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Abstract
Estimating the static properties of rocks, especially low-strength rocks, is time-consuming, costly, and in some cases impos-
sible. The current study was carried out to evaluate the petrographic (XRD, thin section, and calcimetry), physical (porosity, 
absorption, density), mechanical [uniaxial compressive strength (UCS), Young’s modulus (Es), Poisson ratio] and dynamic 
[compressional wave velocity (Vp), shear wave velocity (Vs), dynamic modulus (Ed)] properties of the Godarkhosh dam 
site, in western Iran. Then, some relationships were proposed to estimate the mechanical properties using simple regression 
(SR), multiple linear regression, and artificial neural networks (ANN). The XRD analysis showed that the main clay miner-
als observed in rocks are Illite, Kaolinite, and Chlorite. Therefore, these clay rocks’ swelling potential is low. In addition, 
due to the high percentage of carbonate minerals in the marl samples, the mechanical and dynamic properties of the marls 
samples were higher than shale samples. Statistical analysis showed that both UCS and Es have a significant correlation 
with physical properties and Vp. The relationship between UCS with these parameters is more than with the Es. Besides, the 
UCS and Es’s relationship with Vp were higher than the physical properties. Presented relationships were compared with 
previous suggested equations. The UCS and Es relationship, based on universal average data, showed that there is a moderate 
correlation (RMSE = 0.30, R = 0.74) between these two variables. The ANN exhibits a higher accuracy than the MLR and 
SR methods in estimating the Es and UCS. The neural network is also conservative in estimating the modulus of elasticity 
of the clay-bearing rocks; however, it is not conservative in predicting the UCS of these rocks.

Keywords Engineering properties · Clayey rocks · Artificial neural network (ANN) · Multiple linear regression (MLR) · 
Godarkhosh dam site

Introduction

Estimation of the mechanical properties of weak rocks is 
time-consuming, costly, and impossible due to the sensi-
tivity of these rocks to moisture. Therefore, it is logical to 
present some relationships to predict these properties based 
on low-cost tests. Clayey rocks cause numerous problems at 
the projects' construction site due to water absorption and 
swelling potential (Azimian and Ajalloeian 2015; Rastegar-
nia et al. 2018; Fang et al. 2021; Sekhavati and Jafarkazemi 
2019; Yang et al. 2021). Hence, it is necessary to evalu-
ate the geomechanical properties of dam sites in the site 

selection stage (Bayat and Sanaeirad 2019; Javanmard et al. 
2018; Sohrabi-Bidar et al. 2016).

Marl is soil or rock-like material containing 35–65% car-
bonate and variable amounts of clays. In these rocks, calcite 
and quartz are considered as the main non-clay minerals. 
Feldspar, dolomite, and mica are rarely found in these rocks. 
Illite, montmorillonite, kaolinite, and chlorite are considered 
as the main clay minerals. Shale is a clastic sedimentary 
rock and breaks along thin laminate or bedding planes. Shale 
typically has at least 50% silt, 35% clay, or some micro-mica, 
and 15% chemical (Pettijohn 1975).

In the last few decades, some empirical relationships 
have been proposed to estimate the modulus of elasticity and 
uniaxial compressive strength using physical and dynamic 
parameters (compressive wave velocity and porosity, den-
sity, water absorption, and moisture) in different sedimen-
tary rocks (Lashkaripour et al. 2018). Several researchers 
investigated the clayey rocks’ mechanical characteristics 
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(Lashkaripour 2002; Erguler and Ulusay 2009; Karakul 
and Ulusay 2013). Abatan et al. (2016) assessed the factors 
affecting shear and compressional wave velocities in shale 
rocks. Today, in engineering, the use of the artificial neural 
networks is a good strategy for estimating and modeling due 
to the lack of formulation (García-Díaz et al. 2016; Han 
et al. 2021; Ahmadi and Shybt 2020; Salazar et al. 2020; 
Beeravelli et al. 2018; Gorgani et al. 2019). Various stud-
ies have shown that artificial neural networks have a high 
accuracy in estimating the mechanical properties of rock 
and soil (Ceryan et al. 2013; Rahimi et al. 2020; Tripathy 
et al. 2015; Momeni et al. 2015; Ocak and Seker 2012; Wang 
et al. 2021). Much research has been done to solve geotech-
nical problems using artificial neural networks, and specific 
studies have been done to estimate the modulus of elastic-
ity and uniaxial compressive strength (UCS) of rocks using 
this method (Esmaili et al. 2016; Tonnizam-Mohamad et al. 
2015). Sonmez et al. (2006) designed a neural network with 
which they estimated the elasticity modulus of intact rock 
using UCS and density. Heidari et al. (2010) predicted the 
elastic modulus of intact rock based on density, porosity, and 
compressional wave velocity using multivariate regression 
and neural network methods. Khandelwall and Singh (2011) 
used tensile and compressive strength to predict the modulus 
of elasticity with a neural network method. Abdi et al. (2018) 
predicted UCS and the modulus of elasticity using artificial 
neural networks and statistical methods. Static properties of 
carbonate rocks were estimated by Madhubabu et al. (2016) 
using the artificial neural network (ANN). In addition, Jalali 
et al. (2017) used MLP and ANN for predicting the UCS 
of the sedimentary rocks. Stan-Kłeczek (2016) examined 
elastic properties' relationships with wave velocity of lime-
stone rocks. Salehin (2017) investigated the relationships 
between static and dynamic marl rock parameters from 
the Seydoon dam site using simple and multivariate linear 
regression analysis and provided high-precision relation-
ships for estimating UCS and the modulus of elasticity. In 

addition, Pappalardo (2015) assessed the relationships of 
compressional wave velocity (Vp) with UCS and physical 
characteristics of dolostone rocks. Ghafoori et al. (2018) 
proposed some relationships to predict the UCS and elastic 
modulus (Es) of limestone rocks using Vp.

The main purpose of this study was to evaluate the 
engineering characteristics of the Godarkhosh dam site 
and estimate static properties of clay-bearing rocks using 
simple regression (SR), artificial neural networks (ANN), 
and multiple linear regression (MLR) methods. To do so, 
laboratory tests were performed on shale and marl samples 
from the Godarkhosh dam site. After evaluating the dam 
site, estimates of the UCS and Es of these rocks and some of 
their relationships were presented based on the Vp and other 
physical properties.

