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Citation: Topçuoğlu, Y.A.; Duranay,

Z.B.; Gürocak, Z.; Güldemir, H.

Determination of Basalt Fiber

Reinforcement in Kaolin Clay:

Experimental and Neural

Network-Based Analysis of Liquid

Limit, Plastic Limit, and Unconfined

Compressive Strength. Processes 2025,

13, 377. https://doi.org/10.3390/

pr13020377

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Determination of Basalt Fiber Reinforcement in Kaolin Clay:
Experimental and Neural Network-Based Analysis of Liquid
Limit, Plastic Limit, and Unconfined Compressive Strength
Yasemin Aslan Topçuoğlu 1 , Zeynep Bala Duranay 2,* , Zülfü Gürocak 1 and Hanifi Güldemir 2

1 Department of Geological Engineering, Firat University, Elazığ 23119, Türkiye; yaslan@firat.edu.tr (Y.A.T.);
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Abstract: The use of basalt fibers, which are employed in various fields, such as construc-
tion, automotive, chemical, and petrochemical industries, the sports industry, and energy
engineering, is also increasingly common in soil reinforcement studies, another applica-
tion area of geotechnical engineering, alongside their use in concrete. With this growing
application, scientific studies on soil reinforcement with basalt fiber have also gained mo-
mentum. This study establishes the effects of basalt fiber on the liquid limit, plastic limit,
and strength properties of soils, and the relationships among the liquid limit, plastic limit,
and unconfined compressive strength of the soil. For this purpose, 12 mm basalt fiber was
used as a reinforcement material in kaolin clay at ratios of 1.0%, 1.5%, 2.0%, 2.5%, and
3.0%. The prepared samples were subjected to liquid limit, plastic limit, and unconfined
compressive strength tests. As a result of the experimental studies, the fiber ratio that
provided the best improvement in the soil properties was determined, and the relationships
among the liquid limit, plastic limit, and unconfined compressive strength were established.
The experimental results were then used as input data for an artificial intelligence model.
The used neural network (NN) was trained to obtain basalt fiber-to-kaolin ratios based on
the liquid limit, plastic limit, and unconfined compressive strength. This model enabled the
prediction of the fiber ratio that provides the maximum improvement in the liquid limit,
plastic limit, and compressive strength without the need for experiments. The NN results
were in great agreement with the experimental results, demonstrating that the fiber ratio
providing the maximum improvement in the soil properties can be identified using the NN
model without requiring experimental studies. Moreover, the performance and reliability
of the NN model were evaluated using 5-fold cross-validation and compared with other
AI methods. The ANN model demonstrated superior predictive accuracy, achieving the
highest correlation coefficient (R = 0.82), outperforming the other models in terms of both
accuracy and reliability.

Keywords: artificial intelligence; basalt fiber; liquid limit; plastic limit; kaolin clay; neural
network; soil reinforcement; unconfined compressive strength

1. Introduction
The primary principle of successful fill work is the use of soil that possesses the

desired engineering properties for the fill. However, accessing such soils is not always
possible. In such cases, improving the engineering properties of the soil to be used and
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rendering it suitable for fill applications becomes crucial. Since historical times, various
types of additives with distinct characteristics have been added to soils to achieve chemical
stabilization. Materials such as slaked lime, silica fume, fly ash, lime, volcanic ash, and
tuff, which continue to be used today, induce pozzolanic reactions in soil, thereby ensur-
ing its chemical stabilization. In recent years, the increasing use of fibers with different
properties in automotive, construction, and mechanical engineering applications has led
to numerous studies [1–3] on their physical, mechanical, chemical, and elastic properties.
Additionally, fibers have begun to be used as an alternative to chemical stabilization in soil
reinforcement applications.

Fiber reinforcement involves adding different types of fibers, such as carbon,
polypropylene, and glass, to soil, enhancing the strength of clayey soils. As the use of fibers
in soil reinforcement has become more widespread, the number of scientific studies in this
field has also increased [4–15]. In addition to these fiber types, basalt fiber (BF), a relatively
new type of fiber, has been incorporated into soil reinforcement applications in recent years.
BF has a high modulus of elasticity and excellent heat resistance. It possesses a significant
acoustic resistance capacity and is an outstanding vibration isolator. Additionally, it ex-
hibits high corrosion resistance and is biologically stable and chemically inert [16]. With
these properties, it can be considered a green and sustainable material. Compared to glass,
carbon, or mineral fibers, BF has a lower environmental impact. Due to its high rigidity and
low elongation at break, BF has attracted the attention of material scientists as a potential
substitute for steel and carbon fibers [17]. These properties have also led to its growing
importance in soil reinforcement applications in recent years. Derived from basalt rock,
which is abundantly available, BF has become increasingly preferred over other fiber types
due to its economic and natural properties, eco-friendliness, sustainability, and high tensile
strength. Studies investigating the effects of BF on the engineering properties of soils have
examined changes in the liquid limit (LL), plastic limit (PL), permeability, compressibility,
and strength of various soils reinforced with BF. Numerous studies have been conducted to
explore the effects of BF on soil strength [18–23].

