transitioning to marl limestones. [

2.2 The RMR classification

The RMR classification was presented by Bieniawski,“! and
this classification was modified in 1989.1 RMR takes into
account five main parameters: rock strength, rock quality, joint
spacing, joint condition, and groundwater situations. The
RMR system assigns a numerical value to each of these
parameters based on site observations and measurements. The
individual scores are then combined to calculate the overall
RMR value, which ranges from 0 to 100. A higher RMR value
indicates a more favorable rock mass condition, implying
better stability and engineering properties. If, in the
calculation of the RMR value, the score of the underground
water is ignored (in dry situations) and the orientation of the

joints is not considered, the calculated RMR is called RMR&9.
At the Khersan-2 dam site, RMR89 values have been
determined in five-meter sections of 19 exploratory boreholes.
Fig. 2 displays some of the boreholes along the dam axis.

2.3 Q classification system
To calculate Q values, the score of each of the parameters of
the Q classification system*! for every five meters of each
borehole was determined using tables and charts (Eq. 30).
Rock quality designation (RQD) was also determined using
cores obtained from drilling cores.
RQD Jr Jw
0= R (30)
In this equation, Jr and Jw represent the score of the joint
roughness and the score of the amount of water in the joints,
respectively. Jn and Ja are the scores of the number of joint
sets and the weathering of the joint surfaces, respectively. The
state of active stresses in the rock mass is also expressed by
SRF (stress reduction factor). RQD is also determined by
dividing the total length of cores equal to or greater than 10
cm by the length of the drilling run. The rock mass
classification methods are presented in Table 2.

Table 2. Category of rock mass using the Q4 and RMRM
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Fig. 1 Depositional features of Khersan-2 dam site. Reproduced with the permission from [43], Copyright 2011, Springer Science

Business Media B.V.
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Fig. 2 Location of some of the boreholes at the dam axis.

2.4 Dilatometer test and Hoek-Brown's parameters

To measure the RMDM, a flexible dilatometer and volume
change analysis were employed. In this way, in boreholes with
a diameter of 101 mm and a predetermined depth, the
dilatometer is sent in the form of a metal cylinder with a rubber
cover, then by introducing compressed air into the space
between the middle part of the metal and the rubber cover, to
the wall of the borehole. Pressure is applied with maximum
values of 3, 7, and 10 MPa in a stepwise manner, and the
deformation modulus of the borehole wall is recorded in each
step.

To calculate the rock mass shear strength parameters using
the Hoek-Brown method,® experimental outcomes and rock
mass classification were used. Equations 31-34 were used to
calculate Hoek-Brown's constants.!!

0] =0+ 05i (M), 2> +)° (31)
GSI-100.
S=Exp(555-) (32)
a:O.SOjL% (e(—GSI/ls)_e(-20/3)) (33)
GSI-100
mp=m;Exp(—5) (34

2.5 Gaussian process regression (GPR)
A Gaussian process (GP) is a set of random variables that
exhibit the property of being distributed according to a
Gaussian distribution. GPR is a method used to classify data
by leveraging the underlying structures present within it. In a
GP, there is a distribution function referred to as "f," which is
defined as a mapping from the input space "X" to the real space
"R." For any finite subset of "X." the marginal distribution of
"f(x1), f(x2),...f(xn)" conforms to a multiple normal
distribution.*641 The parametric Gaussian process is defined
as follows using the m(x) mean function and the k(x; x))
covariance function.

FIX ~ N(n(x), K(X.X] (35)

© Engineered Science Publisher LLC 2024

The equivalent relation of Eq. 35 is:
f() ~ gp (m(x), k(x;, x;)) (36)

In the above relationship, the X matrix rows are input
vectors, f'is a vector of functions, and K(X, X) denotes the n xn
covariance matrix so that Kij = k(xi, xj).

In order to initialize the GP, the regression model of the
Gaussian process, considering y as an observation along with
the Gaussian error ¢, is expressed as Eq. 371471

y=f & +ee~N(0 0,%) (37)

The common distribution of y training outputs and f, test
outputs with zero average function are shown in the following
equation (Eq. 38):

y K (X,X) + 02l K(X,X,)
AR )
f« K (X.X) K(X.,X,)
where X* and X are the test and training data matrix of the
model, respectively. By binding f, on the y observation, the
prediction of the distribution can be displayed as follows (Eq.
39):

(38)

Ly X~NCRYV ()] (39)
where, f,..and V(f,) are obtained from Egs. 40 and 41.
S = K (X X) [K(X, X) + 02117ty (40)

V(f) =K X, X) — K X, KX, X) + o2 1] K(X, X.)
(41)

For the covariance matrices, the symbols K (X,,X,) ,
K (X,,X) are similar to the former K (X, X) symbol. Based on
Eq. 39, the forecast mean is calculated by combining the
observed values of y using a linear approach. The coding of
GPR relies on the assumption that inputs that are in close
proximity are likely to yield similar outputs. As a result, higher
weights are assigned to samples with similar values.

