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The Sanandaj—Sirjan Structural-Sedimentary Zone is one of the most important
geological regions in Iran. The limestone formations in this area play a key role
in civil engineering and mining projects. Knowing the precise mechanical
properties of these rocks, especially the uniaxial compressive strength (UCS dry)
and dry point load index (Iss o -dry), is essential for safely and economically
designing structures. Because direct testing methods are costly and time-
consuming, this study uses indirect modeling techniques, such as regression and
neural networks, to predict these properties. First, a comprehensive database was
compiled by collecting the physical, mechanical, dynamic, and chemical data of
limestone samples from the region. Then, univariate, bivariate, and multivariate
regression analyses were conducted to extract statistical relationships among the
variables. Finally, multilayer perceptron neural network models with various
architectures based on the Levenberg—Marquardt learning algorithm were
developed. The comparison results of the model performance indicated that
neural networks, due to their ability to identify complex and nonlinear
relationships between parameters, provide more accurate predictions of the
limestone mechanical properties compared to statistical models. A comparison of
the correlation coefficients of multivariate regression equations and neural
network models showed that, overall, using neural network models improves the
accuracy of UCS Dry predictions by 14.89% and the Is 5o-Dry predictions by
4.70%. The results show that predicting UCS Dry in the presence of Is 50-Dry
among the input parameters has a significant impact on improving the accuracy
of the models. For example, the model with the inputs Is 5o-Dry, SH, y Dry and
n showed very good performance. For predicting Is so-Dry, the models that
included the parameters SDI1 and Bl Dry as inputs also performed very well. The
application of these models can contribute to cost reduction, increased speed of
rock engineering studies, and improved safety in civil projects.

Introduction

uniaxial compressive strength and point load

The Sanandaj-Sirjan structural-sedimentary
zone is one of the most important geological
regions in lIran, characterized by significant
lithological and structural diversity. Limestones,
one of the main sedimentary formations in this
zon, play an important role in civil engineering
and mining projects. Accurate knowledge of the
strength properties of limestone, including its

index, is essential for designing stable and safe
design of engineering structures such as tunnels,
dams, foundations and mines. However, directly
testingthe strength properties of rocks in a
laboratory tests has always been a major
challenge in rock engineering due to the cost,
need for advanced equipment required and time-
consuming nature of the process.
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An artificial neural network is a
computational model based on structure and
function of the biological neural networks found
in the human brain. The goal of these models aim
to simulate the human learning process for
analyzing, classifying or predicting data. Each
neural network consists of a number of simple
processing units or artificial neurons that are
connected in layers. These layers include an
input layer, one or more hidden layers, and an
output layer. Raw data enters the network in the
input layer. The neurons in the hidden layers
then process and extract important patterns from
this information. The output layer presents the
processing results, which can be a classification,
a numerical value, or another type of output.This
study aims to develop models and relationships
for predicting the strength properties of
limestones in the Sanandaj-Sirjan zone. These
properties include dry uniaxial compressive
strength and dry point load index. The models
are based on the physical, dynamic, and
mechanical properties of samples taken from this
area. To this end, a comprehensive database of
the wvarious engineering and geological
properties of limestone in the Sanandaj-Sirjan
region was compiled from various sources. For
this purpose, a comprehensive database of
various engineering geological properties of
limestones in the Sanandaj - Sirjan zone was
prepared by studying various sources. These
properties include relative specific gravity,
porosity percentage, dry and saturated specific
gravity, slake durability index for the first to fifth
cycles, water absorption percentage, Los
Angeles abrasion percentage, aggregate impact
values percentage, dry and saturated uniaxial
compressive strength, dry and saturated
Brazilian tensile strength, dry and saturated point
load index, dry and saturated brittleness index,
static Young's modulus, direct shear strength,
cohesion, internal friction angle, dry and
saturated pressure wave velocity, dynamic
Young's modulus, dynamic Poisson's ratio,
schmidt hammer number, calcimetry percentage,
and dissolution rate constant at pH= 6.5-7, pH=

7-7.5, and pH= 7.5-8. The collected data were
first analyzed using statistical methods and
univariate and  multivariate  regression
relationships between variables were extracted.
Then, dry uniaxial compressive strength and dry
point load index prediction models were created
and optimized using a multilayer perceptron
(MLP) neural network and the Levenberg-
Marquardt learning algorithm.

Materials and Methods

The Sanandaj-Sirjan Zone is a metamorphic-
igneous unit trending northwest-southeast
located on the northeastern margin of the Zagros
Mountains. It is a belt of metamorphic rocks of
Paleozoic to Cenozoic age, mainly consisting of
Cretaceous intrusive masses. Numerous tectonic
events have caused the formation of a series of
strike-slip faults and large thrusts in the region.
Important rock units in this region include
metamorphic limestone, slate, schist, and
amphibolite.This  study investigated the
relationship between the engineering geology
properties and strength properties of limestones
in the Sanandaj-Sirjan structural-sedimentary
zone. To do so, various engineering geology
properties of these types of rocks were extracted
from different sources.The extracted engineering
geological properties include physical properties
(relative  specific gravity (Gs), porosity
percentage (n), dry and saturated specific gravity
(v), slake durability index (SDI) for the first to
fifth cycles, water absorption value percentage
(WA), Los Angeles abrasion percentage (LA),
and aggregate impact values percentage (AlV)),
mechanical properties (dry and saturated
uniaxial compressive strength (UCS), dry and
saturated Brazilian tensile strength (BTS), point
load index (Is so) for dry and saturated
conditions, brittleness index (BI) dry and
saturated, static Young's modulus, direct shear
strength, cohesion, and internal friction angle),
dynamic properties (dry and saturated pressure
wave velocity (Vp), dynamic Young's modulus,
dynamic Poisson's ratio, and Schmidt Hammer
number (SH)); and chemical properties
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(calcimetry percentage and dissolution rate
constant at pH= 6.5-7, pH= 7-7.5 and pH= 7.5-
8). After data collection, the preprocessing stage
included the removal of incomplete data,
normalization of values to standardize the scale
of features, and initial correlation analysis
between parameters. This stage helped identify
key features affecting the model response and
prevented the entry of outliers and ineffective
data into the models.