Study area

The Godarkhosh dam site is located in Ilam province, on the 
Godarkhosh River in western Iran. This dam in the Zagros 
Mountains is under study to achieve optimal water resources 
usage to supply the industrial and drinking water needed in 
Ilam province. Figure 1 shows an image of the dam site. The 
purple shale of the Gurpi Formation can be considered as 
a sign of tectonic disturbances between the Cretaceous and 
Paleocene.

Field studies in the dam site indicate that a considerable 
part of the reservoir is associated with shale and marl of the 
Gurpi Formation. In general, and especially under saturated 
conditions, these rocks have low shear strength parameters. 
Hence, there is a possibility of rock slip occurrence at the 
dam site. Therefore, a more careful investigation and its pos-
sible adverse effects should be considered in future studies. 
An image of the studied marls with one of the core boxes 
are presented in Fig. 2.

Fig. 1  General morphology of the dam site (view to east)
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Experimental tests

X‑ray powder diffraction (XRD)

XRD analysis aims to provide a more precise examination 
of the mineralogical composition of the rocks. Due to the 
geomechanical characteristics of the rocks, according to the 
type and amount of clay minerals in them, the mineralogy of 
clays in engineering geology has particular importance. To 
study the amount and type of clay minerals using the XRD 
test, a powder of the samples was prepared, and analyses 
were conducted. The XRD diagrams of shale and marl are 
presented in Fig. 3. These analyses showed that the minerals 
forming these rocks were quartz, calcite, feldspar, and clay 

minerals. In the obtained spectra, calcite and quartz are the 
most abundant minerals. The main clay minerals observed 
in these rocks are illite, kaolinite, and chlorite. Smectite 
clay minerals (from the montmorillonite family), which 
have high swelling potential and undesirable in engineering 
geology, have been observed only in a limited number of 
marl samples.

Thin section study

Shale is gray in the hand sample. Due to the small rock-
forming particles, the particles cannot be seen. This sample 
in the field reacts with dilute hydrochloric acid, indicating 
calcium carbonate's presence within the rock sample. Under 

Fig. 2  Image of marl rocks (A in the field and B core samples derived from boreholes)
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the microscope, the rock's major parts were composed of 
fine-grained particles, and fine-grained crystals of Micrite 
were sporadically seen within the rock. The texture was 
muddy, and the clay and mud were the samples' cementing 
agents. Shale rocks contain less than 10% of fossils, such as 
Globigerina and Zeauvigerina. A clay matrix connected the 
particles of these rocks and according to the Dunham's clas-
sification (Dunham 1962) they were named the mudstone. 
Figure 4 shows the microscopic image of a sample in normal 
and polarized (XPL, PPL) light.

In thin sections of the marl samples, the minerals are car-
bonates, feldspars, quartz, iron-earth compounds, clay min-
erals, opaque, and chert minerals. Volcanic lithic fragments 
are also found in these samples (Fig. 5). The pores are also 
observed in the samples, partly due to clay minerals’ leach-
ing during making thin blades.

Calcimetry test

To better identify clay samples, the calcium carbonate per-
centage (%CaCO3) of the marl samples was determined 
using titration. A normal standard hydrochloric acid solution 
and a semi-normal NaOH solution were used in this method. 
A classification chart of clay and marl is presented in Fig. 6 
(Pettijohn 1975).

Experiments on 14 samples of marl are presented in 
Table 1. The results display that all samples were marl, 
except samples 6 and 10.

Rock mechanic tests

The specimens were assessed and samples with joints and 
cracks were removed. The top and bottom of the specimens 

Fig. 3  XRD results obtained 
from marl (lower image) and 
shale (upper image) samples, 
(Q: Quartz, Ca: Calcite, I: Illite, 
Ch: Chlorite, S: Smectite)

Fig. 4  Microscopic image of 
shale sample: 1—consisting of 
muddy background (M), Bival-
via crumbs (BF), Globigerina 
fossil (Glo), Foraminifera (F)
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were smoothed using an abrasion apparatus (Fig. 7A) to 
prevent stress concentration at a particular point. Physical 
(water absorption, porosity, and dry and saturated density), 
mechanical [uniaxial compressive strength (UCS) and static 
modulus (Es)], and dynamic [shear wave velocity (Vs), com-
pressional wave velocity (Vp), and dynamic modulus (Ed)] 
properties were determined.

The ISRM standard was used for determining the physical 
properties of the cores, such as water absorption ( Wa ) by 
weight, porosity ( n ), and density ( � ). The water absorption 
by weight and porosity of the specimens were determined 
using the saturation–immersion method. Specimens were 
saturated using water immersion for 48 h with periodic 
shocks to eliminate confined air. The values of saturated 
and dry density ( ρsat.and �dry , respectively) were calculated 

from the specimen mass ratio to the specimen volume in 
saturated and dry conditions.

Before the UCS test, dynamic parameters of the core 
specimens such as the shear wave velocity (Vs) and com-
pressional wave velocity (Vp) were determined based on 
the ISRM standard. Before testing, the specimens’ ends 
were polished and covered with grease. Transducers hav-
ing a frequency of 0.5 MHz were used. The Vs and Vp were 
computed from the measured travel time and the distance 
between transmitter and receiver.

Uniaxial compressive strength tests were implemented 
on NX cores [diameter = 54 MM, and length to diameter 
ratio (L/D) = 2] with rate of loading 0.5 MPa/s, based on the 
ASTM standard (ASTM 2002). In the UCS test, to deter-
mine Poisson's coefficient, the linear variable differential 
transformer (LVDT) was covered around the specimens to 
record lateral and axial strains and the static burden was 
gradually applied. Figure 7C shows an image of the LVDTs 
installed on the samples. Figure 7D shows shale samples 
after the UCS test. In addition, an image of the marl samples 
in the UCS experiment is presented in Fig. 7E.