2.6 The MLPBPANN
The MLPBPANN generally refers to the combination of a
multilayer perceptron (MLP) architecture with the

Eng. Sci., 2024, 29, 1120 | 5



Research article

Engineered Science

backpropagation (BP) learning algorithm to train an ANN. The
MLP architecture involves multiple layers of solid nodes,
where information flows in a feedforward manner from the
input layer to the output layer.*3] The process of BP involves
modifying the weights within a network by utilizing the
computed error, aiming to reduce the disparity between the
anticipated output and the intended output. By combining the
MLP architecture and the BP algorithm, MLPBPANN enables
the training of artificial neural networks to learn and make
predictions or classifications based on input data.®! The basic
operation of an ANN involves propagating input data through
the network, with each neuron applying an activation function
to the weighted sum of its inputs. This process generates
output values that are used as inputs for the next layer until the
final output is obtained.[#*?! During the training phase, an ANN
adjusts its weights and biases by iteratively processing training
examples and comparing the forecasted results with the real
results. This process is typically done using optimization
algorithms like BP.%

2.7 Random Forest (RF)
The main idea behind RF is to combine the predictions of
multiple decision trees to make more accurate and robust
predictions. Each decision tree in the forest is trained on a
randomly selected subset of the training data and uses a
random subset of features for splitting at each node. This
randomness helps to decorrelate the individual trees and
reduces overfitting.[*"%8 RF is resistant to overfitting due to the
randomness introduced by using bootstrap samples and
random subsets of features.Here's a general overview of how
RF approach.’”%811 Random subset creation: bootstrap
samples by randomly selecting subsets from the original
training data with replacement. These subsets, also known as
"bootstrap samples," are used to train the individual decision
trees in the RF ensemble.2 Decision tree training: A decision
tree is trained for each bootstrap instance using a random
subset of features at each node. The decision tree is grown by
recursively dividing the data via the selected features and their
optimal splitting criteria.3 Ensemble prediction: After
completing the training process for all the decision trees,
predictions are made by each tree on the test data. The average
of the predictions from all trees is used as the final forecast. In
the current research, RF modeling was done using R statistical
software. To obtain the number of designated variables in each
tree and nods of trees, the 10-fold cross-validation process has
been used.
2.8 The KNN method

This approach identifies the class of new data by averaging
its k nearest neighbors during the training phase, using a
distance metric. For this purpose, Euclidean distance was used
in this research. The key steps involve loading training data,
computing distances to all data, choosing the K nearest
neighbors, and forecasting the new values.[*1 Cautious choices
regarding k, the distance metric, and handling unnecessary
datasets are critical. With large datasets, KNN can perform
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more accurately. KNN serves as a simple and valuable
benchmark for generating complex ML models.[*1 Like other
methods, 75% of the data was allocated for training the model
and 25% of the data was used to test the constructed KNN
model.

2.9 Normalizing data and model evaluation

Normalizing variables is a crucial step in ML, typically
achieved by scaling values between -1 and 1, as outlined in Eq.
42. This process is essential for improving the efficiency of
gradient descent and mitigating the impact of extreme input
values on weight.

Xa—Xmin.
XnVZZ(Xmin.max.)—l (42)

Xav represents the normalized value of the X parameter, X,
is the actual value of X, Xmin and Xmax denote the minimum
and maximum values of X parameter, respectively.

To evaluate method efficiency, key metrics including the
performance index (PI), mean absolute percentage error
(MAPE), root mean square error (RMSE), variance accounted
for (VAF), and determination coefficient (R?) were employed.
These metrics, widely utilized by researchers serve as valuable
tools for model evaluation.14751

3. Results and discussions
Empirical relationships and intelligent models are two indirect
methods of estimating rock engineering properties at the
project site. In recent years, researchers have drawn attention
to providing models and relationships to estimate rock
properties based on laboratory and in-situ tests.[®!8 Indirect
approaches become more significant when the rocks are weak
(such as marl, marl limestone, gypsum, and anhydrite
investigated in this research), and jointed, and sampling is
problematic, especially in deep drilling. Collecting standard
specimens for destructive experiments (such as compressive
strength tests) and conducting in-situ tests such as dilatometry
on these types of rocks takes a lot of time and money.[t%5217]
In this section, after presenting and comparing the results
of laboratory and in-situ tests with the existing standards and
the classification of intact rock and rock mass at the studied
site, some experimental relationships and models for
estimating the RMR classification system and the deformation
modulus are presented.