Next, univariate and multivariate regression
were used to model the relationships between the
variables. After examining various regression
equations, the most valid relationships were
presented, including those between dry uniaxial
compressive strength (UCS pry) and dry point
load index (Is so-ory) @s dependent variables.

Next, an artificial neural network was used to
increase the prediction accuracy and examine
nonlinear relationships. Finally, the results
obtained from the two regression and neural
network methods were compared with each
other to determine the optimal model in
predicting strength properties. For this purpose,
the correlation coefficient of regression
equations and neural network models was
compared and the measured and predicted values
of regression equations and neural network

models were compared using Boxplot diagrams.
In this study, ArcGIS 10.7 (geological map of
the study area), STATISTICA and IBM SPSS 22
(statistical analyses and regression equations)
and MATLAB R2024a (neural network models)
software were used.

Results and Discussion

After removing outliers, the prediction of
strength properties including UCS, BTS and Is 5o
was performed using univariate regression and
based on other properties. For this purpose, the
univariate regression equations for predicting
UCS bry and Is so-pry are presented in Figure (1).
Due to data limitations or low accuracy of some
relationships, other equations for strength
properties and other properties were not
examined. Based on statistical analyses and
examination of the presented graphs, it can be
concluded that the prediction of UCS pry has
higher accuracy and validity when made using
the porosity percentage, first cycle durability-
deflection index, water absorption percentage
and dry point load index. On the other hand, the
prediction of Is sooy, When using the dry
brittleness index and Schmidt hammer number,
will lead to the most accurate estimate possible
(Figure 1).
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Fig. 1. Univariate regression equation for UCS pry with (a) n, (b) Dry Specific Weight, (c) SDI - 1, (d) Water
Absorption, (e) Is so-ory, (f) Dry P Wave Velocity, (g) Schmidt Hammer and the univariate regression equation of
the Is so-ory With (h) n, (i) SDI - 1, (j) Water Absorption, (k) Bl - Dry, (I) Dry P Wave Velocity and (m) Schmidt
Hammer

Table 1 presents bivariate linear regression
equations for predicting UCS Dry. Of the
examined models, the one with the highest
correlation coefficient (R2 = 0.904) is the
combination of Is 50-Dry and the first cycle
durability-deflection index. This indicates that
these two variables are key and reliable in

estimating UCS Dry. The acceptable accuracy of
most models (R2 > 0.75) suggests that using a
combination of two independent variables can
provide a suitable estimate of UCS dry, reducing
the need for destructive testing and saving time
and money on engineering projects.

Table 1. Bivariate regression equations for predicting UCS pry

Regression equation R?

UCS - Dry = 38.5408+2.5608*yd -4.4504*n 0.7695
UCS - Dry = -4515.6275+46.3942*SDI 1+0.992*n 0.7271
UCS - Dry = 112.1143+0.3968*WA-5.0763*n 0.7306
UCS - Dry =50.5727+11.6236* Is -50 dry -2.342*n 0.846
UCS - Dry = 32.7518+10.199*Vp-2.861*n 0.8015
UCS - Dry = -15.8227+2.4705*SH-1.8038*n 0.689
UCS - Dry = -3080.4912+30.9535*SDI 1+3.746* yd 0.8156
UCS - Dry = 66.3492-10.051*WA+1.4972* yd 0.7368
UCS - Dry= -83.3759+9.1415* Is -50 dry +5.269* yd 0.7921
UCS - Dry= -223.7+6.0615*%Vp+10.6621* yd 0.7576
UCS - Dry = -113.0257+2.5557*SH+3.4453* yd 0.7513
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UCS - Dry = -4309.0517+1.8475*WA+44.3315*SDI 1 0.7057
UCS - Dry = -1391.569+15.0762*Is -50 dry +14.3316*SDI 1 0.904
UCS - Dry = -2606.6519+5.7179*Vp+26.829*SDI 1 0.7428
UCS - Dry = -1241.239+2.9837*SH+12.0997*SDI 1 0.8611
UCS - Dry = 54.1062+11.2115*Is -50 dry -4.9587*WA 0.8747
UCS - Dry = 46.9396+8.841*Vp-5.5358*WA 0.8225
UCS - Dry = -26.0932+2.7775*SH-3.7948*WA 0.7889
UCS - Dry = -14.1437+10.9504*Vp+9.2701*Is -50 dry 0.7116
UCS - Dry=-28.3647+1.4058*SH+12.7173*Is -50 dry 0.7851
UCS - Dry = -71.8693+1.2966*SH+16.2343*V/p 0.6209

The results show that bivariate regression
equations can be used to predict IS 50-Dry with
acceptable accuracy, especially when two
independent variables are combined (Table 2).
Among these equations, those with first cycle
durability-deflection index and either Schmidt
hammer number or dry brittleness index as

inputs perform better, showing a higher
correlation coefficient (R?). For instance, the
regression equation with first cycle durability-
deflection index and Schmidt hammer number
(R? = 0.8445) best fits the data, indicating high
prediction accuracy.

