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Abstract

The uniaxial compressive strength (UCS) is a critical property in rock mechanics, widely used in mining,
drilling, tunneling, slope stability assessment, and geotechnical design. It is a fundamental indicator of
the load-bearing capacity and failure behavior of rock materials and plays a central role in engineering
decision-making. Direct UCS testing, however, is costly, time-consuming, and often impractical,
especially for weak, weathered, or fractured rocks where obtaining intact core samples is difficult.
Laboratory preparation, standardization requirements, and equipment limitations further restrict
extensive testing programs. For these reasons, reliable predictive models based on easily measurable
physical and mechanical properties are highly valuable. While various predictive models exist, few
studies apply ensemble machine learning (ML) approaches under both dry and saturated conditions,
particularly for region-specific formations. Moisture conditions significantly influence the mechanical
response of carbonate rocks, yet this factor is frequently neglected in predictive modeling. This study
investigates UCS prediction from the Ilam formation in southwest Iran using physical and mechanical
properties collected from limestone samples tested in both dry and saturated states. Four models random
forest (RF), deep neural network (DNN), AdaBoost, and multivariate regression (MR) were evaluated
using K-fold cross-validation to ensure robust and unbiased performance assessment. Model
performance was assessed via the mean square error (MSE) and coefficient of determination metrics.
Results show that all models provide accurate predictions, with RF and DNN performing best under dry
and saturated conditions, respectively. The study introduces a novel comparative framework and dataset
for UCS prediction in Ilam limestone, supporting more efficient, reliable, and data-driven geotechnical
assessments.

Keywords: Uniaxial Compressive Strength (UCS), Machine Learning (ML), Deep Neural Network
(DNN), Random Forest (RF), Adaboost, Multivariate Regression (MR).

Introduction

The uniaxial compressive strength (UCS) parameter of rocks is a vital property of rock in
engineering projects, for example foundations, tunnel buildings, slopes, rock excavations,
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stability analyses, underground mining applications, etc. The UCS is a key factor in the design
of rock engineering structures and is essential for the classification of rock masses. This
characteristic has a crucial impact on the design and implementation of mining activities,
including the stability of mine wall slopes, trench design, and drilling and blasting operations
(Hoek & Diederichs, 2006; Shen et al., 2012). Nevertheless, to determine this parameter,
complicated equipment, high-quality core specimens and time-consuming procedures are
required. It is important to highlight obtaining a suitable core from weak, crushed, and crushed
rocks is a significant problem (Fener et al., 2005). For this reason, in the implementation stages
of a geotechnical project, indirect methods are employed to estimate the UCS parameter (Gil
etal., 2021; Yesiloglu-Gultekin & Gokceoglu, 2022).Many researchers have predicted the UCS
parameters of different types of rocks using experimental relationships via simple and multiple
regression analysis, as well as the development of different models of neural networks (e.g.,
Heidari et al., 2012; Kumar et al., 2013; Ozcelik et al., 2013; Nefeslioglu, 2013; Madhubabu et
al., 2016; Moussas & Diamantis, 2021; Yesiloglu-Gultekin & Gokceoglu, 2022). For example,
an artificial neural network (ANN) model have been developed to predict UCS in soluble and
shear rocks (Yilmaz & Yuksek, 2009; Kahraman et al., 2009) , and fracture durability effects
on UCS of carbonate rocks have been evaluated (Yagiz et al., 2012). They showed that the
accuracy of the ANN is much greater than that of other methods. Torabi-Kaveh et al., (2015)
applied ANN and regression models to estimate the UCS of Asmari limestone using physical
properties. Other studies have employed non-destructive tests such as unit weight, Schmidt
hammer, and ultrasonic velocity for UCS prediction (Li et al., 2020; Kayabasi et al., 2003). In
Table 1, more prediction models are summarized.

With the advancement of computing hardware, machine learning (ML) methods are
increasingly applied to data and signal prediction tasks in geotechnical engineering and rock
mechanics (e.g., Sonmez et al., 2006; Yagiz et al., 2012; Mishra & Basu, 2013; Mohamad et
al., 2015; Mozumder & Laskar, 2015; Armaghani et al., 2016; Madhubabu et al., 2016;
Ferentinou & Fakir, 2017; Sharma et al., 2017; Jahed Armaghani et al., 2018; Tang & Na, 2021;
Yesiloglu-Gultekin & Gokceoglu, 2022).

Despite these developments, there remains a notable gap in the literature concerning the use
of ensemble learning frameworks that comparatively evaluate multiple ML models on site-
specific datasets. Additionally, prior studies rarely consider both dry and saturated states of
limestone samples. This study addresses these gaps by proposing a comparative ensemble-
based machine learning approach for predicting UCS, incorporating both dry and saturated
conditions and targeting the Ilam formation limestones in southwest Iran-a formation with
strategic importance for oil and gas exploration. The objective of this study is to estimate the
UCS of the Ilam limestone formation in SW Iran using physical and mechanical parameters
indirectly using statistical and learning methods. The Ilam limestone formation is very
important in oil and gas projects. In this study, Random Forest (RF), Deep Neural Networks
(DNN), AdaBoost, and multivariate regression (MR) models are employed. The choice of RF
and AdaBoost is motivated by their robustness in handling nonlinear relationships and noise-
prone datasets, while DNN is selected for its capacity to model complex patterns and
interactions among features. These models are compared to highlight performance strengths
and limitations under varying conditions. Unlike other previously models, the selected
algorithms offer a balance of interpretability, accuracy, and computational efficiency suitable
for this domain. The significant outcomes of this study can be summarized as:

Development of a comparative machine learning framework for systematic evaluation and
prediction of UCS under both dry and saturated conditions.