3.1 Intact rock engineering properties

The engineering characteristics of the site's rock samples
under both saturated and dry conditions are displayed in Table
3. According to Anon'sl®® classification, both dry and saturated
limestone specimens fall into the very high category based on
the average compressional wave velocity (Vp). Meanwhile,
limestone marl and marl limestone specimens were
categorized as low classes. The findings indicate an increase
in Vp and shear wave velocity (Vs) due to the sample
saturation. Using density, Vp, and Vs, the dynamic elastic
modulus (Ed) and dynamic Poisson ratio (DPR) were
calculated and presented in Table 3. Notably, highly porous
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samples exhibit a broad spectrum of Vp and Vs when
saturated.®! Also, Table 3 presents the physical characteristics,
such as density, water absorption (Wa), and porosity (n) of
borehole-derived specimens. The lithological composition,
encompassing limestone, marl limestone, calcareous marl, and
marl, is described by varying colors and textures. Limestone
appears creamy and light gray to brownish gray, while marl
limestones and calcareous marls exhibit gray to greenish gray
color, especially in the middle Asmari formation.
Distinguishing these rocks in hand samples is challenging, but
calcareous marl shows lower strength and a relatively lighter
color. Marl is characterized by a fine texture and gray to brown
color. Porosity classification places calcareous samples in the
lower class, marl limestone and calcareous marl specimens in
the high category, and anhydrite and gypsum specimens were
categorized in the very high category.

The objective of the UCS test was to ascertain the uniaxial
compressive strength (UCS), static elastic modulus (Es), and
static Poisson’s ratio (SPR) of rock samples from the dam site
under both dry and saturated situations. The factors
influencing rock UCS are broadly categorized into internal
and external factors. Internal factors are intrinsic rock
characteristics, including mineral types, porosity, density,
grain size and shape, void ratio, and anisotropy.®°! External
factors, on the other hand, depend on test-related aspects such
as method, device, environmental conditions, and the operator.
These encompass specimen size, shape, height-to-diameter
ratio, friction between loading plates and specimens, loading
rate, sample connection to the test machine, sample moisture,
and composition of liquids.™ Table 3 presents the UCS, Es,
and Poisson's ratio for each rock type at the dam site. Dry

limestone samples exhibit high strength, whereas saturated
limestone samples fall into the medium strength class. Marl
limestone and both dry and saturated limestone marl
specimens are categorized as medium and low strength,
respectively. Anhydrite and dry gypsum were classified in a
very low resistance category.®® Saturation leads to decreased
static properties and increased Poisson’s ratio, a phenomenon
reported by other researchers.* Lithology, water absorption,
porosity, mineral type and amount, and cement type and
amount influence sample resistance in dry and saturated
conditions.% Vasarhelyil®? stated that saturated sandstone
UCS in the UK is approximately 75.6% of dry UCS, with
tangential and secant modulus in the saturated condition at
76.10% and 79.00% of dry states, respectively. The type and
quantity of clay minerals significantly affect the strength of
foundation materials.[®*2 Clay minerals reduce the strength of
the sample by absorbing water.®! These minerals can lead to
low shear resistance, swelling, soil dispersive, and settlement
of the foundation of the structure.®! When studying the
stability of the dam site, it is very important to pay attention to
the karstification potential of limestone and the type of clay
minerals in marl rocks. Due to the existence of limestone
and gypsum lithologies at the dam site, the possibility of risks
related to karstification in the site should be considered. Also,
due to the presence of clay minerals in marl rocks, risks such
as swelling and settlement of dam site should be considered.

3.2 Rock mass properties of the dam site

Dilatometry tests, determination of rock mass quality index
(RQD), checking the condition of discontinuities, distance of
discontinuities, and checking the condition of underground

Table 3. The mean of engineering characteristics of the site's intact rock samples.

. . UCs Es Vp Vs Ed Wa n Density
Conditions  Litholo SPR DPR
Y (MPa) (GPa) (mls) (mls)  (GPa) % %  (glemd)
Yellow
. 111.09 37.2 0.29 5022 2900 537 0.25 1.88 4,78 2.53
limestone
Gray
. 121.16 3734 0.24 4934 2978 56.62 024 112 2.93 2.58
limestone
D Marl
Y . 70.88 2131 021 3450 2081 24.45 0.22 354 8.88 2.49
limestone
Gypsum
and 26.75 8.56 0.2 3100 2001 18.2 0.2 10.61 22.06 2.08
anhydrite
Yell
'EOW " ggs4a 208 032 5145 3025 6026 025 - ; 2.59
limestone
Gray
. 85.48 26.92 026 5081 3068 60.4 023 - - 2.63
limestone
Sat. Marl
. 44.94 1493 022 - - - - - - 2.56
limestone
Gypsum
and 17.9 5.64 021 - - - - - - 2.3
anhydrite
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water were conducted to determine the RMDM using Q and
RMR at exploratory boreholes of the dam site. In this study,
the RMDM of the Khersan-2 dam site was approximated using
88 data points from dilatometry test results and rock mass geo-

mechanical characteristics. Table 4 displays the values of the
geo-mechanical parameters at the dam site. The site rock mass
falls into the good, fairly good, and medium categories based
on the Q and RMR. Two examples of core boxes are presented

Table 4. The values of the geo-mechanical parameters at the dam site.