Table 2. Bivariate regression equations for predicting IS so-pry

Regression equation R?

Is-50 - Dry = -49.8074+0.5499*SDI 1-0.1899*n 0.7196
Is-50 - Dry = 5.6589+0.6183*WA-0.5616*n 0.6317
Is-50 - Dry = -11.2301+6.0954*BI dry-0.1494*n 0.6403
Is-50 - Dry = -3.3697+1.5316*Vp-0.0162*n 0.6411
Is-50 - Dry = -1.6533+0.1496*SH-0.1038*n 0.6862
Is-50 - Dry = -36.5192-0.394*WA+0.4156* SDI 1 0.681
Is-50 - Dry = -12.8405+10.9682*BI dry-0.1293* SDI 1 0.8183
Is-50 - Dry = -113.4865+0.4119*Vp+1.1587* SDI 1 0.617
Is-50 - Dry = -16.1767+0.1537*SH+0.1338* SDI 1 0.8445
Is-50 - Dry = -12.6898+6.5721*BI dry-0.2874*WA 0.6421
Is-50 - Dry = -2.1961+1.3032*Vp-0.0676*WA 0.6352
Is-50 - Dry = -2.3387+0.1595*SH-0.1482*WA 0.6864
Is-50 - Dry = -17.8276+0.7884*Vp+6.6247*Bl dry 0.4572
Is-50 - Dry = -17.2769+0.1129*SH+6.1874*BI dry 0.5961
Is-50 - Dry = -4.8271+0.0192*SH+1.5807*Vp 0.503

In Table (3), regression equations for predicting
UCS by and Is so-ory USing a combination of
independent variables are presented. All models
have very high statistical significance values (P
Value <0.05), which indicates the validity and
strength of the established relationships. For all
equations, the correlation coefficient (R?) values
are often high, indicating the power of the
equations to explain a significant percentage of
the changes in the dependent variable. In
predicting UCS pry, equations that use 1S so.ory and

the first cycle durability-deterioration index
along with other variables have had higher
accuracy; in particular, the regression that
includes Is so-ory and the first cycle durability-
deterioration index and porosity (R?=0.9660) has
shown the best performance in predicting this
parameter. Also, several equations have been
proposed for predicting IS soory, in which a
combination of different variables is generally
seen with a high correlation coefficient
(R?>0.90), which indicates the high quality of
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these equations in predicting IS so.ory. In general,
the use of a combination of several effective
variables has increased the accuracy of the
predicted regression. Due to the high values of

the coefficient of determination and statistical
significance of the equations, these relationships
can be used as reliable tools in geological and
rock engineering studies.

Table 3. Multivariate regression equations predicting UCS pry and IS so-ory

Regression equation

P Value R?

UCSgry = 69.3 — 1.58n + 1.39y4,y — 6.65WA

0.0000 0.7374

UCSqry = 100.95 — 3.74n — 1.22Ygry + 7.61S50_ary

0.0000 0.8577

UCSary = —8.32 — 2.33n + 102y, + 1.77SH

0.0000 0.7643

UCSgry = —2381.18 + 2.41n + 24.03 SDI 1 + 19.261s50_qry 0.0000 | 0.9660

UCSgry = 52.87 + 0.45n — 5.7WA + 11391850 4,
y y

0.0000 0.8749

UCSqry = —34.54 + 1.64n — 6.67WA + 2.93SH

0.0000 0.7895

UCSdry = 7.13 — 1.37n + 10.761s50_gry + 0.97SH

0.0000 0.8464

UCSqry = 106.5 + 1.96n — 1.39y4,y — 12.77WA + 7.3IS50_ary 0.0000 0.8692
UCSg4ry = 38.76 — 3.62n + 0.76y4,y, + 0.18WA + 0.97SH 0.0000 0.7531
UCS4ry = 82.73 — 2.93n — 2.24y4,y + 76ls50_gry + 0.93SH 0.0000 0.8893
Isgo—ary = —94.27 — 0.78n + 0.99SDI 1 + 1.32WA 0.0000 0.7634
Isg—ary = 69.21 — 0.06n — 0.98SDI 1 + 12.25BI dry 0.0000 0.9371
Isso—ary = —21.37 + 0.05n + 0.17SDI 1 + 0.18SH 0.0000 0.904
Isgo—dry = —13.95—0.7n + 1.16WA + 7.1Bl dry 0.0000 0.6943
Isso—qry = —0.34 — 0.38n + 0.52WA + 0.12SH 0.0000 0.7

Isso—qry = —7.06 — 0.07n + 2.2Bl dry + 0.13SH 0.0000 0.7

Isso—ary = 44.64 — 0.23n — 0.73SDI + 0.37WA + 11.96Bl dry 0.0000 0.9372
Isso—ary = —46.96 — 0.15n + 0.43SDI + 0.43WA + 0.18SH 0.0000 0.9032
Isso—ary = 49.74 — 0.018n — 0.74SDI + 9.44BI dry + 0.05SH 0.0000 0.9556
Isso—ary = 29.29 — 0.13n — 0.53SDI + 0.28WA + 9.38Bl dry + 0.05SH 0.0000 0.957