In these studies, the optimum BF length and ratios that provide the highest strength
in different types of soils have been investigated. For instance, Gao et al. [18] reported
the optimum BF length as 12 mm and the optimum ratio as 0.25%. Gürocak and Aslan
Topçuoğlu [21] achieved the maximum unconfined compressive strength (qu) in low-
plasticity kaolin clay (K) using 1% BF-reinforced samples prepared with 25% water content.
Ndepete and Sert [24] indicated that when using 24 mm long BF, the optimum ratio should
be 1.5%. Ocakbaşı [25] stated that in highly plastic clay, the maximum strength values were
observed in mixtures prepared with a 24 mm BF length at a ratio of 2.0%.

Although there are numerous studies examining the changes in the strength of clayey
soils after BF reinforcement, studies investigating the changes in the consistency of BF-
reinforced clayey soils are relatively limited. Aravalli et al. [26] stated that when 12 mm
long BF is used in clayey soils, an increase in the BF content leads to decreases in the
LL, PL, and plasticity index (PI) values, making the soil less plastic. According to the
researchers, during the LL test, the static forces in the BF are converted into frictional forces
as a result of the impacts generated. This creates resistance against the sliding and flowing
of the soil, thereby reducing the consistency limits of the soil. In the study conducted by
Chaudhary [27], it was determined that the LL values of clayey soil reinforced with 3%, 6%,
9%, 12%, and 15% BF decreased up to a 9% BF content and increased thereafter, while the
PL values increased up to a 12% BF content and then decreased. The researcher explained
that the reduction in the LL was due to the tendency of the fibers to absorb water or
moisture from the soil, thereby making the soil more stable. Khudhair et al. [28] reinforced
low-plasticity clayey soil with BF and cement, finding that as the BF content increased, the
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LL decreased, the PL increased, and consequently, the PI decreased, making the soil less
plastic. Mukhtar and Kumar [29] observed that in clayey soil reinforced with 12 mm BF,
the LL, PL, and PI values decreased as the BF content increased. They attributed these
reductions to the transformation of static forces in BF into frictional forces during the LL
test impacts. This friction makes the soil more resistant to sliding and flowing. Aishwarya
and Priya Rachel [30] noted that in sandy clay soil reinforced with BF, the LL and PL values
increased with increasing BF content, resulting in a decrease in the PI. Numerous similar
studies in the literature can be found where the experimental results are evaluated using
traditional statistical methods.

However, utilizing various advanced intelligent methods, such as artificial neural
networks (ANN), genetic algorithms, fuzzy logic, and particle swarm optimization, to
evaluate existing experimental data has become increasingly important in recent years.
This approach not only demonstrates the applicability of new evaluation methods in
geotechnical studies but also provides an opportunity to compare the results obtained
from intelligent systems with those derived from traditional methods. A limited number
of researchers [31–37] have evaluated the changes in the engineering properties of fiber-
reinforced soils using intelligent methods. In the study by Armaghani et al. [31], the
increase in strength was determined by using polypropylene fibers of different lengths and
ratios in sandy soil. Hybrid ANN-based models, namely genetic algorithm (GA)-ANN
and particle swarm optimization (PSO)-ANN, were used in the study to predict the shear
strength parameters of the soil. It was stated that the GA-ANN model could provide
a new feasible model for effectively predicting the cohesion of fiber-reinforced sandy
soil. In the study by Garg et al. [32], models were developed using an extreme learning
machine (ELM) to calculate the compressive strength of soil reinforced with different fiber
types, such as coconut, jute, water hyacinth, and polypropylene. According to the study’s
results, the predictive accuracy of the ELM models appears to be sufficiently reasonable
for estimating the compressive strength of fiber-reinforced soil. In the study conducted by
Tiwari and Satyam [33], the effects of pond ash and polypropylene fibers on soil strength
were investigated, and experimental data were analyzed using an ANN. The results of the
ANN modeling demonstrated an excellent prediction of the mechanical properties. In the
study conducted by Gül and Bashir [34], changes in the strength of glass fiber-reinforced
soil were determined. An ANN was used to develop a model to predict the relationship
between the soil strength and various reinforcement parameters. It was stated that the
developed ANN could assist researchers in achieving the optimal fiber reinforcement ratio
for a specific type of soil. Sungur et al. [35] aimed to predict the shear strength of clayey
soil reinforced with glass fibers using an adaptive neuro-fuzzy inference system (ANFIS).
Analyzing the statistical parameters revealed that the data split of 80% for training and 20%
for testing yielded the most accurate results in shear strength prediction using the ANFIS
model. In the study conducted by Sert et al. [36], BFs of different lengths were mixed with
clay at different ratios, and their strengths were determined. The obtained dataset was
used to train machine learning algorithms. The results demonstrated that decision tree
(DT) regression provided the best performance in predicting stress and deformation.

