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The determination of rock’s Capillary water absorption (CWA) requires extensive and complex empirical
investigations, while forecasting algorithms could reduce the cost and time required. To achieve this goal,
various rock records were collected from different rock types. For the forecasting model, two techniques named
ANFIS and SVR were developed, with the model parameters determined using the Imperialist Competitive
Algorithm (ICA). The proposed hybrid ICA-SVR and ICA-ANFIS models demonstrate exceptional performance
in predicting CWA, with R? values exceeding 0.9851 and 0.9586 for the testing and training stages, respectively,
indicating a strong correlation between predicted and measured CWA values. Considering all computed
metrics, the SVR model optimized with ICA yielded better results than the ICA-ANFIS model in both testing
and training stages. For example, the R? values for the ICA-SVR model were 0.9758 and 0.9747 for the testing
and training datasets, respectively, with VAF values of 0.9889 and 0.9859 . The ICA-ANFIS model also produced
acceptable results, though its performance was slightly weaker than the SVR model. Compared to a previous
study, the proposed models show a significant improvement in efficiency, with the R? value increasing from
0.708 to 0.9889 . In summary, the enhanced ICA-SVR model can be considered a reliable and powerful tool for
accurately determining the optimal values of the system’s key variables.
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1. Introduction

Stones have been used as construction materials during
the ages. Buildings or monuments made with stone or soil
can be affected significantly by water degrading them [1-5].
Capillary water absorption (CWA) forces can impact the
underground water and rise through stones. The kinetics
of CWA increment provides an indicator for the capability
of the materials to degrade parameters [6]. The degrada-
tion process can be accelerated by capillary impact, lead-
ing to water in some sections of historical constructions
and monuments [7]. The absorption of water in porous
rocks according to CWA impact is the impressive principal

degradation procedure. Through this process, the water’s
movement to a free stage within the porosity of rock can
determine the effective CWA power [8]. The CWA prop-
erties of rocks have a required impact on the composition,
structure, texture, and porousness of rocks [9-12]. Some
reports suggested that CWA has a useful relevance with
porosity [13, 14], and the CWA capacity determines the
pore size [3, 14, 15].

Nowadays, to decline time and expenses, Al adapted
with empirical records is applied [16-19]. Within the simple
method of regression, the link between CWA with its prop-
erties could be considered [13, 20, 21]. The reverse model
of P -wave velocity and CWA is shown in an analysis. An-
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other paper presents that there is a straight connection
between CWA and resistance [13, 20]. In travertine stones,
the CWA value gained by testing the water absorbency by
weight (W, ) and surface porosity in the simple regression
and artificial neural network systems [22] Lately, a study
of existing variables has been carried out and a novel re-
lationship was outputted, reporting the best value of R?
around 0.708 [23]. In order to properly achieve the stones’
attributes, the ANN system could be largely applied in civil
engineering [24, 25].

Determining the rock’s CWA requires arduous and hard
empirical affairs, while forecast algorithms could decrease
the expense and needed time. To reach the aforesaid goal,
several rock records were gathered from rocks of different
kinds. In order to the forecast outline, ANFIS and SVR mod-
els were developed, where the two specification parameters
of ANFIS algorithm and the determinative variables’ best
value of the SVR model were specified by connecting with
the imperialist competitive algorithm (ICA), named ICA -
SVR and ICAANFIS. The current research recency is that
took into account hybrid methods have not been proposed
to forecast the rocks” CWA. To expand considered frame-
works, the collected collection of data for forecasting CWA
from the published study was separated into two sections
after being accidentally classified.