Sample  Depth (m) RMR89 Q RMDM  Sample _Depth (m) RMR89 Q RMDM

From To (GPa) From  To (GPa)
S1 2.3 75.05 65 6.00 19.45 S45 3866 521 52 3.00 1192
S2 75.05 829 64 8.00 22.58 S46 52.1 130.1 69 19.00 31.96
S3 82.9 100.05 67 11.00 26.03 S47 130.1  250.05 74 2400 34.50
S4 100.05 1124 67 10.00 25.00 S48 250.05 260 63 8.00 2257
S5 112.4 11505 64 15.00 29.40 S49 1.94 11.4 63 8.00 22.57
S6 115.05 1209 65 14.00 28.65 S50 11.4 22.2 72 16.00 30.10
s7 1209 12545 63 16.00 30.10 S51 22.2 250 69 18.00 31.38
S8 12545 1294 64 15.00 29.40 S52 0.7 16.8 58 500 17.47
S9 129.4 13365 70 20.00 32.52 S53 16.8 35 57 420 1558
S10 133.65 1417 63 15.00 29.40 S54 35 50 63 8.00 2257
S11 141.7 152.25 67 13.00 27.84 S55 17 60 67 13.00 27.84
S12 152.25 168 66 11.00 26.03 S56 4.7 10 57 4.00 15.05
S13 168 17245 61 7.00 2112 S57 10 70 60 6.00 19.45
S14 17245 180.1 64 11.00 26.03 S58 2 8.7 60 6.00 19.45
S15 180.1 190 42 150 4.40 S59 8.7 280 67 13.00 27.84
S16 190 200.1 45 200 7.2 S60 2.7 12 42 1.00 22.00
S17 200.1 204.1 63 8.60 23.36 S61 14.3 25 61 7.00 21.12
S18 2041 2101 69 16.00 30.10 S62 25 35 58 500 17.47
S19 210.1 22195 69 16.00 30.10 S63 35 43.7 63 8.00 2257
S20 22195 2234 46 1.80 6.38 S64 43.7 55 58 500 17.47
S21 2234 230 69 19.00 31.96 S65 55 62.15 48 200 7.52
S22 2306 2378 71 20.00 32.52 S66 62.15 75 65 10.00 25.00
S23 237.8 243.1 71 20.00 3252 S67 1 6.8 64 9.00 23.85
S24 243.1 280 57 5.00 17.47 S68 6.8 10 61 7.00 21.12
S25 5 8 59 4.00 15.05 S69 10 13.2 40 1.00 25.00
S26 8 23.2 64 5.00 17.47 S70 13.2 21.25 63 8.00 22.57
S27 23.2 60.9 67 12.00 26.97 S71 22.55 32.6 70 18.00 31.38
S28 60.9 65 46 3.00 11.92 S72 32.6 35.15 64 9.00 23.85
S29 65 100 69 17.00 30.76 S73 3515 60 71 21.00 33.05
S30 100 140.1 66 12.00 26.97 S74 10.4 30 42 1.00 22.00
S31 140.1 158 71 20.00 32.52 S75 35 40.35 56 4.00 15.05
S32 158 180 71 20.00 3252 S76 40.35 47.7 61 6.50 20.32
S33 5 80 66 14.00 28.65 S77 47.7 51.4 50 200 7.52
S34 80 85 52 3.00 11.92 S78 51.4 67.1 76 22.00 33.56
S35 85 192.7 69 17.00 30.76 S79 67.1 120 66 12.00 26.97
S36 192.7 203 52 3.00 11.92 S80 72.9 80 45 1.00 22.00
S37 203 2119 63 8.50 23.23 S81 80 97.95 66 12.00 26.97
S38 2119 215 51 250 9.94 S82 97.95 300 69 16.00 30.10
S39 215 280 56 4.00 15.05 S83 3.6 30 71 20.00 32.52
S40 5 15 52 3.00 11.92 S84 4.4 6.3 50 2.00 7.52
S41 15 22.3 67 13.00 27.84 S85 6.3 60 61 7.00 21.12
S42 22.3 31.2 67 13.00 27.84 S86 6.7 24.9 68 15.00 29.40
S43 31.2 60 69 18.00 31.38 S87 76.4 90 64 14.00 28.65
S44 5 15 59 5.00 17.47
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Fig. 3 Examples of the core boxes: (a) right abutment, and (b) left abutment.
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Fig. 4 Histogram of RMDM, RMR&9, and Q.

in Fig. 3. The histogram of the variables shows that it is
possible to perform statistical analysis and multivariate
regression on the data (Fig. 4). Rock masses are categorized
into three groups based on RMDM obtained from dilatometric
tests, as outlined in Table 5.5 The left abutment of the site
falls into the first group with an average RMDM of 19.88 GPa.
Also, the right abutment, with a mean RMDM of 20.53 GPa,
is classified in the first group.Table 5. Rock mass classification
based on RMDM. ]

Descriptions RMDM (GPa) Group
No need for additional tests. RMDM > 10 1
Needs more test assessment. 5<RMDM <10 2
Needs in-situ tests. RMDM <5 3

The dam site's rock masses, assessed through exploratory
studies and RMR classification, yielded geological strength
index (GSI) values of 50 + 5, 65 + 5, and 60 = 5 for the
Gachsaran formation, right and left abutments respectively.

© Engineered Science Publisher LLC 2024
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The mean values of the Q, RMR, and RQD are presented in
Fig. 5.