1.1. Contributions of This Study

In this study, the effects of BF on the LL, PL, and strength properties of soils in
geotechnical engineering were investigated. For this purpose, mixtures of K and BF in
various proportions were prepared, and the prepared samples were subjected to LL, PL,
and qu tests to determine their soil properties.

The experimental results obtained from these tests were utilized as input data for
an artificial intelligence (AI) model. The relationships among the LL, PL, and qu in soils
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are inherently nonlinear and influenced by multiple interdependent factors. The neural
network (NN) approach was chosen for this study due to its ability to model complex and
nonlinear relationships among variables, which is particularly important in geotechnical
engineering applications. Traditional statistical or analytical methods often struggle to
accurately capture these intricate interactions, whereas NNs are well-suited for identifying
patterns and relationships within complex datasets.

A review of the literature reveals that there are limited studies evaluating the changes
in the strength, LL, and PL of clayey soils reinforced with different fiber types using
AI techniques. Moreover, while various fiber types have been used in these studies, no
research has evaluated the results of clayey soils reinforced with BF using AI methods.
Therefore, there is a lack of a practical and efficient model for accurately predicting these
improvements. Developing a model capable of predicting the optimal BF ratios to achieve
the best results without conducting experimental studies, using an AI-supported approach,
aims to fill a significant gap in the current literature.

1.2. Research Purpose

The primary objective of this research is to address the identified gap in the literature
by providing an AI-driven solution for predicting the optimal BF ratios required to improve
soil properties. Specifically, the study seeks the following:

• Determine the effects of 12 mm BFs on the LL, PL, and qu properties of soils.
• Examine the relationships among the LL, PL, and qu.
• Identify the optimal fiber ratio that provides the best improvement in soil properties

by using different ratios of BF in K.
• Develop an NN model using experimental data to predict the optimal BF ratio based

on the LL, PL, and qu values.
• Demonstrate the accuracy of the NN model in predicting the fiber ratio that optimally

enhances soil properties without experimental studies.

1.3. Innovative Aspects

This study introduces a novel approach distinct from those commonly observed
in the literature. Instead of predicting the strength obtained from experimental studies
based on predefined mixture ratios, this research focuses on estimating the mixture ratios
required to achieve specified values of strength, LL, and PL. This reverse methodology
offers a practical and efficient way to optimize soil properties without requiring additional
experimental studies.

Moreover, this study demonstrates the application of AI, specifically NN, in geotech-
nical engineering, bridging the gap between experimental and computational methods. By
doing so, it provides a sustainable and eco-friendly solution for soil stabilization using BF,
which is naturally abundant and cost-effective.

2. Materials and Methods
In laboratory studies, kaolin, a clay type composed of aluminum hydrosilicate

(Al2Si2O5(OH)4) formed through the in situ weathering of volcanic/magmatic rocks, was
chosen. K produced from the kaolin quarry in Balıkesir—Sındırgı (Türkiye) was used
(Figure 1a). As the reinforcing material, 12 mm long BF produced from dark-colored,
fine-grained volcanic rock was employed (Figure 1b).

BF is a continuous filament produced by melting basalt rock at 1450 to 1500 degrees
Celsius and drawing it through a bushing made of a platinum rhodium alloy [38]. The
chemical composition of BF includes SiO2, Al2O3, Fe2O3, MgO, CaO, Na2O, and TiO2 [39].
Depending on the tensile conditions, the tensile strength of pure BF ranges between 2 and



Processes 2025, 13, 377 5 of 17

4 GPa [40]. The mechanical and physical properties of the BF used in the experimental
studies were obtained from the company from which the BF was purchased and are
presented in Table 1.
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Table 1. Physical and mechanical properties of BF.