This study evaluated various artificial neural
network (MLP) models for predicting UCS Dry
and Iss o -Dry using different combinations of
input parameters. Table 4 summarizes the
parameters of the neural network models
designed for this purpose. All models used the
Tansig activation function in the hidden layers
and the Purelin function in the output layer, a
suitable choice for regression problems.
Regarding the prediction of UCS Dry, the
presence of Iss o -Dry among the input
parameters was found to significantly impact the
accuracy of the models. For example, the model
with inputs Is, , -ory, SH, Y ory and n and the MLP

network structure 2-2-2-1 was able to show very
good performance with an overall correlation
coefficient R2=0.96. For the prediction of Is_ , -
bry, the models that included the SDI1 and Bl pry
parameters as inputs also performed very well.
In particular, the model with Bl pry, SDI1 and n
inputs and the MLP 3-3-1 structure provided one
of the best results with an overall correlation
coefficient of R2=0.99. This emphasizes that the
petrological characteristics and indices related to
the internal structure of the samples play a
decisive role in the correct estimation of the
strength.
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Table 4. Summary of various parameters of neural network models designed to predict UCS pry and IS so-pry
Target Input Net name — - R? H.i dde_n O.Utpl.n
Training | Validation | Test | All | activation | activation
n, Ydry, WA MLP 3-3-1 0.75 0.96 0.52 | 0.75 Tansig Purelin
n, Ydry, IS 50-dry MLP 4-4-1 0.91 0.84 0.78 | 0.89 Tansig Purelin
n, Ydry, SH MLP 6-6-6-1 0.79 0.98 0.68 | 0.80 Tansig Purelin
n, SDI 1, IS s0-dry MLP 4-4-1 1 1 1 1 Tansig Purelin
2 n, WA, IS s0-ary MLP 6-6-1 0.88 0.99 0.92 | 0.90 Tansig Purelin
8 n, WA, SH MLP 4-4-4-1 0.85 0.98 0.91 | 0.87 Tansig Purelin
> n, SH, IS s0-ary MLP 4-4-4-1 0.83 0.97 0.82 | 0.86 Tansig Purelin
n, ydry, WA, IS 50-dry MLP 14-14-1 0.99 0.98 0.46 | 0.90 Tansig Purelin
n, ydary, WA, SH MLP 4-4-4-1 0.82 0.86 0.87 | 0.81 Tansig Purelin
n, Ydry, SH, IS 50-dry MLP 2-2-2-1 0.98 0.98 0.82 | 0.96 Tansig Purelin
n, SDI 1, WA MLP 6-6-1 0.93 0.87 0.87 | 0.91 Tansig Purelin
n, SDI 1, Bl dry MLP 3-3-1 0.99 0.98 0.98 | 0.99 Tansig Purelin
n, SDI 1, SH MLP 2-2-1 0.97 0.99 0.92 | 0.97 Tansig Purelin
n, Bl dry, WA MLP 13-13-1 0.79 0.53 0.80 | 0.77 Tansig Purelin
z n, SH, WA MLP 9-9-1 0.82 0.75 0.43 | 0.76 Tansig Purelin
f n, Bl dry, SH MLP 8-8-1 0.79 0.80 0.86 | 0.80 Tansig Purelin
- n, SDI 1, WA, Bl dry MLP 5-5-1 0.99 0.98 0.99 | 0.99 Tansig Purelin
n, SDI 1, WA, SH MLP 3-3-1 0.95 0.99 0.94 | 0.96 Tansig Purelin
n, SDI 1, Bl dry, SH MLP 3-3-1 0.98 0.99 0.99 | 0.98 Tansig Purelin
n, SDI 1, WA, Bl dry, SH MLP 4-4-1 0.98 0.99 0.98 | 0.98 Tansig Purelin

In order to compare the accuracy of the
presented regression equations with each other
and with the neural network models, the
correlation coefficient values of the relationships
in Figure (2) are compared. The results show that
in most cases the neural network models of UCS
ory prediction perform significantly better and
provide higher R2 values than the other models.

Multivariate regression also performs better than
the simpler models (univariate and bivariate) and
the univariate models have the lowest accuracy.
The general trend is the same for the IS so.ory
prediction models, but the accuracy of the
models is slightly lower than that of the UCS pyy
prediction models (Figure 2).
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Fig. 2. Comparison of the correlation coefficient of regression equations and neural network models for (a) UCS

Dry and (b) IS 50-Dry

Conclusions

This study found that predicting UCS Dry
and Is 50-Dry of limestones in the Sanandaj-
Sirjan zone using only one or two variables does
not provide very high accuracy. Multivariate
regression models that combine physical,
mechanical, dynamic, and chemical properties,
however, perform better and show greater
agreement with the measured values.

The best results in terms of model accuracy
and stability, however, belong to neural

networks (MLP). These models can identify and
model the complex, nonlinear relationships
between input properties and rock strength with
high accuracy and low error dispersion. A
comparison of the correlation coefficients
between the statistical models and the neural
networks revealed that the prediction accuracy
of UCS Dry increased by 14.89%, while the
prediction accuracy of Is 50-Dry increased by
4.70%, when using neural networks instead of
multivariate regression equations.In summary,

n. SDI 1. WA, BL SH
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the neural network method is a more powerful between variables are complex and nonlinear. It
tool than classical statistical models for can have many applications in rock engineering
predicting the strength properties of rocks, projects.