The stress–strain curves derived from the uniaxial compres-
sive test were used to estimate the samples’ modulus of elas-
ticity. For a linear elastic isotropic material, the stress–strain 
relation is well described by two parameters: Young’s modu-
lus and the Poisson’s ratio. Moreover, the shear response of 
a generic material is described by shear stiffness modulus G, 
whereas the volumetric behavior is controlled by bulk modu-
lus K. The Young’s modulus is an indicator of the stiffness of 
the rocks. The lower the elastic modulus value, the lower the 

Fig. 5  Thin section of marl specimens (A Chert mineral, B highly impregnated with iron earth compounds (brown) in some parts of the sample)

Fig. 6  Classification of clay and marl (Pettijohn 1975)

Table 1  Analysis results of samples of the marly section by Calcimetry test

Samples S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14

CaCO3% 36.5 38 39 41 40 29 47 42 40.7 25 36 38 41 39
Lithology Marl Marl Marl Marl Marl Clay marl Marl Marl Marl Clay marl Marl Marl Marl Marl
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Fig. 7  View of apparatus and samples in rock mechanic lab
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material stiffness (Martínez-Martínez et al. 2012). The meth-
ods to derive the Young modulus (static or dynamic methods) 
covers very different ranges of investigated strains; in particu-
lar dynamic methods provide a value of stiffness in the range 
of minimal strains. There are two direct and indirect methods 
to obtain the elastic modulus. In direct or destructive methods, 
which are also called static methods, the flat rock sample is 
subjected to a uniaxial or triaxial compressive strength test 
and the amount of static elastic modulus (Est) is determined 
using the slope of the axial stress–axial strain curve line. In the 
indirect or non-destructive method, also known as dynamic 
methods, compressive and shear waves are sent to the host 
environment (rock sample or in situ rock mass) and using the 
velocity of return waves recorded by Geophones and using 
the relevant relationships (Eq. 1) the dynamic elastic modulus 
(Ed) is calculated. In this case the elastic modulus of the rock is 
called the dynamic elastic modulus (Martínez-Martínez et al. 
2012; Goodman 1989).

Due to the non-linear stress–strain behavior of rocks and 
as a result of the non-uniform stress–strain curves, differ-
ent values for the elastic modulus such as the average elastic 
modulus of (Eav), the secant elastic modulus (Es), and the 
tangential elastic modulus (Et) can be defined. In engineering 
applications, the secant and tangential moduli are more com-
monly used. A line from the coordinate origin is drawn to the 
50% ultimate resistance point (i.e., �c ), to calculate the secant 
modulus at 50% resistance  (Es50) and its slope is determined 
and recorded as Es. Figure 8 shows the schematic definitions 
of the elastic modulus.

Using Eqs. 1 and 2, the dynamic Poisson coefficient (ν) and 
dynamic modulus (Ed) have been computed for each sample 
(Goodman 1989):

(1)Ed =
�V2

S
(3V2

p
− 4V2

S
)

V2
p
− V2

S

,

where � is the density (g/cm3), shear wave velocity ( Vs ), 
and compressional wave velocity ( Vp ) are in Km/s , and Ed 
is in GPa.

Results and discussion

Engineering characteristics of marl samples

The presence of micro-cracks in the samples was investi-
gated due to the effect of anisotropic behavior on mechanical 
properties, and cracked and jointed samples, were excluded 
from the study. If the rocks show anisotropy, UCS, E, and 
Vp properties are susceptible. Anisotropy means that the 
engineering properties of the rocks change with direction. 
Projects that do not study rock anisotropy can have large 
problems and challenges depending on the degree of anisot-
ropy (Lotfollahi et al. 2018; Zhang et al. 2021).

The foliation of minerals, joints, and layering can cause 
anisotropy. The anisotropy of clayey rocks is produced by 
positioning the anisotropic clay minerals. In the perpen-
dicular direction of the anisotropic plates, the sedimentary 
rocks' compressive strength is maximum (Ajalloeian and 
Lashkaripour 2000; Jiang et al. 2018; Yang et al. 2020). 
The engineering properties of rocks rely on their lithological 
component and texture, which reflect the type of environ-
ment and the rock formation conditions. These properties are 
the main information needed to design engineering projects 
(Oshnavieh and Bagherzadeh Khalkhali 2019; Tamrakar 
et al. 2007; Zhang et al. 2020).

The physical, mechanical and dynamic characteristics of 
33 marl samples are shown in Table 2. As can be seen, the 
UCS values of the marl samples of the present study start 
from 1 to 8 MPa. In addition, the average Es of these samples 

(2)v =
V2
p
− 2V2

S

2(V2
p
− V2

S
)
,

Fig. 8  Elastic modulus definitions
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equals 1.20 GPa. The average values of the marl samples' 
dry and saturated density are 2.42 and 2.48 g/cm 3, respec-
tively. In addition, the mean values of the Vs for marl and 
shale samples are 1358 m/s and 1804 m/s, respectively. The 
UCS values of Azimian and Ajalloeian (2015) study on the 
marl samples, in western Iran, were in the range of 15.34 to 
88.9 MPa, with an average of 45 MPa. In addition, the UCS 
range of the Salehin (2017) study, in western Iran, is placed 
in the range from 0.27 to 38.57 MPa, with an average of 
18 MPa. By examining these studies, it can be noted that 
there are very small differences between the present work 
results and previous studies. These differences can be attrib-
uted to the samples’ weathering degree, moisture content, 
and calcium carbonate. Comparing Salehin (2017) study 
with the results of the present study, there are many differ-
ences in UCS values. These differences can be attributed to 
the type of clay mineralization of the samples, the degree of 
weathering of the samples, the amount of moisture, and the 
percentage of calcium carbonate. The predominant clay min-
eral in the Salehin (2017) study is montmorillonite, while 
in the present study it is illite. Monmorillonite has a high 
swelling capacity due to the hydration of sodium between 
its layers (Esparham et al. 2020; Sobhani et al. 2020; Bagh-
erzadeh Khalkhali et al. 2019). The results of studies also 
showed that with increasing the percentage of montmorillon-
ite clay, UCS increases significantly (Khosravani Moghadam 
and Asef 2013).

The studies of Azarafza et al. (2019) have shown that 
marl samples of South Pars region are classified into three 
groups based on carbonate percentage: argillaceous lime-
stone, calcareous marl, and marl rock. The significant change 
is observed in their geomechanical properties. That is, with 
increasing the percentage of carbonate from marl samples 
to argillaceous limestone, the cohesion and friction angle 
increase. The clay minerals of the samples belong to smectite 
and illite with low to medium swelling activities (Azarafza 
et al. 2019). They stated that the mechanical behavior of 
marl is controlled by clay minerals and carbonate content, 

so that increasing the amount of carbonate leads to reduced 
water absorption and reduced erosion and degradation 
potential, and increases the density, durability, and uniaxial 
compressive strength (Azarafza et al. 2019). Other studies 
have shown that the characteristics of marls depend on the 
amount of carbonate and the type and content of minerals 
in the clay section (Mebarki et al. 2019; Asghari-Kaljahi 
et al. 2019). Minerals such as montmorillonite, kaolinite, 
smectite, and illite have different effects on rock and soil 
engineering properties (Mokhberi and Khademi 2017).