Feature Value

Length fiber 12 mm
Diameter of monofilament 15 ± 1.5 µm

Humidity Max 2%
Modulus of elasticity 90 GPa

Tensile strength 3000 MPa
Thermal conductivity 0.031–0.038 W/mK
Elongation at break 3.5%

Density 2.63 g/cm3

2.1. Laboratory Studies

The experimental studies consisted of stages, including preparation of the samples,
determination of the LL and PL values, and conducting standard Proctor and unconfined
compression tests. All experiments were carried out at Firat University, Department
of Geological Engineering, Rock—Soil Mechanics Laboratory. The LL and PL values
of the unreinforced clay were found to be 45.00% and 24.00%, respectively, with a PI
value of 21.00%, [21] a wopt value of 25%, and a γdmax value of 13.01 kN/m³ [23]. In the
classification, kaolin was categorized as low-plasticity (CL) clay according to the Unified
Soil Classification System (USCS) [21]. The geotechnical properties of the unreinforced clay
used in the study are shown in Table 2.

Table 2. Geotechnical properties of unreinforced clay used in the study [21,23].

Properties LL (%) PL (%) PI (%) Soil Class wopt (%) γdmax (kN/m³)

Values 45 24 21 CL 25 13.01

During the preparation of the reinforced clay samples, K dried in an oven at 105 ◦C for
24 h was mixed with BF separated by a compressor (Figure 1c) at the following percentages:
1.0%, 1.5%, 2.0%, 2.5%, and 3.0% by dry weight. LL and PL tests were conducted according
to the ASTM D4318-17e1 standard [41] to determine the LL and PL values of the samples
(Figure 2a–c). The LL values of the reinforced samples ranged from 38.80% to 42.30%, the
PL values ranged from 26.00% to 28.00%, and the PI values ranged from 10.80% to 16.30%.
All test results are presented in Table 3.
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Table 3. The LL, PL, PI, and qu values of the samples.

Samples LL (%) PL (%) PI (%) qu (kPa)

K 45.00 24.00 21.00 294.08
K + 1.0% BF 40.50 26.40 14.10 767.95
K + 1.5% BF 40.20 27.70 12.50 829.11
K + 2.0% BF 38.80 28.00 10.80 949.06
K + 2.5% BF 39.50 27.41 12.09 905.60
K + 3.0% BF 42.30 26.00 16.30 800.77

K: kaolin clay; LL: liquid limit; PL: plastic limit; PI: plasticity index; qu: unconfined compressive strength.

To ensure a homogeneous distribution of the BF within the clay during the preparation
of the reinforced clay samples for unconfined compression tests, mixing was performed
using a mixer and by hand (Figure 3a). The prepared mixtures were compacted at their
wopt using the standard Proctor test according to the ASTM D698-12e2 standard [42]
(Figure 3b), and cylindrical specimens for unconfined compression tests were extracted
from the compacted samples.
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In the final stage of the experimental studies, unconfined compression tests were
conducted on 30 samples according to the ASTM D2166M-16 standard [43], and the qu

values were calculated. The test was performed on cylindrical specimens with a height of
76 mm and a diameter of 38 mm, prepared from mixtures compacted in a Proctor mold
(Figure 3c,d). The qu values for all samples are presented in Table 3.
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2.2. Neural Network

AI is a multidisciplinary field focused on enhancing the ability of computers to per-
form tasks such as learning, problem-solving, and decision-making by replicating human
cognitive abilities [44]. AI is widely applied in various sectors, including healthcare, de-
fense, energy, and engineering [45–49]. Commonly utilized AI techniques include NN,
linear regression (LR), support vector machines (SVM), and Gaussian process regression
(GPR). In this study, the experimental data were processed through multiple AI algorithms,
with the NN being identified as the most efficient model.

NNs are sophisticated computational tools designed to emulate the structure and
behavior of biological neural systems [50]. These networks interpret input data and produce
optimal outputs based on predefined criteria, making them highly effective in tackling
nonlinear challenges.

Figure 4 illustrates the core elements of the NN system used in this study. These
included the input layer, hidden layer, and output layer. The input layer serves as the
starting point, receiving the input data. The data are then processed in the hidden layer,
which acts as an intermediary, applying weights to the input data to uncover complex
patterns. Finally, the output layer provides the predictions according to the input data.
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In this study, a single hidden layer was employed, as it was sufficient to model the
relationships between the input and output variables. The architecture was optimized to
achieve a balance between the learning capacity and computational efficiency. Figure 4 also
shows the connections between these layers, emphasizing the flow of information from the
input to the output layer through the hidden layer.