especially in situations where the relationships
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Table 1. Some previous studies have been conducted to predict uniaxial compressive strength and point load index using

statistical methods

Regression equation R? Reference Rock type
UCSqry = —78.94 + 4.61 SH 0.70
UCSgry = —1021 + 447.4 y4 0.41 Tuff
UCSgry = —686 + 4.41 SH + 243 y4 0.84
UCSqry = —77.85 + 3.79 SH 0.86
UCSgry = —266.7 + 147.7 v4 0.86 Moradi et al. (2022) Sandstone
UCSgry = =175+ 2.05SH + 72.6 4 0.89
UCSgry = 341+ 1.32 SH 0.68
UCSqry = —76.49 + 52.01v4 0.63 Marl
UCSgry = —37.5+ 0.866 SH + 23.6 yq 0.73
UCSgry = 16.44 Gs + 19.46 Ygry — 11.72 LogW. A 0.41
— 099 Logn — 52537 Sharifi et al. (2024) Limestone
UCSsat = 82.02 Gs + 210465.7 ys,c — 1.80 LogW. A 0.48
—6.03 Logn — 210665.2
UCS = 14.86 — 0.198n 0.74 Abdulaziz et al. (2024) Carbonate
UCS =4.315+ 1.58 SH 0.91 Limestone
UCS =149 SH—-1.95 0.91 Fadhil et al. (2024) Claystone
UCS = 1.23 SH + 4.89 0.92 Sandstone
Is_50-dry = 7.8 —0.48n 0.84 | Rahimi Shahid et al. (2022) Limestone
UCS = 0.0048 R+ 11.89 0.93
UCS = —0.59 VBP + 63.82 0.63 Taghavi et al. (2023) Breccia
UCS = 0.023 4+ 0.006 R + 0.168 VBP 0.89
UCS = —71.18 + 18.23 ygry +2.52 0+ 9.67 V, 0.53 )
UCS = —24.36 + 5.18 yary + 0.99 1 + 4.44 I;_g, 0.63 _ Different
Khajevand (2023) sedimentary
UCS = —87.18 + 29.61 ygry + 2.25n + 5.34 BTS 0.80 rocks
UCS =1.72 — 4.80 y4ry — 0.28 n + 6.36 BPS 0.77
UCS = 21.53 + 22.51y — 2.03n — 3.38 WA + 8.68 V, 0.92 Setayeshirad et al. (2025) Carbonate
UCS = 18.93 + 14.25 I;_g, + 2.86 BTS 0.91 Rocks
R: Specific Resistivity, VBP: Volumetric Block Proportion, BPS: Block Punch Strength
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Table 2. Some previous studies have been conducted to predict uniaxial compressive strength using neural network methods

Target Input Net name — - R? MSE Reference
Training | Validation | Test | All
UCSay | Gs,n,yay, WA | MLP4-7-1 0.68 0.96 0.51 | 0.64 - Sharifi et al.
UCSsat | Gs,n,ysa, WA | MLP 6-6-1 0.71 0.96 0.99 | 0.78 - (2024)
BTS ary, Is-50-dry, ..
UCSay | WA Vpanp | T EN - - | - | 00067 ATZ'B'Z?)E""
dry

UCS R, VBP ANN 2-5-1 0.96 0.99 0.99 | 0.97 3.59 Taghavi et al.

ucCs R, VBP ANFIS - - - 0.99 2.51 (2023)

UCs n, Ydry, VP ANN 0.99 0.96 0.95 | 0.98 2.42

UCs 1, Ydry, ls-50 ANN 0.95 0.83 0.97 | 0.94 4.90

UCs n, ydry, BTS ANN 0.96 0.95 0.77 | 0.95 4.01

uUCs n, ydry, BPS ANN 0.98 0.92 0.91 | 0.95 3.61 Khajevand

uCs n, Ydry, VP ANFIS - - - 0.98 0.36 (2023)

uCs 1, Ydry, ls-50 ANFIS - - - 0.98 0.40

UCs n, ydry, BTS ANFIS - - - 0.98 0.64

uUCs n, Ydry, BPS ANFIS - - - 0.98 0.61

Y, Iss0, E, VP, Setayeshirad

uCs BTS. n ANN 6-1 - - - 0.91 0.26 etal. (2025)
p dry: Dry density, MLP: Multilayer Perceptron, DNN: Deep Neural Network, PCA: Principal Component Analysis,
MSE: Mean Squared Error, ANN: Actual Neural Network, ANFIS: Adaptive Neuro Fuzzy Inference System, E:
Modulus of Elasticity
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Fig. 1. (a) Map of the structural - sedimentary zones of Iran (Stocklin, 1968) and (b) Map of stone units containing limestone

in the Sanandaj - Sirjan structural zone.
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Table 3. Statistical indicators of engineering geological characteristics

. Descriptive Statistics
Variable - -
Valid N Mean Min. Max. Std.Dev.
Gs 53 2.57 2.40 2.85 0.09
n (%) 134 4.74 0.24 26.63 6.26
Dry Specific Weight (KN/m3) 164 25.39 20.40 2717 1.61
Saturation Specific Weight (KN/m3) 80 24.88 20.11 27.17 1.57
SDI - 1 (%) 123 99.27 96.63 99.91 0.61
SDI - 2 (%) 83 98.78 94.52 99.82 1.04
SDI - 3 (%) 10 99.02 98.61 99.25 0.23
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Y.v