According to Table 3, it can be seen that the average 
UCS and compressional wave velocity and dynamic mod-
ulus of elasticity of marls are higher than shale samples. 
This increase in the mechanical and dynamic properties of 
marls relative to shale samples can be attributed to the car-
bonate minerals present in the marl samples. The results of 
the calcimetery test on shale and marl samples showed that 
the average calcite content of marl samples is 27% and for 
shale samples is 8.1%. In this regard, Al-Jassar and Hawk-
ins (1979) have stated that important and effective factors 
on the engineering behavior of rocks containing carbonate 
minerals include degree of hardness, grain size, porosity, 
density, and durability. These rocks are resistant to disso-
lution and weathering. Porosity has a great effect on the 
uniaxial compressive strength of rocks containing carbonate 
minerals. For example, the phenomenon of dolomitization 
increases porosity and decreases the strength of the rock 
as the porosity increases. Conversely, reducing the crys-
tal size also increases the resistance. For example, micro-
crystalline limestone is more resistant than coarse-grained 
limestone (Al-Jassar and Hawkins 1979). These rocks may 
contain varying amounts of impurities, such as oxide, iron 
hydroxide, organic matter, quartz and clay. The strength of 
limestone is often related to the degree of recrystallization. 
A strong bond between two crystals is a strong ionic bond 
formed by mechanical locking. Fractures always follow the 
path of least resistance. Therefore, during the crushing pro-
cess, there is a contrast between the degree of cementation 

Table 2  Physical, mechanical, 
and dynamic properties of marl 
samples

Statistics parameters Range Minimum Maximum Mean Std. deviation Variance

�dry(g/cm3) 0.60 2.01 2.61 2.42 0.092 0.008
�sat.(g/cm3) 0.61 2.08 2.69 2.48 0.146 0.021
Wa (%) 7 2 9 5.18 1.881 3.538
n (%) 23 2 25 10.69 6.059 36.709
UCS (MPa) 7 1 8 5.34 1.994 3.976
Es (GPa) 1.94 0.06 2 1.20 0.428 0.183
Vp (m/s) 2354 988 3342 2484 541 292,693
Poisson ratio 0.20 0.20 0.40 0.24 0.063 0.004
Vs (m/s) 1451 567 2019 1358 353 125,195
Ed (GPa) 16.20 4.10 20.30 12.84 4.96 24.55
Dynamic Poisson ratio 0.00 0.30 0.30 0.30 0.00 0.00
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and the weaknesses created by the direction of crystal clear-
ance (Jensen et al. 2010; Jian et al. 2021). Khajevand (2021) 
investigated the effect of textural and petrographic properties 
on the geotechnical properties of carbonate rocks and stated 
that with increasing of calcite and quartz, the texture coef-
ficient increases, which leads to an increase in resistance 
properties.

Engineering characteristics of shale samples

These rocks are composed of silt and clay particles and con-
tain more than 50% of clastic particles (less than 60 µm). 
These fine particles determine their mechanical behavior. 
Because of the abundance of clay minerals in these rocks, 
they often have little strength and can be problematic in 
geotechnical engineering. Shale is undesirable rocks in pro-
jects and shows different engineering behaviors. In addition, 
many structural discontinuities occur on shale slopes (Scar-
pato 2011). The range of physical, mechanical, and dynamic 
properties of 33 shale samples are shown in Table 3. The 
shale samples’ UCS values are in the range from 2 to 8 MPa. 
In addition, the average Es of these samples equals 1.23 GPa.

According to Tables 2 and 3, it can be seen that the aver-
age of UCS and Vp of the marls were higher than shales. 
Han et al. (1986) stated that Vp values in clay-bearing rocks 
depend on the type of mineral and their values were in the 
range of 1.1 to 2.8 km/s. In the present study, the Vp of both 
marl and shale samples is placed in the mentioned range.

Simple regression (SR)

To estimate the static properties of shale and marl rocks, the 
relationships of UCS and Es based on compressional wave 
velocity (Vp) and physical properties were investigated. The 
relationships of the static properties with independent vari-
ables were investigated using the correlation coefficient (R2), 
root means square error (RMSE), adjusted R2, and analysis 
of variance (ANOVA) criteria. Table 4 shows the presented 

relationships. Figures 9, 10, 11 also schematically show the 
scatter of the data points and the relationships. Based on 
four criteria (R2, adjusted R2, RMSE and ANOVA), the best 
method for predicting UCS and Es is Vp.

The results of all analyses show a high correlation 
between physical properties and Vp with static parameters 
(Figs. 9, 10, 11). In addition, the relationship of UCS and 
Es with water absorption is shown in Fig. 9. It is observed 
that UCS and Es decrease due to increased water absorp-
tion. Besides, there is a high polynomial correlation between 
these parameters. The relationship between UCS and water 
absorption shows a higher correlation than Es and water 
absorption. The relationships between these variables for 
shale and marl and the combination of shale and marl data 
are displayed in Table 4.

The relationship of the UCS and Es with porosity is pre-
sented in Fig. 10. As shown in this figure, the relationships 
are linear with a high correlation. The scattering of these 
variables in shale samples is lower than marl. Hence, the 
shale correlations are more accurate than marl. The rela-
tionship between the Es and porosity shows that the rela-
tion between these two variables was exponential for shale 
and logarithmic for marl. Like UCS, Es’s scattering in shale 
samples is less than marls. The relationships between these 
variables for shale, marl, and shale and marl combination are 
presented in Table 4. Karaman and Kesimal (2015) evalu-
ated the effect of porosity on the UCS and stated that in 
materials with a porosity less than 1%, there is a weak cor-
relation between these two parameters. Figure 10 shows that 
the correlation between porosity and UCS was low for low 
porosity materials.