2. Method

2.1. Data collection

Different samples of stone, including metamorphic, ig-
neous, travertine, etc., were collected from Anatolia and
Turkey and studied in a laboratory. These samples were
tested in equal sizes of 20 x 30 x 30 cm [23]. These homoge-
neous samples were tested in the laboratory to obtain CWA
values. There are various methods for obtaining variables;
in the present section, caliper and satiation methods are
used in order to find (W,) and (n) values. The p; value
according to the International Society of Rock Mechanics
(ISRM)) standard [26], was obtained by calculating the sam-
ple weight’s ratio to the mass and cutting the stone from
the middle. The E48 Pulse Generator Unit including two
transducers (frequency of 54 kHz ) [26], was also used to
obtain V. There are several other methods for calculating
CWA, one of these is TS EN 19251925 [27]. The test finished
when the difference in difference among the two calculated
values was less than 1%. The curve drawn slope to show
the diversity in values is CWA.

The dataset gathered from the study was separated into
two parts after being accidentally classified to predict CWA
to extend the mentioned models [23]. The collected dataset
can be divided into the training and testing stages in var-
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Fig. 1. Distribution of input and output variables

ious proportions such as 90/10,85/15,80/20, 75/25, and
70/30, based on the previously published articles. In the
present study, all of these proportions have been analyzed
and the best percentage has been selected. For this purpose,
with a proportion of 75% and 25%, respectively, the dataset
was separated into training and testing data [28]. Impor-
tant parameters to building stones” forecast CWA values,
input variables suchlike V), p4,1, and W,, were selected.
In the following Fig. 1, and Table 1 the descriptive mea-
sures of input and output variables, and their diffusions
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Table 1. Parameters’ descriptive statistics used in models

Input Variables Output Variables
Data Category Index 04 n W, Vp CWA
g/cm’ % % Kms g/m?/s0>
Minimum 1.23 0.19 0.07 0.7 0.3

Maximum 29 36.83 28.27 6.21 533.29

Trainine data Standard deviation  0.4242 10.78  7.4485 1.2489 123.78
& Skewness -0.505 09139 1.3188 -0.161 2.043
Kurtosis -0.8342  -0.47 0.81 -0.743 3.645

Average 22052 11.234  6.449 3.643 70.485
Minimum 1.44 0.86 0.32 2.13 0.73

Maximum 2.68 31.31 21.68 4.81 464.867
Testine data Standard deviation 0.3161 7.5822 5.058  0.7952 98.85
g Skewness -0.776 11714 17671 -0.609 3.099

Kurtosis 0.1577  1.334 3.639  -0.683 12.228

Average 22212 10.241 5.2912 3.746 50.253

were demonstrated, respectively. Table 2 presents the rele-
vance matrix, where the relevance among two parameters
is defined by every value. Observing the table, it proposed
great negative and positive relevance’s among variables,
in which the greatest relevance was among p; and #, and
among W, and n at -0.9610 , and 0.9853.

Table 2. Correlation values of parameters

pan W, v CWP
pa 10 0961 -09406 08514 -0.7772
n 1.0 09853 -0.8194 0.8245
Wa 1.0 -0.779  0.8403
vy 1.0 -0.6445
CWP 1.0

2.2. Employed techniques
2.2.1. Imperialist competitive algorithm (ICA)

Atshapaz-Gargari suggested the ICA, human social evolu-
tion’s simulation in order to dissolve optimization issues
[29]. It can decrypt continuous functions with high perfor-
mance which is recognized as one of the evolution algo-
rithms [30-32]. ICA performs as a global explore algorithm
which is expanded based on imperialist contests and social
diplomacies [33]. Therefore, the most powerful kingdom
can avoid several domains via with their resource. When a
kingdom collapses, different other domains can claim with
every different to claim the region. The following eight
steps can present the ICA kernel. The presented algorithm
shows the ICA method’s pseudo-code.

a. Made the main kingdom and searched zones acciden-
tally;

b. Territory merger: the realms’ position is altered ac-
cording to the location of countries;

c. Accidentally modifications occur in each country’s
characteristics as a revolution;

d. Altering the realm’s position for the kingdom. A
realm with an enhanced position can rise and control the
kingdom, and it would replace the prior kingdom;

e. The kingdoms claimed to conquer the different coun-
tries;

f. The kingdoms which have less power will be defeated
and destroyed. The entire less powerful kingdoms’ realms
will have been wiped out. According to this step, natural
select principles are applied;

g. Check out the stop criteria: if satisfied, stop the com-
petitive process; otherwise, go back to the territory merger
step (phase b).

h. Finish.