Simultaneous incorporation of both dry and saturated limestone conditions into the
machine-learning modeling framework to enhance prediction robustness across varying
moisture states.



Application of the proposed machine-learning models to the [lam Limestone formation, a
geologically and economically important unit in southwestern Iran, providing a case-specific
framework for reliable UCS prediction.

Development of a new empirical equation for predicting uniaxial compressive strength
(UCS) based on experimentally measured limestone properties.

Justification and evaluation of multiple ML approaches, including RF, DNN, and
AdaBoost, alongside traditional MR.

Experimental characterization of the physical and mechanical properties of the Ilam

formation, generating a comprehensive dataset for UCS prediction and machine-learning model
development.

Table 1. Some previous studies to predict the UCS

References Predictive Model Input
(Kahraman, 2001) Simple regression analysis Isso, Rn, Vp, impact strength
(Gokceoglu, 2002) FIS Petrographical compositions
(Zorlu et al., 2008) Multiple regression analysis, ANN Quartz content, PD, GC

(Can;l(;glg)et al, Gene expression programming, ANN Iv,n, Rn, Vp, y4
(Cevik et al., 2011) ANN I, clay content
(Monjezi et al., Multiple regression analysis, neuro-genetic 0 v.Rn
2012) approach 1
(Ozbek et al., 2013) GEP n,w,y
(Yesiloglu-Gultekin ~ Simple and multiple regression analysis, quartz, orthoclase and
etal., 2013) ANFIS plagioclase contents
(Armaghani et al, Regression analysis, ANN SH, Vp, Isso
2016)
Simple and multiple regression analysis,
(Teymen & ANN, ANFIS and genetic expression
Mengiig, 2020) programming Y, Isso, BTS, SH, Rn, Vp
(Barham et al.,
2020) ANN SH, Vp, Isso, BTS, vy, SDI
(Wang et al., 2020) RF SH, Vp

(Armaghani et al.,

2021) ANN n, Vp

ANN, hybrid ANN with imperialism
competitive algorithm (ICA—ANN), hybrid
ANN with artificial bee colony (ABC—
ANN) and genetic programming (GP)

(Fang et al., 2021) n, Isso, Rn, Vp

Multilayer Perceptron Neural Network
(Gl et al., 2021) (MLPNN), M5 Model Tree (MSMT), BTS, Vp, SH
Extreme Learning Machine (ELM)

(Moussas &

M 3 0,
Diamantis, 2021) Regression analysis, ANN n, Isso, SH, Vp, Ser (%)
(Diamantis & . .
Moussas, 2021) Regression analysis, ANN ¥s, Yds 0, Is50, SH, Vp

(Jin et al., 2022) GWO-ELM SH, Vp, Isso, n



(Zhao et al., 2022) GPR SH, Vp, Isso, n

(Lietal., 2022) TSO- RF SH, Vp, Isso, n, y
Drilling jumbo measurement

(Zhao et al., 2023) DFNN data

(Abdelhedi et al.,

2023) XGB Vp,n,y

(Yu et al., 2023) Regression analysis, ANN, MPA Isso, RL, Vp

(Wang et al., 2023) PSO-RF SH, Vp, Isso, v
(Ast;(r;; 4e)t al, ANN models n, Vp, SH
(Amiri et al., 2024) DNN, PCA v, Iv, Isso, Vp, BTS
(Setayezs g;r;)d etal, Regression analysis, ANN n, v, Iv, Vp, Vs, BTS
(Lawal and ANN, GPR n, Vp, Isso, SH

Mulenga., 2025)

Geological setting and stratigraphy

The platform of the Arabian and Zagros fold-thrust belt were placed at tropical and subtropical
latitudes throughout the Late Cretaceous. The Cretaceous successions in this area include thick
sedimentary packages (e.g., Ghabeishavi et al., 2009; Hollis, 2011). In paleogeographical
research on the Cretaceous, a ramp-type depositional structure related to paleogeographical
research conducted on Cretaceous formations, a ramp-type depositional structure related to
shelf carbonates is proposed, which gradually surrounded a large proportion of the Middle East
area in response to eustatic sea-level rise (Alavi, 2004; Heydari, 2008; Navidtalab et al., 2020).
Throughout the Zagros Basin, the combined effects of tectonic events and sea level fluctuations
make the platforms of carbonate and the formation of karstified distances and paleosols,
especially in the Cenomanian-Turonian intervals of the Ilam formation. The occurrence of
several paleohighs and troughs has been documented, which exerted influence on the
characteristics of facies, variations in thickness, diagenetic history, and reservoir quality
(Mehrabi et al., 2015; Navidtalab et al., 2020). The upper Ilam and Sarvak formations
(Cenomanian—Campanian) are characterized by dominant (argillaceous/dolomitic) limestone as
shown in Fig. 1 (Motiei, 1993). These reservoirs are referred to as the Bangestan group,
recognized as the second most important oil reservoirs in the Zagros region, following the
Oligocene—Miocene Asmari formation (Al-Husseini, 2007; Motiei, 1993). The Ilam formation-
type section is located in Tange Gorab of the Ilam Province. This area is between Surgah
Mountain (southwest side) and Kabirkoh (northwest side). The upper and lower formation of
the type section in this area are the Surgah and Gurpi formations, respectively. It is important
to highlight that the type section coordinates of the Illam formation are N: 33° 35’ 09” and E:
46° 19’ 06". The Ilam formation is primarily composed of shallow marine limestones and is
succeeded conformably by the marl and shale sequences of the Gurpi formation. In contrast, it
rests unconformably above the carbonate strata of the Sarvak formation, reflecting a distinct
geological boundaryThe Ilam formation has several stratigraphic counterparts across the
Middle East, including the Halul formation in Oman, the Figa formation in the United Arab
Emirates, and the Aruma formation in Qatar. Moreover, equivalent units such as the Gudair
formation in Saudi Arabia and the Kometan-Shiranish formations in eastern Iraq highlight the
regional geological continuity. 60 block samples were collected and transferred from Ilam