SDI - 4 (%) 10 98.83 98.30 99.17 0.31

SDI - 5 (%) 16 97.36 89.85 99.61 3.28

Water Absorption (%) 121 1.99 0.08 14.38 3.11

Los Angeles (%) 39 28.17 20.77 46.05 6.83

Aggregate Impact Value (%) 81 10.85 5.97 35.79 6.07

UCS - Dry (MPa) 172 79.83 8.90 142.08 33.17

UCS - Sat (MPa) 68 69.78 12.06 134.05 34.19

BTS - Dry (MPa) 86 11.39 2.35 24.59 5.03

BTS - Sat (MPa) 28 10.36 3.87 12.38 2.52

Is-50 - Dry (MPa) 158 4.26 0.82 9.42 1.85

Is-50 - Sat (MPa) 68 3.12 0.95 5.67 1.35

BI - Dry 172 2.65 2.22 2.85 0.15

BI - Sat 68 2.62 2.26 2.83 0.14

Static Yang Modulus (GPa) 13 12.06 3.47 17.80 4.90

Direct shear strength (MPa) 40 14.04 5.41 18.39 3.40

Cohesion (MPa) 18 1.10 0.09 1.67 0.59

Friction angle (Degree) 18 33.08 26.50 37.50 3.68

P Wave Velocity - Dry (km/s) 114 5.28 2.89 7.93 1.14

P Wave Velocity - Sat (km/s) 28 5.81 3.54 6.84 1.05

Dynamic Yang Modulus (GPa) 28 30.93 9.00 50.11 11.64

Dynamic Poisson Ratio 28 0.49 0.29 0.50 0.04

Schmidt Hammer (SH) 118 4527 24.00 58.00 7.32

Calcimetry (%) 85 78.96 58.83 95.00 10.59

Solubility - K (m/s), pH=6.5-7 59 1.87E-05 1.07E-06 6.39E-05 2E-05
Solubility - K (m/s), pH=7-7.5 59 1.36E-05 1.28E-06 5.11E-05 1.5E-05
Solubility - K (m/s), pH=7.5-8 59 8.29E-06 8.01E-07 3.23E-05 9.63E-06
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Fig. 4. Univariate regression equation for UCS pry with (a) n, (b) Dry Specific Weight, (c) SDI - 1, (d) Water Absorption, (e)
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Fig. 6. Comparison of the normal distribution curve of measured and predicted values of univariate regression equations of dry
uniaxial compressive strength with (a) n, (b) Dry Specific Weight, (c) SDI - 1, (d) Water Absorption, (e) Is so-ory, (f) Dry P

Wave Velocity, (g) Schmidt Hammer and the univariate regression equations of the Is so-ory with (h) n, (i) SDI - 1, (j) Water
Absorption, (k) BI - Dry, (I) Dry P Wave Velocity and (m) Schmidt Hammer



Y oosleds VA 0,98 (owiige (gulidyus vy

Gloges y2 40 .0 o ool B 1) adlllae 350 sl Sal i

X _ 31 eolaw! L IS s0- i g
U polie) 308 b (b polin) 5w 5 (K5 zsban 0 15 w00y 5 UGS o iy

i Gias b Dol geaiasplis oS wlassl iy

0y Wi (yg )5
s s poicte i aals 5| calizee Ll o a5 5,0 2lp ;0 UCSbry olyss somdn sl loges (V) JSi y0

Eoban 5 Conslie il 55 S0 (K ol cal oD BT 0 90 S0 5 e e 50
WS e waly3 1 bagss s cilise 2 JEe e 93 plose Sl o) bayloged (ol

soglie 58, w5 silwae jslaie 4 UCS by

180 [@

% 1o

0505304

L HR

50K ,’l::l"l"l,"ia

S
Crteteterd
e

Ean Ba-S$H0
(eayd) R - SO0
(eaw) BG - SO0

(rand Q- SON
() Q- SN

aw) B - $HN
Aeard Ba - SN

Seg) Ba- SO0
pllegr) Ba- SO0
5 o
ear) Ba- SO0

160
40 (m)

0%

(XA

T 2000050585 0 05

GO RILHAREERKE

BRI XX IIRNE
B SNNAS

(X 9

* A?o,o,o,:::.

> Seole
R RS
S taetestetens
CIDESRK LIS XL
o SIS
S RS
20 0020 050050, <
CHHLHKRLL
XA
et

Aeaw Bia- $0
(mapd B - SO0

oo

aw) Ba- DN
, s

Eand R - SO0
(ap - S0

1801 (1)
160

(ean0 M- SO0

KR

3 5 SR

Sratantete sl e lytoe! RS CSRSHSX K

K RSBKIXISKIAEIIE o osatntataiestastatiet el
RSRRSERAEK X, RIS IS KSIIKERED,

SESSEFIMREREEN ISR

“‘?@ SO ! :3::« 50
x 12693

(e Ma- SO0
N

o $$ 0%
% CSBIISKIE
S0 SOS

2055

(Eavd B - S0
(awd Ma- SO0

(O)M 9o ‘_gl.(buw;)) aliSeo QLvo}»a? u_a‘).u.u J.g‘).g Be UCS Dry u‘l..u.’u G ‘_ng)‘bs.o) A% J&w
Fig. 7. Three-dimensional diagram of changes in the UCS bry against changes in various characteristics (bivariate regressions)



V¥

e 5 0t (goum) | gl o = i 95 S SI K aglie olys (i

- ‘a‘so ua.‘>L..u 9 IS 50-Dry v—AS)J L ‘!09-.']/3 (R2:0904)
Cds .yl SISILE 5 galds s UCSopry cpess yo
&S was e ol (RP>0.75) b Joe odél Joud LB
@ 5l pals 4 el ol 4 oy40 el s UCS pry
Oloy ) p9zabpe 5 laanse Lals (oS lagse;]

Dyl oo yin (wdige slaods

Table 4. Bivariate regression equations for predicting UCS pry

S o)...v...a 9o G‘a} UW;) Yol a(f) Jﬁu\? o
ol cds ol jshaieds wloas &1l UCS bry (oo st
el glseas R Siwwed coyo )l Volae
U’“’L”" 5 Ll ol solaul uw)‘).s w.o.aS 9 k.fi"ww"b
Ol 6,loline bLS ) aS 0l aseie UCSpry (oo i
ul...o o ..b)‘é S9>9 UCS Dry )L.\.a.a 9 calises ul....ag.oa?