2.2.2. SVR

Because of the evaluation of certain issues, a support vector
machine (SVM) was introduced with the capability of great
usages similar to the criterion machine learning proceed
[34]. SVM includes two necessary parts, named support
vector classification (SVC) and SVR, with SVR commonly
used as a standard configuration of SVM [35]. The SVR
algorithm’s base is for the goal values that reach a ¢(x)
function for designing information to plane area demand to
obtain a very flat zone. With help of apperceiving two type
of non-linear and linear regressions, discovering answer in
order to complexed problems is among them [36]. Linear
regression and optimization problems are infeasible to be
used by bulging regarding non-linear issues, non-linear
regression, and optimization issues by SVR could be used
with a bulging computation’s optimization through Kernel
functions in order to move the information collected in
a better dimensional of the information collected in the
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particular zone.

2.2.3. ANFIS

ANFIS has known a smooth calculational algorithm that
merges neurotic methods with the logic of fuzzy [37]. This
organization was generally used in different scopes of engi-
neering [38, 39]. This algorithm can appraise and simulate
the planning relevance among dependent and independent
variables utilizing a merged training term to specify the
most proper fellowship term. The ANFIS’s base is the "if
- then" rules (Fig. 2). This algorithm includes two steps, a
preliminary section and a subsequent section. The infer-
ence organization contains five substrates, every of that
consists of nodes recognized as node terms. These nodes
in the prior substrates released result signals. The function
is dispatched an independent signal toward the sub-layer
when it retouches the result. In this study, circular and
square are as fixed and adaptive nodes were discussed,
which can be adjusted to a parameters’ set, also shown
which they might be entirely refitted in the organization.
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Fig. 2. ANFIS architecture

2.2.4. Hybrid ICA-ANFIS and ICA-SVR

Here, a hybrid SVR model was suggested for the forecast-
ing process. The radial basis function was chosen as the
kernel due to the high correlation and the non-linearity
properties of the dataset. The main duty in the SVR is
indicating the C , sigma, and ¢ best values. So, the ICA
metaheuristic method is selected and connected to the con-
ventional model. Finally, the C, sigma, and & optimized
values concluded as 502.93, 0.4358, and 0.859.

In order to extend the ICA - ANFIS, an initial ANFIS
was produced for the start-up stage. The ICA algorithm
was then used to optimize the earliest model generated. In
this dusty, the membership function characteristics were
optimized by the optimization algorithm. Therefore, RMSE
was evaluated as a target function. Finally, the optimized

ANFIS was generated with the highest iterations and num-
ber of fuzzy terms at 25 and 16.
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Fig. 3. The fitness curve of the models

The proposed models” performance can be further ana-
lyzed by examining the fitness curves, which demonstrate
the relationship between the number of iterations and the
R"2 value for each model. As shown in Fig. 3, the fitness
curve for the ICA - ANFIS model indicates that it converged
earlier than the ICA — SVR model, reaching a stable R?
value after approximately 130 iterations. In contrast, the
ICA — SVR model required a slightly longer convergence
time, stabilizing its R? value after around 150 iterations.
The faster convergence of the ICA - ANFIS model can be at-
tributed to the inherent properties of the ANFIS technique,
which combines the adaptive capabilities of fuzzy logic
and the learning ability of neural networks. The ANFIS
model is able to efficiently capture the complex nonlinear
relationships between the input parameters and the target
CWA values, allowing it to converge more rapidly than the
SVR model. However, despite the earlier convergence of
the ICA - ANFIS model, the ICA - SVR model ultimately
achieved superior performance, as evidenced by the higher
R? values in both the testing and training stages. This sug-
gests that the SVR model, when optimized using the ICA
algorithm, is better able to capture the underlying patterns
and relationships within the dataset, leading to more ac-
curate CWA predictions compared to the ICA — ANFIS
approach.