formation in southwestern of Iran. These block samples vary from 30 x 40 x 40 cm? to 40 x 50
x 50 cm’. In Fig. 2, the location of sampling is shown. As can be seen, the type, name, and
location of these samples are shown.

Material and methods
Petrographical properties

The mineralogy and texture of the studied rocks were performed. In addition, the samples were
named based on the classifications of Dunham (1962). It is noteworthy that, thin sections are
the basis of existing classifications for limestone. In this study, thin sections were prepared from
all lithological changes in the Ilam limestone formation. In this study, the Ilam limestone
formation is grouped into three classes. The names of the limestone sections are determined
based on the standard of Dunham (1962). Table 2 and Fig.3 show selected photomicrographs
of the limestone sections of the Ilam formation. Generally, microfacies include bioclast
wackestone, bioclast wackestone — packstone, bioclast packstone textures that indicate
deposition under low to medium-energy conditions in open marine settings.
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Figure 2. Location map of the study area showing the geological setting and sampling sites
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Figure 3. Representative photomicrographs of the I[lam formation in the type section A, B, C, D, E, and
F. Abbreviations: PI. f: Planktonic foraminifera, Bio: Bioclast. for more details refer to Table 2



Table 2 Microfacies of the Ilam formation in the type section

Code Name & Allochems Setting porosity Energy
® Planktonic foraminifera
Bioclast Wackestone . .
A u P|. £ Planktonic Open marine intragranular Low
foraminifera, Bio: Bioclast
® Planktonic foraminifera
. Intergranular
B Bioclast Wackestone Open marine % Low
= Pl f: Planktonic P intraeranular
foraminifera, Bio: Bioclast g
mBioclast Planktonic
foraminifera Wackestone- Intergranular
. Low-
C packstone Open marine & Medium
® PL. f: Planktonic intragranular
foraminifera, Bio: Bioclast
® Planktonic foraminifera
Bioclast Wackestone- Intergranular
. Low-
D packstone Open marine & Medium
= P, f: Planktonic intragranular
foraminifera, Bio: Bioclast
® Bioclast packstone Intergranular
E ® Small foraminifera with a Open marine & Medium
porcelaneous shell intragranular
® Bioclast Planktonic
foraminifera packstone . . .
F ® P| £ Plankfonic Open marine intragranular Medium
foraminifera, Bio: Bioclast
Preparing Samples

In the laboratory, rock blocks were cored with diamond coring bits (vertical direction) having
a diameter of 54.7 mm. The ends of the specimens were then flattened and precisely aligned
perpendicular to their axes using a polishing and lapping machine. A macroscopic inspection
was conducted on the specimens, and only those exhibiting homogeneity, isotropy, no
weathering, and no visible joints, fissures, cracks, or other discontinuities were selected for use.

Physical Properties

The evaluation of the physical characteristics of rock is serious in engineering geology, mining,
and civil projects. These characteristics rely on the microcracks and mineral content of the intact
rock. Microcracks including cleavage plane and grain boundaries, which rock strength
decreased with an increase in them. In addition, mineral contents including feldspar, calcite,
quartz, muscovite, biotite and clay minerals, which have influenced by the type, percentage,
composition of minerals, and texture (Willard & McWilliams, 1969; Shalabi et al., 2007).

Water absorption (I, (%)), unit weight (y) under dry and saturated conditions, and porosity
(n (%)) are the major features that control the other features of rock, such as the ultrasonic P-
wave velocity (Vp), ultrasonic S-wave velocity (Vs), Brazilian tensile strength (BTS), UCS, and
point load index (Is50). The water absorption, unit weight, and porosity were characterized by
the buoyancy method according to ISRM (2007). The results of these characterizations are
given in Table 3.