Vp relationships with UCS and Es are presented in 
Fig. 11. The correlation between Es and UCS with the 
compressional wave velocity is higher than the correlation 
between these two parameters with the physical param-
eters, such as absorption and porosity. Therefore, it indi-
cates more applicability of ultrasonic tests compared to 
physical tests. Moreover, it is observed that at lower wave 

Table 3  Physical, mechanical, 
and dynamic properties of shale 
samples

Statistics parameters Range Minimum Maximum Mean Std. Deviation Variance

�dry(g/cm3) 0.46 2.06 2.52 2.29 0.15 0.021
�sat. ( g/cm3) 0.56 2.1 2.66 2.39 0.143 0.023
Wa (%) 7 2 9 5.51 2.1 4.24
n (%) 24 2 26 9.26 6.3 39.66
UCS (MPa) 6 2 8 5.09 1.83 3.33
Es (GPa) 2 0 2 1.23 0.45 0.20
Vp (m/s) 1939 1211 3150 2404 560 313,986
Poisson Ratio 0.10 0.20 0.30 0.2500 0.055 0.003
Vs (m/s) 1188 1022 2210 1804 569 313,986
Ed (GPa) 14.00 3.50 17.50 11.56 4.96 24.59
Dynamic Poisson ratio 0.10 0.20 0.30 0.295 0.023 0.001
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velocities, the correlation between UCS and Es with Vp is 
high. The scattering of UCS, Es, and Vp data in shale sam-
ples is less than marls. The relationships between Es and 
UCS with Vp are strong. The relationships between these 
variables for shale, marl, and shale and marl composition 
are presented in Table 4. Different researchers investigated 
UCS correlation with Vp and it was found that there was 
a high correlation between these two variables (Pappa-
lardo 2015; Vasanelli et al. 2015). Besides, Ghafoori et al. 
(2018) stated that the determination of the UCS based on 
the dynamic parameters (Vp and Ed) was more accurate 

than static parameters (Es). Similar results were obtained 
in the present study.

Evaluation of suggested equations and comparison 
with previous studies

Table 5 shows empirical equations of previous studies for 
predicting static parameters. The values of static proper-
ties were estimated using these relationships based on the 
experimental data of the present study. Then the correlation 
of the predicted values with the measured static properties 

Table 4  Relationships to estimate the properties of clay rocks

In these equations, UCS and Es are in MPa and GPa, respectively, Vp is in m/s, n is porosity in percent, and Wa is the water absorption in percent

Eq. N Lithology Equation R2 Adjusted R2 RMSE ANOVA results

F P value

3 Shale UCS = −0.067W2
a
+ 0.058Wa + 7.081 0.71 0.68 4.10 26.60 00.00

4 Shale Es = −0.0082W2
a
− 0.087Wa + 2.04 0.69 0.67 0.24 24.79 00.00

5 Marl UCS = −0.026W2
a
− 0.5908Wa + 9.181 0.68 0.66 1.12 32.40 00.00

6 Marl Es = 0.0243W2
a
− 0.435Wa + 2.71 0.60 0.58 0.26 22.90 00.00

7 Shale and Marl UCS = −0.038W2
a
− 0.3758Wa + 8.44 0.68 0.67 1.10 59.54 00.00

8 Shale and Marl Es = 0.0095W2
a
− 0.2804Wa + 2.42 0.60 0.58 0.27 40.81 00.00

9 Shale UCS = −0.26n + 7.5 0.79 0.78 0.82 84.56 00.00
10 Shale Es = 2.1e−0.062∗n 0.84 0.83 0.19 120.35 00.00
11 Marl UCS = −0.29n + 8.4 0.75 0.74 0.98 94.20 00.00
12 Marl Es = −0.47Ln(n)+2.22 0.51 0.49 0.30 31.76 00.00
13 Shale and Marl UCS = −0.27n + 7.92 0.74 0.74 0.97 156.43 00.00
14 Shale and Marl Es = −0.52Ln(n)+2.33 0.64 0.63 0.26 97.85 00.00
15 Shale UCS = 2 ∗ 10−5 ∗ V1.624

p
0.93 0.93 1.47 298.10 00.00

16 Shale Es = 10−5 ∗ V1.496
p

0.85 0.85 0.23 131.60 00.00
17 Marl UCS = 6 × 10−6 × V1.755

p
0.84 0.83 1.10 157.30 00.00

18 Marl Es = 2 × 10−5 × V1.394
p

0.72 0.72 0.28 81.20 00.00
19 Shale and Marl UCS = 9 × 10−6 × V1.695

p
0.87 0.87 0.83 367.80 00.00

20 Shale and Marl Es = 2 × 10−5 × V1.424
p

0.76 0.76 0.28 179.20 00.00

Fig. 9  Relationship of UCS and Es with water absorption
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was evaluated based on different criteria (Figs. 12, 13, 14, 
15, 16, 17).

Figure 12 shows Es and UCS's experimental values plot-
ted compared to the predicted values of these parameters 
from Eqs. (7), (8), (13), (14), (19) and (20). Based on the 
R2, the accuracy of the predicted static parameters from 
water absorption is slightly low. Similar results (i.e., low 

correlation of water absorption with UCS and Es) were 
confirmed by Ghafoori et al. (2018).

The presented relationships for predicting the static 
properties based on porosity and water absorption (Wa) of 
the marl samples of the Gurpi Formation were evaluated 
(Fig. 13). As can be seen, the scatter of data points is close 

Fig. 10  UCS and Es relationships with porosity

Fig. 11  Relationships between Vp with UCS and Es

Table 5  Empirical equations from previous studies

Equation Lithology Region References

Es = 0.008 × Vp − 5.619 Marl Iran Azimian and Ajalloeian (2015)
UCS = 0.026 × Vp − 20.47 Marl Iran Azimian and Ajalloeian (2015)
UCS = 9.95 × (Vp)^(1.21) Sedimentary rocks Turkey Kahraman (2001)
UCS = -37.82 + 0.017Vp Marl Iran Salehin (2017)
UCS = 1.001 × (n)^(− 1.143) Shale United kingdom—Canada and 

Australia
Lashkaripour and Duseault (1993)

UCS = 0.77 × (Vp)^2.93 Shale North sea Horsrud (2001)
Es = 0.076 × (Vp)^3.23 Shale North sea Horsrud (2001)
UCS = 243.n^(− 0.96) Shale North sea Horsrud (2001)
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Fig. 12  Correlation of measured values with predicted values (total data)

Fig. 13  Relationship between measured and predicted static properties for marl

Fig. 14  Relationship of measured values with previous studies for marl lithology
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to the diagonal line and the RMSE and R2 of the equations 
show moderate precision to estimate the static properties.

Figure 14 displays plotted values of estimated static 
parameters resulting from relationships suggested by Azim-
ian and Ajalloeian (2015) and equations of this study versus 
measured UCS and Es data. As shown, the type of corre-
lation is power and the determination coefficient is high. 
Moreover, the data points’ scatter is close to the diagonal 
line (1:1 line) and the RMSE values are low. These show that 
there were relationships with moderate accuracy between 
measured static properties and estimated ones. Figure 14 
shows that Azimian and Ajalloeian (2015) equations predict 
the static properties out of the present study range and could 
not be applied for calculating the static parameters of marl 
rocks of the Gurpi formation.