2.3. Performance evaluation indices

Determination coefficient (Rz), root mean squared error
( RMSE), the difference calculated operator (VAF), and
mean absolute error (MAE), performance index (PI), in-
equality index (IA), scatter index (SI), and objective func-
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tion (OB]J) were calculated as accurate evaluation:
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In these equations, yp shows the pth pattern forecasted

values, tp shows the P pattern objective values, f stands

for the objective values mean, i shows the forecasted values
mean, and P stands for the dataset’s number.

3. Results and discussion

The outcomes of the integrated models for estimating CWA
are presented. As mentioned, the two parameters of ANFIS
and the parameters’ best value in SV R were indicated by
emerging with ICA optimization algorithm. The set of data
was separated into the training (75 percent) and testing
data (25 percent) accidentally. The models’ outcomes were
analyzed by comparing the measured and estimated values,
and the metrics were evaluated, as shown in Table 3 and
Fig. 4.

To have a comparing of the usefulness of the hybrid
models, four appraiser indices such RZ, RMSE, MAE, and
VAF were computed and assessed (Table 3). The concluded
outcomes prove that models have considerable workability
in the estimation CWA s procedure with R?> more than
0.9851 for the training, and 0.9586 for the testing step, ex-
plaining the wonderful relevance among observed and
estimated CWA. Taking account of the entire criteria, the
ICASVR model resulted in proper outcomes compared to
ICA - ANFIS. For instance, the R2, RMSE, MAE, and VAF
’s estimated values are 0.9889, 14.69, 8.83, and 98.59 for the
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Fig. 4. Simulation results of CWA

ICA— SVR for the training step, and 0.9758, 15.79, 9.867,
and 97.47 for the testing step. The ICA ANFIS results are
also justifiable; however, its accuracy is roughly less pow-
erful compared to the SVR, with R? at 0.9851 and 0.9586,
RMSE at 16.889 and 20.13, MAE at 11.19 and 13.22, and
VAF at 98.13, 95.85. Also, comparing this study’s results
with other studies supplies a remarkable enhancement in
precision by raising the R? 0.708 to 0.9889. In conclusion,
the created ICA — SV R model might be known as the well-
performed framework; this is due to the capability to deter-
mine the main model variables’ best values.

The supplied Fig. 5 presents the SVR and ANFIS mod-
els’ performance by presenting the estimated and inves-
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Table 3. The performance appraisal values show during testing and steps

Data Index ICA-ANFIS Rankscore ICA-SVR Rankscore [23]
Train
R? 0.9851 1 0.9889 2 0.708
RMSE 16.8891 1 14.6935 2
MAE 11.1937 1 8.8304 2
VAF 98.1383 1 98.5952 2
PI 0.1203 1 0.1045 2
1A 0.995 1 0.9962 2
SI 0.2396 1 0.2085 2
Test
R? 0.9586 1 0.9758 2
RMSE 20.1321 1 15.7945 2
MAE 13.2205 1 9.8669 2
VAF 95.8547 1 97.4764 2
PI 0.2024 1 0.1581 2
1A 0.9893 1 0.9933 2
SI 0.4006 1 0.3143 2
Overall OBJ 14.8673 12.1177
Summated score 14 28

tigated CWA, and the histogram plot of residual CWA.
Fig. 5 demonstrates the considerable correlation between
CWA values. Also, the histogram plots prove that the more
normal distribution and cases around zero residual line,
the largest accuracy, in which both SVR and ANFIS mod-
els have approximately analogous diffusions, while the
ICA — SVR specify the most proper outputs.