Table 3. Statistics of the variables

Parameters Min Max Mean Std. E Std. D Kurtosis Skewness
Ysat (KN/m?) 21.765 27.980 26.201 0.150 1.154 8.842 -2.181
va (KN/m?) 21.678 27.835 26.070 0.148 1.142 8.793 -2.159
n (%) 0.581 2.225 1.276 0.058 0.449 1.978 0.288
Iv (%) 0.212 1.050 0.485 0.024 0.189 3.709 0.929
UCS ary (MPa) 70.134 143.733 99.245 2.074 15.931 3.196 0.556
UCS sat (MPa) 46.066 98.901 67.257 1.494 11.475 3.056 0.484
BTS &y (MPa) 6.361 15.869 10.249 0.332 2.553 1.998 0.203
BTS sat (MPa) 4.117 9.980 7.022 0.203 1.565 2.376 -0.218
Iss0 ary (MPa) 2.547 7.012 4.851 0.126 0.967 2.951 -0.096
Is50 sat (MPa) 1.840 5.538 3.402 0.132 1.018 2.251 0.394
Vp ary (m/s) 1251.564 7708.333 3685.826 218.281 1676.655 2.177 0.355
VD sat (M/s) 1895.307 9433.962 5281.32 279.911 2150.039 2.197 0.152
Vs dry(m/s) 826.032 5087.50 2432.645 144.066 1106.592 2.177 0.355
VS sat(m/s) 1250.903 6226.415 3485.671 184.741 1419.026 2.197 0.152

Dynamic and mechanical properties

The UCS is analyzed as a crucial factor in addressing engineering challenges such as ground
stability, excavation planning, and infrastructure development (Singh et al., 2013). The UCS
was determined by the ISRM (2007). The UCS tests were applied on 54.7mm core samples
with a length to diameter ratio of 2.5. The loading was applied in that way so that the sample
should be failed between 5 and 15 minutes. The loading rate between 0.5 and 1 MPa per second
was applied. Each sample underwent ten test repetitions, and the average of these results was
recorded as the UCS. It is important to highlight that the maximum load at failure was applied
to calculate the UCS of the specimens.

The point load index (Is50) has been regarded as a suitable testing approach for estimating
rock strength, owing to its straightforward testing process, and simplicity in specimen
preparation. It has been described as an indirect measure of the compressive or tensile strength
of rocks(Fereidooni and Khajevand et al, 2018). The experiment was conducted on cylindrical
core specimens measuring 54.7 mm in diameter, with a length-to-diameter ratio of
approximately 1.2. It is important to highlight that this test has done by the axial method. In
this test, loading was applied on core samples with a rate of 0.1 kN/S. The methods suggested
under the ISRM (2007).

The BTS test, fundamental and straightforward geomechanical assessment, was employed in
this research. Testing was conducted on core samples measuring 54.7 mm in diameter,
maintaining a thickness-to-diameter ratio of 0.5. The procedure adhered to the ISRM (2007)
with a loading rate applied at 0.2 kN/s during the test.

The ultrasonic P-wave velocity (V,,) and ultrasonic S-wave velocity (Vs) (nondestructive tests)
were characterized on the cylindrical shape core specimens under the ASTM D 2845-05 (2005).
It is important to highlight that the ends of the specimens of core rock are formed flat and
vertical to the axis of the specimens. Also, all sides are smoothed by polishing and lapping



machine. In the following, the end of core samples is covered with stiffer grease to provide a
good coupling and maximize the accuracy of the transit time measurement. The ultrasonic P-
wave velocity (V) and ultrasonic S-wave velocity (Vs) test carried out on 54.7mm core samples
with a length to diameter ratio of 2.5. Also, to determine the parameters using a Pundit testing
machine, the pulse generation method is used as Fig. 4. The results of these characterizations
are given in Table 3. Furthermore, the definition of required parameters are defined in Table 4.

Dataset

In this article, 60 block samples are used for statistical analysis, and six specimens are obtained
from each block sample (three samples for dry condition and three samples for saturated
condition). Subsequently, the mean value of the three specimens of each block sample for dry
and saturated conditions was recorded. Table 3 displays the outcomes of these evaluations,
providing a statistical overview of the physical and mechanical characteristics contained within
the dataset. Based on the classification of Broch and Franklin (1972), the strength of these rocks
is variated from high to very high and according to the ISRM (2007), the strength of these rocks
is variated from very low to high. According to Anon (1979) classification, the porosity of these
rocks is classified from very low to low. According to Anon (1979) classification, the unit
weight of these rocks is classified from low to very high. The correlation matrix of data for dry
and saturated conditions are presented in Fig 5. (a) and (b) based on equation 1.

(x;—;Zl 1X L)(yl__Z? 1yi) (1)

Cay =
\/Zl 1 xl ; l 1xz \/ZL 1 YL ;Zl 13/1)
where x; and y; are a pair samples of properties. n is the number of samples.

Table 4. Definition of the parameters.

Parameter Description unit

/A The total volume of the specimen m3

W, The dry weight of the specimen kN
Weae The saturated weight of the specimen kN

F The failure load N
A The area of the cylindrical specimen mm?
D, The equivalent core diameter mm
P Peak load kN
w The smallest specimen width perpendicular to the loading direction mm
D The distance between the platens at failure mm
T The thickness of the disc mm
d The diameter of the disc mm

t The pulse travel time s

L The length of specimen m

Figure 4. Experimental set up in laboratory with samples



According to this Figure, the highest Pearson correlation is between point load and Brazilian
test strength and its value is equal 0.85 and 0.74 for dry and saturated conditions, respectively.
The correlations between Brazilian test and water absorption and porosity are 0.67 and 0.69,
respectively, under dry conditions. Because water absorption expresses the empty space in the
rock for water absorption and the type of minerals and rock matrix. The features of the datasets
that is used in this study are shown in Fig. 6.
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Uniaxial compressive strength (UCS) prediction