3.3 Hoek-Brown and shear strength parameters

Triaxial tests were conducted under saturated conditions to
estimate the shear strength parameters and obtain the
necessary values for Hoek-Brown's failure criterion. ! Lateral
pressures were determined considering lithology, depth, and
position, following Hoek-Brown's*’ recommendations. These
failure curves for intact rock at the site were drawn based on
experimental results (an example in Fig. 6). Subsequently, the
fixed parameters (i.e., m; and s) for the Hoek-Brown failure
criterion of the intact rock were calculated using the results of
triaxial experiments (Fig. 6).

100
90
80
70

» RMRS9 = RQD =Q

L B

Right abutment Left abutment Anhydrite and
limestone limestone gypsum

Percent(%o)
[ L#¥] o n [=a)
(=] [ [ [—] =

[ary
=

=

Fig. 5 Results of rock mass classifications.

In terms of shear strength parameters, Hoek-Brown!*!
established failure criterion values for the site rock masses, as

Eng. Sci., 2024, 29, 1120 | 9
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Table 6. Evaluation results of previous and current relationships.
Equation (Eq.) Results of evaluation criteria Eq. References
R= RMSE VAF% Pl number
RMR89=8.7*LN(Q)+ 38.02 0.93 6.36 92.49 -4.51 (43) Kaiser and
Galel®8l
RMR89=6.64*LN(Q)+32.75 0.94 15.77 93.79 - (44) Hassanpour
13.89 et al.ldl
RMR89=5.80*LN(Q)+54.41 0.94 5.86 93.58 -3.98 (45) Wijaya et
al .67
RMR89=12.33*LN(Q)+26.00 0.94 10.98 93.87 -9.10 (46) Sadeghi et
al.l7
RMR89=9*LN(Q)+44.02 0.94 2.20 93.44 -0.32 47) Bieniawskil*!
RMR89=4.54*LN(Q)+46.34 0.94 7.73 93.95 -5.85 (48) Sayeed and
Khannal®!
RMR89=9.57*LN(Q) + 42.20 0.95 0.36 94.95 +1.54 (49) This study

detailed in Fig. 7. To determine internal friction angle (®) and
cohesion (c) using the Mohr-Coulomb criterion, these
parameters were calculated at various stress levels, resulting
in the shear strength parameters outlined in Fig. 7.

3.4 Relationship between RMR89 and Q

After removing outlier data from 18 boreholes, Fig. 8
illustrates a robust correlation between Q and RMRE&9
classifications. A notable correlation, predominantly
expressed through a logarithmic function, is evident. The
present study results are also in harmony with the findings of
earlier researchers regarding the superiority of the logarithmic
relationship.[%667 Evaluation of earlier relationships (Table 6
and Fig. 9) reveals high coefficients of determination but
significant error values. Previous researchers have also stated
that these errors necessitate the development of local
relationships for each site.67.6

400 : i ; : T
| R2=0.66, w11, 5 | ; ¢
350 i e — —— —— -
300 ' : : '
~ 2501
o
§ 200
? 150
100 oo+ |
T — ...........
0 ! i E i i

20 30 40 50
Sigma 3

Fig. 6 An example of Hoek-Brown chart for a limestone sample.

¢Data :
= Hoek-Brown Criterion -

3.5 Simple regression to estimate RMDM

The estimation of RMDM is essential for evaluating the
deformation behavior and stability of rock masses in
geotechnical engineering. This study provides an assessment

10| Eng. Sci., 2024, 29, 1120

of recent studies that have focused on various empirical
methods and models for estimating the RMDM. To investigate
the effect of the geomechanical parameters of the site on the
RMDM, the correlation matrix (Table 7) and the two-variable
regression model (Table 8) were examined separately. Results
showed that it is possible to estimate the RMDM. Then, by
forming linear and non-linear multivariate regression methods,
the effects of parameters were studied to determine the best
equation for estimating the RMDM.

mRight abutment limestone
4 B Left abutment limestone [
35 mMarl limestone and limestone marl
Anhydrite and gypsum
3 —
w25
@
E
s 1 B
1.5
1
, LIl [
a $*100 mb (@ ¢(MPa)
(degre))/10

Fig. 7 Hoek-Brown constants and ¢ and ® using the Mohr-
Coulomb criterion for the site.

To provide relations to estimate the RMDM, Minitab
software was used, which, in addition to its ease of use, is one
of the most powerful tools for statistical analysis of data. At
the beginning of the analysis, univariate and multivariate
regression modeling were used, and then the following tests
were used to determine the power of the methods to process
the data.

1) R-square (R?) to analyze the dependence of the presented
relationship with the tested values.
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2) Durbin-Watson's (DW) test to check the non-correlation of
errors

3) Checking the significance of the relationships and the non-
randomness of the values of the independent parameters with
the help of F and t-tests and checking these tests with the Sig
statistic.

4) Checking the normality chart and the histogram of the
remaining errors.

Table 7. Correlation matrix results.