Sompp upe o el n sladee

UCS Dry (i i 0 i 9 (ygum S, lodloleo .F Jouo

Regression equation R?

UCS - Dry = 38.5408+2.5608*yd -4.4504*n 0.7695
UCS - Dry = -4515.6275+46.3942*SDI 1+0.992*n 0.7271
UCS - Dry =112.1143+0.3968*WA-5.0763*n 0.7306
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UCS - Dry = 54.1062+11.2115*Is -50 dry -4.9587*WA 0.8747
UCS - Dry = 46.9396+8.841*Vp-5.5358*WA 0.8225
UCS - Dry = -26.0932+2.7775*SH-3.7948*WA 0.7889
UCS - Dry = -14.1437+10.9504*Vp+9.2701*Is -50 dry 0.7116
UCS - Dry=-28.3647+1.4058*SH+12.7173*1s -50 dry 0.7851
UCS - Dry = -71.8693+1.2966*SH+16.2343*Vp 0.6209

‘)‘0943 J.m )Q w‘ IS 50-Dry )‘MA » JALC 90 J.:Lw ).uis
b polia) 303 U (omly polie) jow 51 (K zokaw
el Gied b ond swiasplis a5 wlassl S

A 1 xie Ol s aiely 5l calisee blas jo a3 5440

aS ol (gumdn sl loges 5l slacgome Jolis (A) S
e 95 lojed Slpis plp yo 1) 1S s0Dry Sl s
sl b bajleges opl s ol Jies

J...L?U LQQ| RV 9 AJ‘O..\.MJ M)J °)""‘"‘°5‘> dlﬁuﬁm)f)



Y o)Lo.{fa AR 0,90 ‘wwwuw)

Vo

—
CWRIRD

Ean) Q- 05SL
Ean) fa - 05\

Ear) Ba- 0sSy

B -
A . . 3
e % g b
i : g 2
2 P 5
e 2 g
: Z % 2
Z 2 52
i S\
o s

XIIKKIRIIIKN,
0% u":‘:.‘v’:':““:
QSRS XAEXS
SRS
G0 e 2020800209070 %

Eaw) A - 0%t
o
(Raw) Q- 05SL
W o= S

0
C5b TS b
p= R=d & N < -
= n, T 2 &\v
bW 7 o . >
as™
5 APT, 4 =
il oS
<
101
-
A ‘ )
% 6] 5 g
T4t & .
g 3 g 5
S
Z ~
% 2 % .
Do
2z N % £33 e
X > < N S -
Avy = g »'76 = é\%
! ;
( >
2, &
’ 2 AL
> a2 SN g > -
k ' © e
2 T DI
: -
2 ¢ -
P BRI 2 5 6
COOSEXKEREK S ¢
SOSIIISERIREKIEI
KPR IORK XK KSSKIN
2 SSISEIIISIIEEED g4
Z 3 i 2
1 ; 2
- 1
- S 4;’) A
Z :

(o):.!.uo 9o ‘_gl.muw)f)) alise ULJ&W Q‘,:.:.u ).3‘).3 ) Is 50-Dry &-J‘)M G ‘_ng)‘és.o) A J&w
Fig. 8. Three-dimensional diagram of changes in the Is so-ory against changes in various characteristics (bivariate regressions)



\Rl4

e 5 0t (goum ) | gl o = i 95 S SI K aglie LolyS (i

W1 (6355 Olsre |y S (FauSs a3l 5 ol
L Yl RY) (SKtaopd oy g sl (550 o Shoe
Sl prie ol g T, o Jle by saiad oo plis
ol 185 0e g Jol 452 S8y - pled palo
5 oyls esls L1, cels opyue (R?=0.8445)

ol (St YL CE gonimalis
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Regression equation R?

1s-50 - Dry = -49.8074+0.5499*SDI 1-0.1899*n 0.7196
1s-50 - Dry = 5.6589+0.6183*WA-0.5616*n 0.6317
1s-50 - Dry =-11.2301+6.0954*BI dry-0.1494*n 0.6403
1s-50 - Dry = -3.3697+1.5316*Vp-0.0162*n 0.6411
1s-50 - Dry = -1.6533+0.1496*SH-0.1038*n 0.6862
Is-50 - Dry = -36.5192-0.394*WA+0.4156* SDI 1 0.681
Is-50 - Dry = -12.8405+10.9682*BI dry-0.1293* SDI 1 0.8183
1s-50 - Dry = -113.4865+0.4119*Vp+1.1587* SDI 1 0.617
1s-50 - Dry = -16.1767+0.1537*SH+0.1338* SDI 1 0.8445
Is-50 - Dry = -12.6898+6.5721*BI dry-0.2874*WA 0.6421
1s-50 - Dry = -2.1961+1.3032*Vp-0.0676*WA 0.6352
1s-50 - Dry = -2.3387+0.1595*SH-0.1482*WA 0.6864
1s-50 - Dry = -17.8276+0.7884*\/p+6.6247*BI dry 0.4572
1s-50 - Dry = -17.2769+0.1129*SH+6.1874*BI dry 0.5961
1s-50 - Dry = -4.8271+0.0192*SH+1.5807*Vp 0.503
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Table 6. Multivariate regression equations predicting UCS pry and IS so-ory

Regression equation P Value R?