In this section, different methods are proposed to predict the UCS. These methods have been
described previously (Fausett, 2006; Russell, 2010; Flasinski, 2016; Zhang et al., 2021). The
flowchart of the prediction model is illustrated in Fig. 7. There are five main steps to implement
this aim: a) preprocessing the data, b) splitting the prepared dataset, c) selecting a model, d)
applying the K-fold method and using the average as the score, and e) reporting the result.
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Preprocessing data

Data preprocessing is used to increase performance and is an important process in the
preprocessing of data. This stage includes cleaning and removing outliers, data reduction,
normalization, etc. In this study, each column scales and translates individually such that it is
within the given range of the set, i.e., between zero and one (Haykin & Haykin, 2001).

X—Xmin
X = — 2
new Xmax ~Xmin ( )

where Xpin and X, ., are the minimum and the maximum values for each column of the dataset,
respectively. In the following, bold uppercase letters denote matrices, whereas bold lowercase
letters represent vectors. Furthermore, (.) T denotes the transpose operator, and ||. ||, represents
the Euclidean norm of a vector.

Multivariate regression (MR)

The multivariate regression (MR) method is a supervised method involving multiple data
variables. The MR is a statistical technique used to model the relationship between one
dependent variable and several independent variables. It helps predict the dependent variable
and assess how it varies in response to changes in the independent variables. The MR equation
is as follows:

y=C+ 81Xy +82Xp + -+ gpXp (3)
where c and g; are the constant and the ith regression coefficients, respectively. In addition, y
is the dependent variable, and x4, ..., Xp are independent variables (Duda and Hart , 2006). The
constant parameter can be transformed into a set of coefficients whose value of x is equal to
one. Therefore, equation (3) in matrix form can be written as

y=gx' )

where g = [c, g4, ..., 8p] and X = [1, X4, ...,Xp]. In this study, the dependent variable is the
UCS parameter, and v, n, V,, and Iss, are independent variables.

Artificial neural network (ANN)

An ANN that contains neurons is a supervised learning method of ML. These neurons connect
to each other in various ways and create a network. An ANN includes input, hidden, and output
layers. The number of neurons within each layer, number of hidden layers, the activation
function (AF), batch size, optimizer, and the number of epochs are vital parameters for the
DNN. In this work, a multilayer perceptron (MLP) is used to predict the UCS. The MLP method
is a feed-forward network that includes an arbitrary number of fully/partially connected layers
with an arbitrary number of neurons. The simple NN (SNN) model has a single layer, but the
DNN involves I linear combinations of the input's statistical variables, X4, ...,Xp, in the
following form:

aj =X gixe+ by, i=1,..,1 (5)
where g;r and b; are weight and bias, respectively. Also, this model is written as
aj = ZI]?ZO 8ifXf, i= 1; :I (6)

It is noteworthy that X, = 1 and g;o = b;. Thus, output of the ith neuron on a layer of the SNN
model is

Z; = AF(ai), i= 1, ,I (7)
where I and AF(.) are the total number of neurons and a proper activation function,
respectively. The weight as form of matrix can be written as
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810 ng]

: : (8)
8o " 81D
where g, is the weight of between pth neuron of a layer to qth neuron of another layer. In fact,
the DNN model has two or more hidden layers. Therefore, the output of the nth layer is as
follows:
7z — AR (a(n)) 9)
am = g, @0-1) (10)
where AF™ is an appropriate activation function of the nth layer, G™ is the weight matrix of
the nth layer and z(®~1 is the output of previous (n — 1) layer. Also, the initial parameter
z(® = x where x is:

x = [1,Xq, ., Xp]T (11)
which x; is the jth input variable. Therefore, the network function becomes
2™ = AF® (G (.. AF® (G<2> (AF<1>(G<1>x))) ) (12)

The activation function is used to obtain the output of the node. It is also called the transfer
function (TF) and is important for constructing a neural network. The activation function can
be linear or nonlinear; therefore, in fact, this function determines how the sum of the input
nodes is transformed into the output of a node. The popular activation functions include
rectified linear activation (ReLU), logistic (sigmoid), hyperbolic tangent (Tanh), linear, etc. It
is important to highlight that the hyperbolic tangent (tanh) function is defined as
AFGD) = S5 (13)
where in this case the output of function belongs to (—1, 1) and also, the linear function is
expressed as
AF(x) = x (14)
where in this case the output of function belongs to (—oo,00) and also, the ReLU function is
defined as
AF(x) = x* = max (0,x) (15)
where in this case the output of function belongs to [0, o) and also, the logistic function is
given by

1

AF(X) = 1+e~X
where in this case the output of function belongs to (0, 1).

(16)

AdaBoost

Adaptive Boosting (AdaBoost) is an ensemble learning technique in machine learning,
designed for both classification and regression tasks. It operates by initially training a base
regressor on the original dataset. Subsequent models are then trained iteratively, with each new
regressor placing greater emphasis on the samples that were poorly predicted by the previous
ones through weight adjustments. This iterative process allows the algorithm to concentrate on
more challenging instances. The AdaBoost algorithm was introduced by (Freund & Schapire,
1997; Drucker, 1997).