°

"
R TR T A )
Residual CWA, [g/mn¥s?]
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Fig. 5. Results of the models

The results of the FAST (Fourier Amplitude Sensitivity
Test) sensitivity analysis are presented in Table 4. The FAST
technique was employed to evaluate the relative impor-
tance and contribution of the various input variables in
determining the target CWA values. As shown in Fig. 3,
the FAST sensitivity analysis provides valuable insights

into how each input feature influences the model outputs.
The results indicate that several input parameters have a
significant effect on the CWA values, as evidenced by their
high ST (total sensitivity index) values. Specifically, the in-
put parameters with ST values greater than 0.9 were found
to have the most considerable influence on the CWA pre-
dictions. These include the porosity (1) with an ST value
of 0.99566, the P-wave velocity (V) with an ST of 0.97424,
the water absorption (W,) with an ST of 0.96191, and the
dry density (p;) with an ST of 0.91121. The high ST val-
ues for these input parameters suggest that they are the
most critical factors in determining the CWA of building
stones. This information is crucial for understanding the
underlying relationships within the dataset and can help
guide future research and modeling efforts. By identifying
the key input variables that have the greatest impact on the
CWA, the FAST sensitivity analysis provides a clear indi-
cation of which parameters should be the primary focus
when attempting to optimize or improve the accuracy of
CWA predictions. This knowledge can inform the selection
of input features, the design of experimental studies, and
the development of more robust and reliable forecasting
models.

Table 4. FAST sensitivity analysis results

Input variable
04 n W, Vp

ST 091121 0.99566 0.96191 0.97424

Index

The performance of the proposed models can be further
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evaluated using the Taylor diagram analysis, which pro-
vides a comprehensive visualization of the models’ ability
to accurately predict the target CWA values. The results of
the Taylor diagram analysis are presented in Fig. 6, with
separate diagrams for the training and testing stages. The
Taylor diagram allows for the simultaneous assessment of
three key statistical metrics: the standard deviation (SD),
the correlation coefficient (R), and the root-mean-square
difference (RMSD) between the predicted and observed
CWA values. The closer the model’s data point is to the
reference point (the green dot on the x-axis), the better the
model’s performance in predicting the CWA. As shown in
Fig. 6, for both the training and testing phases, the data
point corresponding to the ICA SVR model is located closer
to the reference point than the ICA - ANFIS model. This
indicates that the ICA-SVR model demonstrates superior
performance in terms of accurately predicting the CWA
values, with a higher correlation coefficient, lower RMSD,
and standard deviation closer to the observed values. The
improved performance of the ICA-SVR model can be at-
tributed to its ability to capture the complex nonlinear re-
lationships between the input parameters and the CWA
output more effectively than the ICA - ANFIS approach.
The Support Vector Regression (SVR) technique, when opti-
mized using the Imperialist Competitive Algorithm (ICA),
appears to be better suited for modeling the underlying
patterns in the data, leading to more accurate CWA pre-
dictions. In contrast, the ICA - ANFIS model, while also
demonstrating acceptable performance, is slightly farther
from the reference point in the Taylor diagram, indicating
a lower correlation, higher RMSD, and greater deviation
from the observed CWA values. This suggests that the
hybrid ANFIS model, even when optimized with the ICA
algorithm, may not be as effective as the ICA SVR model in
capturing the nuances of the CWA prediction problem. The
insights provided by the Taylor diagram analysis reinforce
the findings from the previous sections, further highlight-
ing the superior predictive capability of the ICA — SVR
model compared to the ICA - ANFIS approach for the CWA
forecasting task.