UCSqry = 69.3 — 1.58n + 1.39y4,y — 6.65WA 0.0000 0.7374
UCSgry = 100.95 — 3.74n — 1.22y4,y + 7.61S50_ary 0.0000 0.8577
UCSgry = —8.32 — 2.33n + 1.02y4,y + 1.77SH 0.0000 0.7643
UCSqry = —2381.18 + 2.41n + 24.03 SDI 1 + 19.26ls50_qry 0.0000 0.9660
UCSqry = 52.87 + 0.45n — 5.7WA + 11.391s5_gry 0.0000 0.8749
UCSqry = —34.54 + 1.64n — 6.67WA + 2.93SH 0.0000 0.7895
UCSgry = 7.13 — 1.37n + 10.76ls50_qry + 0.97SH 0.0000 0.8464
UCSqry = 106.5 + 1.96n — 1.39y4,y — 12.77WA + 7.3Is50_qry 0.0000 0.8692
UCSgry = 38.76 — 3.62n + 0.76y4ry + 0.18WA + 0.97SH 0.0000 0.7531
UCSgry = 82.73 — 2.93n — 2.24v4yy + 76lss50_qry + 0.93SH 0.0000 0.8893
Isso_dry = —94.27 — 0.78n + 0.99SDI 1 + 1.32WA 0.0000 0.7634
Isso—dry = 69.21 —0.06n — 0.985DI 1 + 12.25Bl dry 0.0000 0.9371
Isso—dgry = —21.37 + 0.05n + 0.17SDI 1 + 0.18SH 0.0000 0.904
Isso—gry = —13.95 — 0.7n + 1.16WA + 7.1Bl dry 0.0000 0.6943
Isso_gry = —0.34 — 0.38n + 0.52WA + 0.12SH 0.0000 0.7

Isso—dry = —7.06 — 0.07n + 2.2Bl dry + 0.13SH 0.0000 0.7

Isso—dry = 44.64 — 0.23n — 0.735DI + 0.37WA + 11.96Bl dry 0.0000 0.9372
Isgo_gry = —46.96 — 0.15n + 0.43SDI + 0.43WA + 0.18SH 0.0000 0.9032
Isso_dry = 49.74 — 0.018n — 0.74SDI + 9.44BI dry + 0.05SH 0.0000 0.9556
Isso—dry = 29.29 — 0.13n — 0.535DI + 0.28WA + 9.38Bl dry + 0.05SH 0.0000 0.957
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Fig. 9. Curve of changes in mean square error versus number of iterations performed in training, validation, and testing modes
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Table 7. Summary of various parameters of neural network models designed to predict UCS pry and Is so-ory

Target Input Net name — - R? H_idde_n Output
Training | Validation | Test | All | activation | activation

n, ydry, WA MLP 3-3-1 0.75 0.96 0.52 | 0.75 Tansig Purelin

1, Ydry, IS 50-dry MLP 4-4-1 0.91 0.84 0.78 | 0.89 Tansig Purelin

n, ydry, SH MLP 6-6-6-1 0.79 0.98 0.68 | 0.80 Tansig Purelin

n, SDI 1, IS so0-dry MLP 4-4-1 1 1 1 1 Tansig Purelin

g n, WA, IS s0-gry MLP 6-6-1 0.88 0.99 0.92 | 0.90 Tansig Purelin

§ n, WA, SH MLP 4-4-4-1 0.85 0.98 0.91 | 0.87 Tansig Purelin

n, SH, IS s0-ary MLP 4-4-4-1 0.83 0.97 0.82 | 0.86 Tansig Purelin

n, ydry, WA, IS 50-dry MLP 14-14-1 0.99 0.98 0.46 | 0.90 Tansig Purelin

n, ydry, WA, SH MLP 4-4-4-1 0.82 0.86 0.87 | 0.81 Tansig Purelin

n, Ydry, SH, IS 50-dry MLP 2-2-2-1 0.98 0.98 0.82 | 0.96 Tansig Purelin

n, SDI 1, WA MLP 6-6-1 0.93 0.87 0.87 | 0.91 Tansig Purelin

n, SDI 1, Bl dry MLP 3-3-1 0.99 0.98 0.98 | 0.99 Tansig Purelin

n, SDI 1, SH MLP 2-2-1 0.97 0.99 0.92 | 0.97 Tansig Purelin

n, Bl dry, WA MLP 13-13-1 0.79 0.53 0.80 | 0.77 Tansig Purelin

z n, SH, WA MLP 9-9-1 0.82 0.75 0.43 | 0.76 Tansig Purelin

g n, Bl dry, SH MLP 8-8-1 0.79 0.80 | 0.86 | 0.80 | Tansig | Purelin

- n, SDI 1, WA, Bl dry MLP 5-5-1 0.99 0.98 0.99 | 0.99 Tansig Purelin

n, SDI 1, WA, SH MLP 3-3-1 0.95 0.99 0.94 | 0.96 Tansig Purelin

n, SDI 1, Bl dry, SH MLP 3-3-1 0.98 0.99 0.99 | 0.98 Tansig Purelin

n, SDI 1, WA, Bl dry, SH MLP 4-4-1 0.98 0.99 0.98 | 0.98 Tansig Purelin
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