Random forest (RF)

The random forest (RF) algorithm is employed for both classification and regression tasks. It is
a supervised learning technique that utilizes an ensemble learning approach. The RF algorithm
creates a multitude of pending trees during training. Then, the mean or average prediction of
the exclusive trees is returned. It is important to highlight that this algorithm is a robust solution



for avoiding overfitting. The pseudocode of this algorithm can be expressed as follows:

Random forest (RF) algorithm
1- n samples are randomly selected from the training set.
2- Train a regression tree
3- Once training is complete, predictions for new, unseen samples are generated by aggregating the
outputs of all individual regression trees through averaging.

§ =<2 fi(x) (17

where f;(x;) is the corresponding output generated by ith the tree and B is the number of a tree.

Model evaluation

Model evaluation is a crucial step in assessing predictive performance and identifying the
strengths and limitations of a developed model. It involves the use of quantitative performance
metrics to measure the model's accuracy, robustness, and generalization capability. The primary
evaluation metrics employed in this study are defined as follows:

_an2

MSE = @ (18)
where ¥ = [y1,V2, .., Ynl” and ¥ = [¥1,92, ..., ¥ul”. yi and §; are the measurement value and
the predicted value of ith sample. Also, n is the number of samples. The regression coefficient
which shows distribution of variables is defined as follows:

a2 2
RZ =1- ”1y :’"2 .= 1-— 1”erll|2 . (19)
ptstodl ol
where e is a distance between the measurement and the predicted values. Besides, the equation

(19) based on the MSE value can be written as:
MSE

R?=n(— ) (20)
N P e

It is important to note that the available dataset is relatively small. Therefore, cross-validation
(CV) techniques were employed to obtain a reliable and unbiased estimate of the predictive
performance of the developed models. In K-fold cross-validation, the dataset is first randomly
shuffled and then partitioned into (K) approximately equal-sized subsets (folds). During each
iteration, one fold is used as the testing set, while the remaining (K — 1) folds are combined to
form the training set. The model is trained using the training data and subsequently evaluated
on the corresponding testing fold. This process is repeated (K) times so that each fold serves as
the testing set exactly once. For example, (K = 5) was adopted, resulting in five independent
training-testing cycles, as illustrated in Fig. 8. For each fold, the prediction error (e.g., MSE)
was computed using only the testing samples. The overall performance of the model was then
obtained by averaging the errors across all five folds, providing a robust estimate of the model’s
generalization capability.
Avarege MSE = =¥, MSE; 21)

As the number of folds increases, K-fold cross-validation approaches the Leave-One-Out
(LOO) cross-validation scheme. Specifically, LOO can be regarded as a special case of K-fold
cross-validation in which the number of folds is equal to the total number of samples. In this
approach, a single sample is used as the testing set, while the remaining (N — 1) samples are
used for training. The procedure is repeated () times so that each sample serves as the testing
instance exactly once. The overall model performance is then obtained by averaging the
prediction errors over all iterations. Since LOO maximizes the amount of training data used in
each iteration, it is particularly suitable for small datasets and provides a rigorous assessment
of the model’s generalization performance.
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Figure 8. The K-Fold procedure for K=5

Simulation Results

This section evaluates the performance of the mentioned models using performance metrics. A
lower MSE and a higher R? indicate superior predictive accuracy and better model fitting. The
predictive capabilities of the investigated models are systematically compared based on these
evaluation criteria. Prior to model implementation and the analysis of prediction results, a
sensitivity analysis is conducted to examine the influence of the input variables on the model
outputs and to provide a deeper understanding of their relative significance.

Sensitivity analysis

A sensitivity analysis was conducted to quantify the relative contribution of the input variables
to the prediction of rock strength. The feature importance scores were obtained using the RF
model, where the relative importance of each predictor was computed based on the impurity
reduction accumulated over all decision trees in the ensemble. The resulting importance values
were normalized so that the sum of all feature importance scores equals one, allowing a direct
comparison of the contribution of each input variable. The relative importance scores for the
dry and saturated conditions are presented in Fig. 9(a) and Fig. 9(b), respectively. The results
indicate that Iss, y (sat/dry), n and V|, are the most influential variables for predicting rock
strength under both dry and saturated conditions. Among these variables, the wave velocity V,
exhibits the highest importance score, indicating that it is the dominant predictor of rock
strength. This finding is physically consistent, as wave velocity reflects the combined influence
of several intrinsic rock characteristics, including porosity, mineral composition, fillings, and
petrographic properties, all of which significantly affect the mechanical behavior and strength
of the rock. The different predictive performances of the models under dry and saturated
conditions can be explained by the influence of water on the mechanical behavior of the [lam
limestone. Under saturated conditions, water penetrates the pore spaces and pre-existing
microcracks, reducing interparticle bonding and friction while facilitating crack initiation and
propagation. As a result, the relationships between the input parameters and UCS become more
complex and nonlinear than those under dry conditions. This complexity is better captured by
machine-learning models, particularly RF and DNN, which are capable of modeling nonlinear
interactions among the input variables. In contrast, the MR model assumes linear relationships
and therefore it has a limited ability to represent the changes in rock behavior caused by



saturation. These findings demonstrate that moisture condition is a critical factor affecting both
the mechanical properties of limestone and the predictive capability of different modeling
approaches. Consequently, machine-learning methods provide a more reliable framework for
UCS prediction when moisture-induced variations in rock behavior are significant.
Furthermore, the experimental results showed that saturation reduced the average UCS, BTS,
and point load index by approximately 32.2%, 31.5%, and 29.9%, respectively. These
reductions confirm the significant weakening effect of water on the mechanical behavior of the
Ilam limestone and help explain the differences in predictive performance observed under dry
and saturated conditions. The complexity and nonlinearity of the mechanical response under
saturation further highlight the advantage of machine-learning techniques over conventional
regression methods for predicting UCS.