Figure 15 shows the correlations between measured UCS 
and UCS derived from Kahraman (2001) and Salehin (2017) 
relationships. Kahraman (2001) used 48 rock types from 

different area in Turkey to estimate the UCS. The values of 
UCS in Kahraman (2001) study start from 4.4 MPa for marl 
and rise to 153 MPa for limestone. As shown, the UCS pre-
dicted from Kahraman (2001) equation shows a high correla-
tion with measured data, but the relationship overestimates 
the UCS values for this study. Salehin (2017) investigated 
the relationships between the static and dynamic properties 
of 36 marl samples from the Seydoon dam site, Khoozestan 
Province, in western Iran near the Godarkhosh dam site. 
The UCS range in Salehin (2017) is placed between 0.27 to 
38.57 MPa. As shown in Fig. 15, this relationship correlates 
with measured data, but the predicted values are out of the 
UCS range of the present study.

The predicted values of UCS using equations of Lashka-
ripour and Duseault (1993), and Horsrud (2001) with 
measured values for shale samples show high correla-
tion coefficients (Fig. 16). In addition, these equations’ 

Fig. 15  Relationship between measured and predicted based on previ-
ous examinations of marl samples

Fig. 16  Relationship of measured values with estimated values for shale

Fig. 17  Relationship of measured with estimated Es for shale
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predicted values have slight overlap with measured data and 
their equations overestimate the UCS values of this study 
(Fig. 16). Research has shown that in sedimentary rocks, 
the porosity was an accurate parameter for estimating uni-
axial compressive strength (Vernik et al. 1993; Lashkaripour 
2002). Equations (9) to (14) can be used for predicting the 
static parameters.

Figure  17 shows the correlation of the predicted Es 
based on Horsrud (2001) equation and Eqs.  (4), 10 and 
(16), with experimental data fitted to the power correlation. 
The precision of Horsrud (2001) relationship is higher than 
the authors' equations. Moreover, this plot shows that the 
Horsrud (2001) equation has a reasonably good overlap in Es 
with a range of 0.5–2 GPa. As shown, the Es predicted based 
on Vp had higher accuracy than that for porosity and water 
absorption. In this regard, Ghafoori et al. (2018) stated that 
the best method for predicting the static parameters was Vp.

Universal equations between static properties

To present universal relationships for estimating static prop-
erties, for each sample the UCS and Es values were calcu-
lated based on the relationships of previous researchers. The 
obtained universal data are related to the regions including 
Turkey, North Sea, Iran, United Kingdom—Canada, and 
Australia (Table 5). The average values derived from these 
relationships were calculated for each sample. The relation-
ship between UCS and Es based on universal data shows that 
there is a low error (RMSE = 0.30) and a relatively strong 
correlation coefficient (R = 0.74) between these two param-
eters (Fig. 18).

Also, the relationship between the measured values in the 
laboratory and the average values obtained from the relation-
ships of previous researchers was investigated (Fig. 19). As 
can be seen, the best relationship (based on  R2 and RMSE) 
is exponential for compressive strength and a power law for 
the modulus of elasticity.

Multiple linear regression (MLR) for predicting UCS 
and Es

Multiple linear regression (MLR) models have been widely 
used in various fields, especially in estimating rock proper-
ties (Heidari et al. 2010; Esmaili et al. 2016; Namdar and 
Sarabiyan 2020; Radhy 2019). In this paper, two models 
were proposed for estimating UCS and Es based on water 
absorption, porosity, and Vp at the dam site under study. 
Table 6 presents the properties of the studied parameters 
used in the MLR analysis. This table obtained results 
from 58 data for shale (25 samples) and marl (33 samples) 
samples.

Based on the B coefficient and P value (Table  7), 
Eqs. (21) and (22) were obtained among variables, such as 
UCS, Es, porosity, water absorption, and Vp:Fig. 18  Universal correlation between UCS and Es for clay rocks 

(average data of current and previous studies)

Fig. 19  Universal correlation between predicted (average data of previous studies) and measured static properties for clay rocks
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where UCS and Es are in MPa and GPa, respectively, n and 
Wa are in %, and VP is in Km/s. Beta's coefficient states the 
significance of independent variables on the regression equa-
tion. Table 7 shows that the importance of Vp is higher than 
the water absorption and the dependent variables’ porosity.

Simple regression (SR) and MLR (Beta coefficients in 
Table 7) showed that the most influential factors on the 
clayey rocks' static properties are Vp and porosity. Hence, 
the 3D and contour plots of these variables were drawn 
(Fig. 20).

The validity of Eqs.  (21) and (22) is assessed below. 
Table 8 shows that the determination coefficients' values 
are high, and the estimated error is low. The multiple cor-
relations between UCS and Es with Vp, porosity, and water 
absorption are strong (Table 8).

One of the suppositions of MLR analysis is that the error 
was independent. The error is the difference between the real 
and the predicted values using regression equation. There 
is no chance for using the regression equation if the error 
is correlated with each other. The statistic of Durbin–Wat-
son is used to assess the absence of correlation among the 
residuals (Nia et al. 2017). If this statistic is in a range of 

(21)UCS = −0.099Wa − 0.106n + 0.002Vp + 2.146

(22)Es = −0.039Wa − 0.018n + 0.0001Vp + 0.701

1.50–2.5, the residuals are not correlated. Table 8 shows for 
Eqs. (21) and (22), the Durbin–Watson values are 2.39 and 
1.73, respectively. Hence, there is no problem regarding this 
supposition. Based on ANOVA results there is a significant 
correlation (Sig. < 0.05) among independent variables and 
the dependent variables.

Another supposition of MLR is that the residuals (differ-
ence of measured UCS and Es values with predicted UCS 
and Es values based on Eqs. 21 and 22) must have a normal 
distribution. Results showed that the average values of resid-
uals are approximately identical to zero and standard devia-
tion approximately identical to one (Fig. 21). As a result, the 
errors are normally distributed.