RMDM RMR89 Q
RMDM 1
RMR89 0.97 1
Q 0.93 0.87 1
Table 8. Relationship between RMDM and rock mass
classification systems with different functions.
RMDM RMDM
Eq. Eq.
Versus RZ RMSE No Versus R=Z RMSE No
RMR89 ) '
y=- y =0.00
0.08 x? X% +
97 Al .94 A
valp, 097 010 (80) . 094 013 (55)
+2.08 34.31
y=1.06
=134
3('+ ooy 087 018 () x- 094 014  (56)
' 43.16
y =5.79 y=0.03
qoix 063 026 (52) .0 061 019 (57)
y=191 y =0.00
i 064 021 (83) o 065 035 (58)
y= y=
10.81 59.67
. . 4 .94 A1
In6) + 0.99 008  (54) 1) - 094 0 (59)
0.11 223.22

3.6 Multivariate linear regression (MVLR) model

Based on the MVLR results, the values of the coefficient of
determination and the adjusted coefficient of determination
are equal to 0.96 and 0.96, respectively (Table 9). The DW
statistic is equal to 1.72, which means that the errors are
uncorrelated. From the value of the Sig. statistic, it can be
concluded that the relationship presented is not random and is
significant in this respect.

According to the analysis of variances (ANOVA) in Table
10, it can be seen that the independent parameters used in the
relationship have the ability to explain and justify
approximately 96% of the variance of the acceptable
deformation modulus, and the rest is dependent on other
parameters (of course, 96% is an acceptable value). The
ANOVA and DW are used to check the applicability of the
models.[* The coefficients of the parameters are given in
Table 11. Finally, the relationship presented using MVLR is in
the form of Eq. (60).

© Engineered Science Publisher LLC 2024

RMDM=-28.01+0.7317 RMR89 + 0.4949 Q (60)

The normality diagrams and error histogram are revealed

in Fig. 10. This Figure displays that the error residuals are
normally distributed.

80
y=50.03e"2x BT .
70 R:= 075 O i
60
a y= 4338 x %17
=] 2 —
2 R:= 0.93
S 50
=+
40
y= 116X+ 49.97
30 2=
Re=0.78 y= 9.58In(x) + 42.18
R*= (.94
20
0 5 10 15 20 25

Q-Classification system
Fig. 8 Relationship between Q and RMR&9.

Table 9. Evaluating criteria for the MVLR method.

Durbin-Watson (DW)

S R-s R-sq(adj) RMSE L
q 9(adi) statistic
1.75 96.35% 96.26% 0.11 1.7228
80 — — T
® Wijaya et al. 2023 X=Y Line 7,
® Sadeghietal. 2020 y= 0.85x + 3.18 e
70 | o Bieniawski 1989 R*= 0.93 ~ 4
o Sayeed and Khanna 2015 ﬂ‘ % Ay
60 This study o‘__..o"" e
a ® Hassanpour et al. 2022 0:” - .
& o Kaiser and Gale, 1985 | " . 00
- 50 ,l,r. o‘,.
~ '!‘"i .-0. ﬂ‘
T y= 0.88x + 7.98 oo " ¢
£ 40 R2= 0.94
E .': k.'! y= 1.21x- 23.33
& Y= 057x+ 31187 og®® RE=0.94
30 R*= 0.94 ¢ A
y= 0.44x+ 2821
we e R:- (.94
20 y= 0.94x + 3.84
y= 0.65x+ 6.22 R:= 0.95
R*= 0.94
10
10 20 30 40 50 60 70 80
Measured RVMRS89
Fig. 9 The evaluation results of empirical equations to estimate
RMRS9.
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Table 10. MVLR results of RMDM versus RMR89 and Q.

Source DF SeqSS Contribution AdjSS AdjMS F-Value Sig.
Regression 2 6824.26 96.35% 6824.26 3412.13 1108.46 0.000
RMR89 1 6641.74 93.77% 693.92 69392 22543  0.000
Q 1 18252  2.58% 182.52 18252  59.29 0.000
Error 84 25857  3.65% 258.57 3.08
Lack-of-Fit 51 25857  3.65% 25857  5.07
Pure Error 33 0.00 0.00% 0.00 0.00
Total 86 7082.84 100.00%
Table 11. Coefficients of the parameters.
Term Coef SE Coef 95% CI T-Value P-Value
Constant -28.01 2.46 (-32.90, -23.11)  -11.38 0.000
RMR89 0.7317 0.0487  (0.6347,0.8286) 15.01 0.000
Q 0.4949 0.0643  (0.3671,0.6228) 7.70 0.000

3.7 Multivariate non-linear regression (MVNLR) model

In the investigations, it was found that the logarithmic model
has a higher coefficient of determination than the linear model.
Therefore, the research was conducted on non-linear models.
In the combined model to form the equation according to the
type of variables, an exponential function is used to model the
variables. According to Table 12, the value of the coefficient
of determination is equal to 0.97. In this model, the assumption
of non-correlation of errors (the value of the DW statistic
between 1.5 and 2.5) is established. According to Table 12 and
Fig. 11, the independent parameters are effective in
determining the dependent parameter. Also, according to the

a0

50

Percent

10

-5.0 -2.5

0.0 2.5
Residual

5.0

30| Histogram

20

Frequency

10

-4 -2 0 2 |
Residual

Sig. statistic, the presented relationship is significant, and it
can be concluded that the relationship was not chosen
randomly. Finally, the presented MVNLR is in the form of Eq.
(o1).