Model performance and comparison

In Table 5, a comparison is made between the simple and multiple linear regressions, which
includes four models for the UCS and each of the rock indices, a model containing all the
indices, and a model for the UCS and two indices under dry and saturated conditions. For fair
comparisons, the same training dataset used previously was used here. Table 5 shows that the
UCS model with each of the four indices has less R? in UCS prediction for both conditions.
Because the four simple models contain only one variable, they cannot achieve high accuracy.
However, the UCS model with all the indices has higher performance.

Table 6 shows R? and the MSE for each output parameter given by the different models. The
better models are the RF and DNN methods for dry and saturated conditions, respectively.
Because the RF model yields the lowest MSE and higher R? for the saturated condition, the
DNN model yields the lowest MSE and higher R? for the dry condition with less dispersion.
The MSE and R? values of the DNN method for the dry condition are equal to 46.06 and 97%,
respectively, and the MSE and R? values of the RF method for the saturated condition are equal
to 46.08 and 96%, respectively.

Table 5. Comparison between simple and multiple linear regression in predicting UCS

Condition Model Input data Equation R?
1 n UCS =-22.5383 n+ 128.013 0.603
2 Yd UCS =8.35893 ¥4 - 118.678 0.560
3 v, UCS = 0.0068 Vp + 73.830 0.726
4 Isso UCS = 10.3187 Isso+ 49.186 0.603
Dry 5 Yo, UCS=4.110y, -14.997 n+ 11.223 0.645
6 Ya, Isso UCS =6.701 Isso + 4.473 y4 - 49.897 0.657
7 nV, UCS =0.0055Vp - 6.340 n + 86.797 0.739
g Yan V. lsg  UCS=3.089Isso + 1407 74 - 1.436n+0.0047 VP 919
+32.034
1 n UCS =-12.551 n + 83.278 0.441
2 Ysat UCS = 5.5323 Ygq; -77.699 0.510
3 A UCS =0.0036 Vp +48.072 0.663
4 Iss, UCS =6.914 Igsp + 43.730 0.576
Sat 5 Ysat> UCS =-7.997 n +4.2296 Ysq - 33.358 0.590
6 Ysat> IS0 UCS =4.93071 Isso + 2.975 Ysqr -27.4797 0.635
7 n,V, UCS =-4.4167n+0.0031 Vp + 56.353 0.684
g Ysam, Vy, Isgy  UCS =2.5361 Isso +2.010 ysq, - 1.278 1 +0.0023 0.90

Vp - 4.6391




Table 6. Comparison of predicted result from different models

MSE R?
Dry Saturation Dry Saturation
MR 46.45 46.41 91% 90%
DNN 46.06 47.72 97% 74%
RF 46.10 46.08 95% 96%
AdaBoost 47.13 46.93 81% 87%
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Figure 9. The relative importance of input features a) Dry condition b) Sat condition.

To comprehensively evaluate and compare the performance of the predictive models under
both dry and saturated conditions, Taylor diagrams were constructed in Fig.10. These diagrams
simultaneously visualize three key statistical measures: the standard deviation (as the radial
distance), the correlation coefficient (as the angular component), and the root MSE (RMSE) as
contour lines. The reference point (indicated by a star) represents the ideal model with perfect
correlation and matching standard deviation. Under dry conditions, the DNN exhibited the
highest correlation coefficient (0.97) and a normalized standard deviation closest to the
reference, indicating superior agreement with the observed data. RF also showed strong
performance with a correlation of 0.95, while MR and AdaBoost performed comparatively
lower. In the saturation scenario, RF maintained a high correlation (0.96) and balanced standard



deviation, outperforming other models, whereas DNN showed reduced correlation (0.74),
suggesting sensitivity to saturation-related variability. Overall, the Taylor diagrams offer a
concise yet powerful visualization that highlights DNN’s robustness in dry conditions and RF's
balanced performance across both scenarios, making them strong candidates for modeling in
hydrological or environmental prediction tasks.

Therefore, the DNN model for the dry condition and the RF model for the saturated condition
were selected as the most suitable predictive models. The hyperparameters of the selected
models, including the number of estimators, maximum tree depth, and other key settings, were
determined through an iterative empirical tuning process based on the prediction performance
on the validation dataset. The final hyperparameter values adopted for each model are presented
in the following section, together with the corresponding prediction results.
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% Ref Std
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—&- DNN
-8 RF
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Figure 10. Taylor diagram of the UCS prediction model under (a) Dry condition and (b) Sat condition



Dry condition

Under these conditions, the DNN model demonstrates strong predictive performance. The
structure of the proposed DNN is illustrated in Fig. 11, where neurons and biases are
represented by blue and red circles, respectively. To determine the optimal hyperparameters,
an exhaustive search was conducted across all scenarios and parameter spaces. The most
effective hyperparameter configuration identified through this process is summarized in Table
7. The input and hidden layers are interconnected via a weight matrix G. During training, the
discrepancy between predicted outputs and actual values is used to iteratively update the
network's weights. This process continues across all training samples until the specified number
of epochs is completed.