The collinearity statistic is one of the other assump-
tions used to investigate the MLR analysis's validity. This 
assumption suggests that two predictors were a complete 
linear combination, as the value of collinearity increases, the 
error in estimating the coefficients of the equation increases. 
To check the multicollinearity of the independent variables, 
the concept of tolerance of independent variables is used. 
The tolerance of each independent variable is obtained as 
follows:

where Rj
2 is the determination coefficient of the regression 

model with the j th explanatory variable as the dependent 

(23)Tolerance = 1 − (RJ)
2

Table 6  Statistical 
characteristics of the variables 
used in ANN and MLR (total 
data)

Statistics Min Max Range Mean Std. Deviation Variance
Parameters

 �dry(g/cm3) 2.01 2.61 0.60 2.36 0.139 0.018
 �sat.(g/cm3) 2.08 2.69 0.61 2.44 0.148 0.020
 Wa (%) 2 9 7 5.32 1.949 3.800
 n (%) 2 26 24 10.07 6.15 37.81
 UCS (MPa) 1 8 7 5.23 1.911 3.650
 Es (GPa) 0 2 2 1.23 0.439 0.192
 Vp (m/s) 988 3342 2354 2449 546 298,124

Table 7  Statistical characteristics of the equations

Equations Input parameters Non-standardized factors Standardized factors Test of T value Tolerance VIF

B Standard error Beta value

21 Constant 2.146 1.237 1.74 0.09
Wa − 0.099 0.094 − 0.101 − 1.06 0.3 0.268 3.736
n − 0.106 0.028 − 0.340 − 3.74 0.00 0.298 3.352
Vp 0.002 0.000 0.546 5.65 0.000 0.264 3.782

22 Constant 0.701 0.414 1.69 0.096
Wa − 0.039 0.031 − 0.174 − 1.25 0.218 0.268 3.736
n − 0.018 0.009 − 0.258 − 1.95 0.056 0.298 3.352
Vp 0.0001 0.000 0.469 3.34 0.002 0.264 3.782
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Fig. 20   3D and contour plots of the variables [n (%),Vp (m/s), UCS (MPa), Es (GPa)]

Table 8  Correlation coefficient, 
ANOVA results, and Durbin–
Watson statistic of the equations

R (correlation 
coefficient)

R-Square Standard Error Durbin Watson Results of ANOVA test

Equation 21 0.93 0.87 0.716 2.392 F = 117.34, sig. = 0.00
Equation 22 0.847 0.718 0.239 1.729 F = 45.77, sig. = 0.00



Environmental Earth Sciences          (2021) 80:621  

1 3

Page 17 of 24   621 

variable and other descriptive variables as independent 
variables.

The tolerance of each independent variable is a measure 
of its influence on the prediction not captured by other inde-
pendent variables. Therefore, minimal tolerance values for 
a predictor show that the predictor was superfluous and per-
haps a function of other independent variables. Often when 
the tolerance of an independent variable is less than 0.10, 
further checks are needed to investigate if that independent 
variable could be removed or not. Low tolerances indicate 
that the influencing parameters were not correctly captured; 
hence the model may not be reliable (Montgomery et al. 
2012). Table 7 shows the tolerance values for all inputs are 
higher than 0.10, and collinearity dose not cause a problem 
in these regressions (Eqs. 21 and 22).

It is worth mentioning that the inverse of the tolerance, 
which is called the variance inflation factor (VIF), is also 
applied in the literature to check the collinearity of inde-
pendent variables. Variables with VIF values higher than 
10 must be checked for more investigation. Table 7 shows 
that the VIF values of water absorption, porosity, and Vp are 
less than 10 and collinearity are not problems in this MLR.

Condition Index and Eigenvalue are also used to check 
the collinearity. The eigenvalues close to zero indicate that 

the predictors’ internal correlations are high and the small 
variations in their values lead to large variations in the 
estimation of the coefficients of the regression equation. 
Condition index with values greater than 30 indicates a 
problem in using regression. Variance ratios are the ratios 
of the variance of the predict considered by each princi-
pal value related to each eigenvalues (Montgomery et al. 
2012). This study shows that one of the condition indices 
was higher than 30, and one of the eigenvalues was low 
(Table 9).

The RMSE and the coefficient of determination of the 
relationships between measured and estimated UCS and 
Es based on Eqs. (21) and (22) are presented in Fig. 22. It 
is observed that the accuracy of the relationships related 
to the observed and measured UCS is higher than Es. Esti-
mation of Es using physical parameters and Vp shows a 
large deviation from the diagonal line, which reduces the 
correlation between measured and predicted Es (Fig. 22). 
The neural network results showed that the accuracy of 
the independent variables in estimating the UCS is higher 
than the modulus of elasticity.

Fig. 21  Histogram of errors (residuals)

Table 9  Condition index and 
eigenvalue of the models

Dimensions Condition Index Eigenvalue Variance ratios

Constant Wa N Vp

1 1.00 3.663 0.00 0.00 0.01 0.00
2 3.49 0.300 0.00 0.01 0.12 0.02
3 10.43 0.034 0.00 0.57 0.77 0.02
4 31.19 0.004 1.00 0.42 0.11 0.96
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Structure of ANN (Artificial Neural Network).

An ANN is a framework involving a chain of elements 
that transfer with each other by many inner weights. These 
weights are continually adjusted throughout the training 
stage of the network. During ANN analysis, the operator 
controls the outputs, inputs, layer nodes, and hidden layer 
numbers. Some transmission functions are accountable for 
multiplying the entries to the associated weight of neurons 
in the ANN process. Several functions such as Gaussian, 
Sigmoid, Hyperbolic Secant, and Hyperbolic Tangent are 
used among the layers. The Sigmoid function has the main 
acceptance in engineering uses, mostly because of their sim-
ple derivations, which enable the appraisal of the back-prop-
agation errors. The most applicable ANN for engineering 
uses is Back Propagation Network (BPN) (Rumelhart et al. 
1986; Haykin and Lippmann 1994; Ghadimi and Ebrahim-
ian 2015) in which the calculations start with some optional 
weights, and then the outputs are calculated, and adapted by 
modifying assured weights using computed error from the 
output and estimated values. This procedure is continued 
until the lowest error is gained. The trial and error process 
lasts until the lowest error is gotten (Chatterjee et al. 2000; 
Saghi et al. 2019; Seyfi 2017). In this study, the optimum 
neural network to estimate the static properties was obtained 
when six hidden layers were applied during BPN analysis, 
as explained below.

Neural network results

The neuron’s conveying function was chosen as Purelin for 
the output layer and Sigmoid in the middle layer. Different 
networks with various neurons in the hidden layer were 
trained. The optimum neurons were chosen according to 
the error levels in the trial and error process of training 

the network. Algorithms of Bayesian-regularization and 
Levenberg Marquardt were used for overfitting decreasing 
and training laws, respectively (Jalili et al. 2015; Sham-
sashtiany and Ameri 2018; Feng et al. 2021; Huang et al. 
2021; Maier and Dandy 2000).