4. Conclusion

Determining the rocks’ capillary water absorption (CWA)
requires arduous and hard empirical affairs, while fore-
caster algorithms could decrease the expense and needed
time. The integration of the Imperialist Competitive Algo-
rithm (ICA) with Adaptive Neuro-Fuzzy Inference System
(ANFIS) and Support Vector Regression (SVR) models sig-
nificantly enhances the predictive accuracy and efficiency
for determining rocks’ capillary water absorption (CWA).
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Fig. 6. Results of the models

For the prediction outline, two ANFIS and SVR analyses
were developed, where the ANFIS method’s two specifi-
cation parameters and the determinative variables’ best
value of the SVR model were specified by connecting with
imperialist competitive algorithm (ICA), named ICA-SVR,
and ICA-ANFIS. The principal outcomes are as follows:

¢ ICA-optimized models (ICA-ANFIS and ICA-SVR)
demonstrated superior accuracy in predicting CWA
by effectively tuning critical parameters. Both mod-
els significantly reduced the time and resources re-
quired compared to traditional empirical methods.
Also, these models provide a streamlined, accurate,
and efficient approach for predicting CWA, beneficial
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for various engineering and geological applications.

The success of ICA-ANFIS and ICA-SVR models il-
lustrate the transformative potential of combining
optimization algorithms with machine learning tech-
niques. This approach not only enhances predictive
accuracy but also paves the way for broader applica-
tions in other complex predictive tasks across different
fields. Future research could explore further refine-
ments and applications of these optimized models,
potentially revolutionizing how we approach predic-
tive modeling in various scientific and engineering

domains.

The suggested combined ICA-SVR and ICA-ANFIS
models” outcomes to predict the building stones CWA
by considering four performance evaluator criteria
show that two models have unbelievable efficiency
in the CWA’s forecast procedure with R? larger com-
pared to 0.9851, and 0.9586 in the learn and exam step,
defining the significant relevance among recorded and
predicted CWA.

Taking into account the entire computed criteria, the
SVR model optimized with ICA resulted in finer out-
comes than ICA-ANFIS in both testing and training
step. For example, the computed R%, RMSE, MAE,
and VAF are 0.9889, 14.69, 8.83, and 98.59 for the ICA-
SVR for the training phase, and 0.9758, 15.79, 9.867,
and 97.47 for the testing portion, respectively. The
outcomes of the ICA-ANFIS were also reasonable, but
its workability was weaker than the SVR, with R? at
0.9851 and 0.9586, RMSE at 16.889 and 20.13, MAE at
11.19 and 13.22, and VAF at 98.13 and 95.85, respec-
tively. Moreover, comparing the findings of a present
article with the literature presents an incredible en-
hancement in usefulness by raising the value of R?
from 0.708 to 0.9889. Overall, the created ICA-SVR can
be found as the outperformed system.

The proposed ICA-SVR model demonstrated excep-
tional performance in predicting the CWA of rocks,
outperforming the ICA-ANFIS approach. The ICA-
SVR model achieved R? values exceeding 0.98 in both
the testing and training stages, indicating a strong
correlation between the predicted and measured CWA
values. The results of the FAST sensitivity analysis and
Taylor diagram analysis further confirmed the superi-
ority of the ICA-SVR model, which can be considered a
reliable and powerful tool for accurately determining
the optimal values of the system’s key variables.

Appendix. Utilized data in the testing portion

P4 n W, Vy CWA

2.3 868 377 39 16.04
266 1.23 046 4.81 1.28

2.29 8.4 3.68 3.8 8.19
1.8 2133 1211 2.73 197.44
232  5.65 241 3.78 6.08
2.68 0.86 0.32 4.34 0.73
1.88 9.84 523 3.89 12.15
2.05 1398 6.83 4 40
222 12.3 553 357 46.68
1.61 26.6 1649 2.39 164.73
2.38 895 3.79 3.19 7.33
2.48 6.5 262 4.27 9.68
2.34 6.3 269 4.76 8.32
219 1213 554 3.35 5.32
144 3131 21.68 213 464.867
2.43 3.46 143 4.65 5.83
256 4.81 1.88 4.44 4.46
2.55 1.77 0.7 4.32 0.98
2.4 4.04 1.69 438 3.65
2.51 4.37 1.74 4.67 4.16
194 1484 764 264 65.18
219 13.76 6.29 3.14 45.91
1.78 19.53 1096 2.28 118.5
2.28 7.16 314 397 10.52
2.25 8.23 3.66 4.25 8.3
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