3.8 MLPBPANN and KNN modeling results

In this study, an MLPBPANN of the feed-forward type was
employed. The input layer consisted of 2 neurons,
corresponding to the independent variables utilized. The
output layer was defined based on the desired outputs. The
determination of the hidden layers and the number of neurons
within them depended on the complexity of the problem at
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Fig. 10 Histogram of errors of residuals of the relationship provided by MVLR.
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Fig. 11 Diagrams of MVNLR model residuals.

Table 12. The MVNLR results.

. Used
Equation R? RMSE DW P-value . . . Tolerance  Eq. No.
iterations  algorithm
RMDM =
Gauss-
3.61e14*Ln(RMR89)+ 097 011 1.8 0.00 200 Newton 0.00001 (61)
10.86*Ln(Q)

hand.' Generally, a single hidden layer with a minimal
number of neurons was favored. For the MLPBPANN, like
other methods, the data were randomly divided into two
groups: training (75% of the total data) and testing (25% of the
total data). The training group was used to train the data and
determine the weights, and the testing group was employed to
evaluate the model.l"2731 To assess the efficiency of the training
algorithms, namely LM (Levenberg-Marquardt), BR
(Bayesian regularization), and SCG (scald conjugate gradient),
in estimating the RMDM using MLPBPANN, various

combinations and varying numbers of neurons in a single
hidden layer were employed, as shown in Fig. 12. The best
model is characterized using correlation coefficient and error
rate.[’47
These choices were based on the recommendations of
previous researchers. The aforementioned process was carried
out for neurons 1 to 3, utilizing the equations presented earlier
(Table 13). Then, based on the statistical criteria the optimal
model for forecasting RMDM was identified.
In all of the training algorithms presented in Table 14, a

Q-classification
system

Input Layer
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Fig. 12 The MLPBPANN structure used in this research.
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Table 13. Hidden layer number estimation.

Neuron numbers calculated

References Equations .
in current research
Hecht-Nielsenl’® <2xy+1 <3 (62)
Hushl77] 3xy 3 (63)
Ripley!™ (y+x)/2 15 (64)
Paolal™ 24+ y*x+05x*(x"2+y)—3 -
aola

D)) ()

Wang(8% 2yl3 0.67 (66)

x and y are the numbers of input and output neurons, respectively

sigmoid transfer function was applied between the input layer
and the hidden layer, while a linear transfer function was
utilized between the hidden layer and the output layer. In this
study, the LM algorithm yielded the most accurate outcomes
when estimating RMDM for the first neuron, as depicted in
Figs. 13 and 14. The LM algorithm possesses the fastest
convergence rate when addressing technical and engineering
problems.%% One advantage of this algorithm is its ability to
adaptively adjust the learning rate within the network.[®1.82 The
results indicate that the accuracy of the test data was equal to
or greater than that of the training data, suggesting the absence
of overfitting in the models. Furthermore, the validation data
produced results with an accuracy close to one, further
confirming the absence of overfitting in the model outcomes.
In this study, the results obtained from the MLPBPANN for
forecasting RMDM were compared to the GPR, KNN, and RF
methods.

Table 14. Results of MLPBPANN using LM, BR, and SCG
training algorithms.

. N . R (for RMSE
Optimal Activation Training tes(t (for test
MLPBPANN  functions functions

data) data)
2*1*1 Tansig, linear LM 0.97 0.03
2%2*1 Tansig, linear SCG 0.95 0.05
2*1*1 Tansig,linear BR 0.96 0.05
Best Validation Performance is 0.001319 at epoch 296
0
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e Tratin
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- ——Test
g Best
£
L 10"
o
i
k]
g
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Fig. 13 MSE reduction trend using MLPBPANN approach.
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In the KNN approach, optimal neighbors are selected
using distance metrics.[* In the current study, we chose the
Euclidean distance metric. Fig. 15 shows the training error
curve for different K values when estimating RMDM. As can
be seen, the optimum K value for estimating RMDM equals 3.
Importantly, the KNN model outperformed multivariate
methods in forecasting RMDM.

3.9 Results of GPR and RF methods

The GPR model confirmed acceptable performance by
precisely forecasting the majority of RMDM values, with the
predicted values closely aligned with the actual values (Fig.
16). MLPBPANN follows the empirical risk minimization
(ERM) principle. The ERM principle seeks to minimize the
incorrect classification error or deviation from the correct
solution of training data.*! The RF modeling process was
executed utilizing R software (R.4.2.1). Like other ML
methods used in this research, in the RF method, 25% of the
total samples were used for model training, and 75% of the
total samples were also used for model evaluation. This
learning method, which is based on a group of decision trees
using bootstrap samples and subsets of random features,
shows high flexibility against overfitting.*”! In the current
study, to determine the optimal number of parameters and
nodes in each tree, a 10-fold cross-validation approach was
implemented. Consequently, the RF method produced optimal
outcomes with 520 trees and two variables in each node. In
summary, when evaluating the precision of RF, GPR, and
MLPBPANN, it's important to consider factors such as dataset
characteristics, training algorithms, learning rate, and the
specific problem at hand.