Fig. 12 presents the correlation between the measured and predicted UCS values obtained
through the K=60 cross-validation for the DNN, MR, RF, and AdaBoost models. The reference
line indicates the ideal agreement, providing a visual assessment of the prediction accuracy and
consistency of the evaluated models.

Saturated condition

Under saturated conditions, the RF model demonstrated the best predictive performance
among the evaluated ML approaches. Fig. 13 illustrates the relationship between the measured
and predicted UCS values obtained from the K=60 cross-validation for the RF, DNN,
AdaBoost, and MR models. The reference line indicates the ideal agreement between the
measured and predicted values, enabling a visual assessment of the prediction accuracy.
Furthermore, the RF model achieved the lowest MSE among the evaluated models, confirming
its superior predictive accuracy for estimating the UCS under saturated conditions. The
performance of the RF model is influenced by several hyperparameters, among which the
number of estimators is one of the most important. To determine its optimal value, an empirical
tuning procedure was performed by evaluating the MSE for different numbers of estimators.

Table 7. Hyperparameters of the DNN model

DNN model
The number of hidden layers 2
Batch size 32
Epochs 150
The AF of first hidden layer Sigmoid
The AF of second hidden layer Tanh
The AF of output layer Linear
Optimizer RMSProp
Loss MSE

Activation Function

Activation Function

Input layer Hidden 1
Figure 11. The structure of the DNN



As shown in Fig. 14, the MSE reached its minimum when the number of estimators was set
to three. Accordingly, this value was selected as the optimal hyperparameter for the RF model
and was adopted in all subsequent analyses.
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Figure 12. Scatter plot of the predicted versus real values for various methods in dry condition
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Figure 13. Scatter plot of the predicted versus real values for various methods in saturated condition
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The correlation matrix indicates that some input variables are moderately to strongly
correlated because they represent involved physical characteristics of the limestone. Some
correlations are anticipated their properties such as porosity, density, P-wave velocity, and point
load index are all influenced by the rock microstructure and degree of cementation. In the MR
model, correlated predictors may introduce multicollinearity, leading to less stable regression
coefficients and reducing the interpretability of the model. In contrast, the RF and AdaBoost
models are generally less affected by correlated variables because they employ ensemble
decision trees and recursive feature selection during model construction. Similarly, the DNN
model can effectively capture complex nonlinear relationships among correlated variables. The
superior predictive performance of the machine-learning models compared with the MR model
suggests that the observed correlations among the input variables did not significantly
compromise their predictive capability. However, these correlations should be considered when
interpreting the contribution of individual predictors, particularly in the MR model.

Limitations and Future Works

Despite the satisfactory performance of the proposed DNN and RF models, several limitations
should be explicitly acknowledged. First, the models are trained and validated using a relatively
limited dataset, which may restrict their ability to fully capture the variability of geotechnical
properties. Second, the developed models are primarily calibrated for the Ilam Formation
limestone under dry and saturated conditions, and their direct applicability to other geological
formations or lithological units remains uncertain. Future work will focus on addressing these
limitations by expanding the dataset through the inclusion of additional samples from different
formations and geological settings. Moreover, independent external validation datasets will be
considered to further assess model generalization. The development of more advanced or hybrid
machine learning frameworks may also be explored to enhance predictive accuracy and
robustness in broader geotechnical applications.

Conclusions

The UCS parameter is necessary for many geotechnical works. Various estimation models have
been extended for the determination of UCS indirectly via n, y, V,, and Is5, because of the
popular use of limestone and the need for UCS parameters. For this purpose, 60 block samples
were obtained from the collected limestone blocks. The Ilam limestone formation is grouped into
three classes: bioclast wackestone, bioclast wackestone—packstone, and bioclast packstone, and
the sedimentary environments are low- and medium-energy. In the present study, four different
methods are utilized to predict the UCS. The RF and DNN methods perform best in terms of
prediction for dry and saturated conditions, respectively. It is important to highlight that these
methods have an acceptable computational cost; therefore, these methods could be the best
candidates for predicting the UCS parameter under dry and saturated conditions. The performance
of these models depends on the number and quality of samples. The aim of these models was to
find suitable equations for the prediction of UCS from easily determinable parameters such as n,
Y, Vp and Iss,. In addition, the sensitivity analysis revealed that these parameters have a greater
influence on predicting the UCS. Ilam formation is widespread in the oil-rich countries of the
Middle East, such as Iran, Iraq, and Saudi Arabia. Therefore, the proposed methods can be used
to estimate the UCS of other limestones with similar mineralogies in different places.
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“Appendix”

Appendix A: weight and bias matrices in dry condition.

r—0.5838
_ ] 0.3642
Wo = 071394
L—0.9518
[ 0.637
W; =10.7162
10.2555
_10.6373
W, = 0.5769]
—0.2692
b, = —0.1225]
—0.1275
_ 1—0.0421
b, = [ 0.0655 ]
b, =[0.0394]
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