Figure 23 shows the architecture of the neural network 
that was used. Figure 24 shows that the optimum planned 
ANN contains six hidden layers with two outputs and 
five inputs. Porosity, saturated density, dry density, water 
absorption, and Vp are used as inputs, and UCS and Es 
used as outputs. Using Eq. 24, all data were normalized 
between -1 and 1, so that the data's size does not affect the 
ANN results:

The determination coefficient (R2) and root-mean-
square error (RMSE) have been used to evaluate the effi-
ciency of the experimental relations (Rastegarnia et al. 
2017; Rahimi et al. 2019; Hashemi et al. 2018; Chao et al. 
2018; Zhuravlev et al. 2016; Sarici and Ozdemir 2018; 
Sanaei et al. 2015; Odisu et al. 2020). The precision esti-
mation of the static properties tested via computing R2 and 
RMSE index are computed by Eq. 25:

(24)Xi = 2

(

X − Xmin

Xmax − Xmin

)

− 1.

Fig. 22  Evaluation of Eqs. (21) and (22)

Fig. 23  Architecture of the used network in ANN
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In Eq. 25, y′ is the estimated value, y is the experimental 
value, n is the number of total data, and s2 is the vari-
ance. The coefficients of determination and error values 
are presented in Table 10. The lower the error value and 
the higher the determination coefficient, the better the fit-
ted equation.

The neural network results based on the number of hid-
den layers in the used optimum model are presented in 
Figs. 25 and 26. According to the analysis, the most suit-
able hidden layer in this study is 6 layers. The extracted 
parameters in the neural network model would be more 
appropriate than the other layers (Figs. 25 and 26).

The results of the neural network, based on test data, 
show that the correlation coefficients of Es and UCS based 

(25)RMSE =
1

s2n

n
∑

i=1

(y − y�)2.

on independent variables are 0.95 and 0.98, respectively 
(Figs. 25 and 26). On the other hand, the results of multi-
ple linear regression models show that Es and UCS's cor-
relation coefficients based on independent variables were 
0.85 and 0.93, respectively. Therefore, the neural network 
has higher accuracy in estimating static properties than 
multiple regression. This conclusion has been confirmed 
by researchers, such as Singh et al. (2004) and Madhubabu 
et al. (2016).

The graphs of the Es and UCS’s predicted and experimen-
tal values are shown in Fig. 27. In this figure, the relation-
ship between calculated and measured UCS is as follows: a 
correlation coefficient of 0.96:

Also, in Fig. 27, the relationship between the calculated 
and measured Es is as follows with a correlation coefficient 
of 0.91:

Comparison of predicted values using ANN 
and the measured values

The values for each lithology were determined, to compare 
the predicted values using the neural network and the meas-
ured UCS and Es (Fig. 28). As can be seen, the predicted 
values of UCS by neural network method for both groups 
of rocks are higher than the measured values. In contrast to 
the UCS changes, the Es’s predicted values by neural net-
work for both lithologies are lower than the measured values. 
Hence, the neural network is conservative in estimating the 
modulus of elasticity of the clay-bearing rocks, while it is 
not conservative in predicting the UCS of these rocks.

Calculated = Experimented + 0.011.

Calculated = Experimented + 0.014.

Fig. 24  Diagram of the artificial neural network used in this study

Table 10  Errors values of ANN analysis for Es and UCS

Error Es (GPa) UCS (MPa)

Method Value Value

MSE Training 1.045E−02 6.163E−03
Testing 1.045E−02 6.163E−03
Validation 1.045E−02 6.163E−03
Total 1.045E−02 6.163E−03

SSE Training 4.180E−01 2.465E−01
Testing 4.180E−01 2.465E−01
Validation 4.180E−01 2.465E−01
Total 4.180E−01 2.465E−01

RMSE Training 1.022E−01 7.850E−02
Testing 1.022E−01 7.850E−02
Validation 1.022E−01 7.850E−02
Total 1.022E−01 7.850E−02
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Conclusions

Estimating the mechanical properties of the clay rocks at 
the site of civil projects, due to sampling problems, is one 
of the priorities. In this study, after evaluating engineering 
properties of the Godarkhosh dam site, some relationships 
have been established to estimate the mechanical properties. 
To do so, petrographic (XRD, thin section and calcimetry), 
physical, mechanical, and dynamic properties of these rocks 
on the abutments of the Godarkhosh dam site were assessed.

The petrography results of both rock types indicated that 
the Illite mineral percentage was the highest. In addition, 
the Montmorillonite mineral content of the samples is the 
lowest. Therefore, in this dam site, these clay rocks’ swelling 
potential is low.

To estimate the static properties of these rocks, artificial 
neural networks (ANN), simple regression (SR), and multi-
ple linear regression (MLR) were used to propose some rela-
tionships. In addition, various criteria such as R2, Adjusted 
R2, RMSE, Durbin–Watson, ANOVA and collinearity were 

used to evaluate the presented relationships’ validity. The SR 
analysis showed that static parameters (UCS and Es) could 
be predicted based on physical and dynamic properties with 
high accuracy. In addition, estimating mechanical param-
eters based on compressional wave velocity (Vp) is more 
accurate than other physical parameters. The accuracy of 
UCS estimation based on independent variables is higher 
than the accuracy of estimating Es based on these variables. 
Evaluation of previous suggested equations showed that 
some of them are appropriate to estimate static properties 
of the Gurpi Formation. The UCS and Es relationship based 
on universal average data showed that there is a relatively 
moderate correlation (RMSE = 0.30, R = 0.74) between these 
two parameters.

Multiple linear regression results for estimating the Es 
and UCS showed an acceptable correlation between these 
two variables and parameters, such as water absorption, 
porosity, and P-wave velocity. The analysis of all hypotheses 
of the equations by MLR method [such as the collinearity 
of independent variables, error independence, and variance 

Fig. 25  Correlation coefficient 
of Es for each data set
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Fig. 26  Correlation coefficient 
of UCS for each data set

Fig. 27  Relationship between the actual and predicted Es (right part) and UCS (left part) in the ANN
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analysis (ANOVA)] showed that the equations have high 
accuracy in estimating the Es and UCS.

Correlation coefficients of Es and UCS using the ANN 
method based on porosity, dry density, saturation den-
sity, water absorption, and wave velocity parameters were 
0.95 and 0.98, respectively. In general, the neural network 
approach exhibits a higher accuracy than the multiple linear 
regression method in estimating the Es and UCS. The neural 
network is conservative in estimating the modulus of elastic-
ity of the clay-bearing rocks, while it is not conservative in 
estimating the UCS of these rocks.
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