3.10 Evaluation of used models and previous relationships
Many relationships have been proposed by previous
researchers to estimate RMDM (Table 1). RMDM values were
estimated based on previous and current relationships and
models, and their correlation with the measured RMDM
values at the Khersan dam site was checked. The evaluating
results of previous equations and developed models in the
current research are presented in Fig. 17. In this figure, parts
a, b, and ¢ show the correlation between measured RMDM and
predicted RMDM based on previous relationships and
developed models in the current study. The RMSE and R-
squared are commonly used to assess the predictive
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Fig. 14 The MLPBPANN and KNN results in RMDM estimation.
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Fig. 15 RMSE of the different K values using the KNN method.
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performance of models in prediction tasks.(841 Fig. 17d
depicts the MAPE and PI, which are used to assess the
efficiency of the achieved models in the current research.

Based on the correlation coefficient, it can be seen that
some of the relationships are accurate enough to estimate
RMDM. The findings presented in Fig. 17 reveal that the
equation presented by Palmstrdm and Singh®% has a higher
accuracy in predicting the deformation modulus compared to
other equations from the research background. Meanwhile,
machine learning (ML) methods are the most accurate.

The mean estimated RMDM value obtained using the GPR
was found to be lower than the corresponding real values (Fig.
18). This indicates that the GPR tends to be conservative in
RMDM estimation. In contrast, the RF, KNN, MVLR,
MVNLR, and MLPBPANN approaches do not exhibit
conservative behavior when estimating RMDM. Fig. 18b
shows the relationship between the error level and the
accumulated frequency. As can be seen, the newly developed
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Fig. 16 RMDM modeling results using GPR and RF methods.

models in the current study show lower error levels with a
higher cumulative frequency as compared with previous
empirical equations. Previous researchers have used this
method to evaluate empirical relationships.[®

3.11 Research limitations

There are some limitations that need to be resolved as much as
possible in future research. This study used the Q and RMR&9
classification systems to estimate RMDM. Although these
classification systems include the major characteristics of the
rock mass, including the characteristics of the joints, some
characteristics, such as the elastic modulus of the intact rock
and the joint apertures, were not included. Therefore, it is
better to include other factors affecting RMDM. In this study,
87 data points from 19 exploratory boreholes were used. It is
necessary to use more data in future research to increase the
accuracy and reliability of the models. In addition, the
performance of intelligent methods can be improved by using
optimization techniques such as genetic algorithms, etc.
Finally, the performance of other models such as support
vector machine, ANFIS (adaptive neuro-fuzzy inference

16 | Eng. Sci., 2024, 29, 1120

system), decision trees, genetic algorithm, etc. should also be
investigated and compared using various statistical criteria.

4.Conclusions

Estimating the deformation modulus of rock masses is a
challenging task due to the complex nature of rock mass
behavior. The reviewed studies have contributed to the
understanding and estimation of RMDM through various
empirical methods. These approaches consider factors such as
intact rock properties, discontinuity characteristics, rock mass
classifications, and site-specific conditions. Further research
in this field is necessary to enhance the accuracy and reliability
of estimation methods and to address the diverse range of rock
mass conditions encountered in geotechnical projects. In this
research, the RMDM of the Khersan-2 dam site was estimated
based on 88 data points from the dilatometry test results and
the geo-mechanical properties of the rock mass. According to
the Q and RMR classification systems, the site was generally
placed in the good category. Hoek-Brown constants, cohesion,
and friction angle achieved from the Mohr-Coulomb criterion
were determined for the site. A new relationship with high
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precision (R? = 0.95, RMSE = 0.36, VAF% = 94.95, and PI
=+1.54) was established between Q and RMR&9. To find the
relationships that have the best ability to calculate the modulus
of deformation, simple and multiple regression modeling were
done in linear and non-linear forms. From the statistical results,
it was found that regression models with high accuracy are
effective for estimating RMDM. Among the models, the
power and logarithmic models have the highest values of the
coefficient of determination to estimate the RMDM. In
multivariable models, the non-linear model with a coefficient
of determination of 0.97 has the most accuracy and is
significant in terms of all the statistical tests performed.
Artificial intelligence models were able to estimate RMDM
with higher accuracy than statistical methods. The GPR
method, having the highest accuracy (R>=0.99, RMSE=0.01,
and PI=+1.98) compared to other methods, acted
conservatively in estimating RMDM. Also, among the training
algorithms of the MLPBPANN, the Levenberg-Marquardt
algorithm showed the highest accuracy. The presented models
for predicting RMDM are suitable for other areas when the
values of the predictive indicators are in the same range as this
study. It is recommended that future research be conducted
using a larger dataset in order to enhance the accuracy of
predictions.
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