Training the NN model involves dividing the input data into subsets for training,
testing, and validation. These subsets are used to fine-tune the network through various
optimization algorithms, enabling the system to effectively capture the relationships be-
tween the inputs and outputs. With their inherent nonlinear capabilities, high memory
efficiency, and rapid processing speeds, NNs provide a powerful approach to addressing
complex computational problems.

Figure 5 represents the fundamental steps in constructing and utilizing a NN model.
Initially, the input and output parameters are defined based on the problem requirements.
Following this, data are entered for training and validation purposes to ensure the model
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can learn and generalize effectively. Next, an appropriate NN model structure is deter-
mined, including factors like the number of layers and neurons. The model is then trained
using the provided data, and its performance is validated against the validation dataset. If
the obtained results are satisfactory, the process progresses to the creation of a Simulink
of the model. However, if the results are not satisfactory, the process returns to the model
training step, allowing for modifications to the number of layers and neurons to optimize
the model’s accuracy and performance.
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Consequently, the ability of NNs to deliver practical, fast, reliable solutions and robust
accuracy and performance has increased their adoption in lots of engineering disciplines
and their potential for sophisticated engineering applications [37,50–52].

3. Results and Discussion
3.1. Experimental Results

The LL value of the unreinforced clay was 45.00%, whereas in the reinforced samples,
the LL values ranged from 38.80% to 42.30%. The minimum LL value was determined in
the K + 2.0% BF sample, while the maximum LL value was in the K + 3.0% BF sample.

The PL value of the unreinforced clay was 24.00%, while in the reinforced samples,
the PL value ranged from 26.00% to 28.00%. The minimum PL value was determined in the
K + 3.0% BF sample, while the maximum PL value was in the K + 2.0% BF sample.

The PI value of the unreinforced clay was 21.00%, while the PI values of the reinforced
samples ranged from 10.80% to 16.30%. The minimum PI value was determined in the
K + 2.0% BF sample, while the maximum PI value was in the K + 3.0% BF sample.

It was determined that the LL values of the reinforced samples decreased by 6.00% to
13.78% compared to the unreinforced clay sample. The PL values increased by 8.33% to
16.67%, and the PI values decreased by 22.38% to 48.57% (Table 4).
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Table 4. Changes in LL, PL, PI, and qu values of reinforced samples compared to unreinforced clay.

Samples LL
(% Change)

PL
(% Change)

PI
(% Change)

qu
(% Change)

K + 1.0% BF −10.00 10.00 −32.86 161.14
K + 1.5% BF −10.67 15.42 −40.48 181.93
K + 2.0% BF −13.78 16.67 −48.57 222.72
K + 2.5% BF −12.22 14.21 −42.43 207.94
K + 3.0% BF −6.00 8.33 −22.38 172.30

(−): Indicates a decrease in values.

After BF reinforcement, the LL values of the soil decreased due to the water absorption
properties of the fiber, making the soil more stable [27]. This reduction in the LL is attributed
to the conversion of static forces in the BF into frictional forces due to impacts during the LL
test. As a result, the soil became more resistant to shear and flow [26,29]. The decrease in
the LL values of the BF-reinforced samples led to a reduction in the soil plasticity, resulting
in a soil with higher strength [53].

The qu value of the unreinforced clay was found to be 294.08 kPa [21]. In this study,
the unconfined compression tests conducted on samples reinforced with 1.0%, 1.5%, 2.0%,
2.5%, and 3.0% BF resulted in qu values of 767.95 kPa, 829.11 kPa, 949.06 kPa, 905.60 kPa,
and 800.77 kPa, respectively (Table 3). The addition of BF resulted in an increase in the qu

values of the samples in all mixtures. However, after the 2.0% BF reinforcement, the qu

values decreased slightly (Figure 6). The qu values of the reinforced samples increased by
161.14% to 222.72% compared to the qu value of the unreinforced clay (Table 4).

Figure 6. Changes in the LL, PL, PI, and qu values of the soil depending on the BF ratio.

The decrease in strength with an increasing fiber ratio was explained by Gao et al. [18]
as follows: As the BF content increases, the interaction between the fibers and the soil
intensifies. However, the frictional resistance between the fibers is significantly lower
than the surface forces between the fibers and soil particles. This makes it difficult for
external forces to convert into internal fiber forces in the form of surface forces, hindering
the prevention of overall soil deformation. When the BF content is too high, electrostatic
interactions between the fibers promote the clustering of fiber filaments within the soil
sample, which complicates the even distribution of the fibers. This results in the formation
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of weak stress regions that are not conducive to stress transfer. Consequently, an excessive
amount of fibers may reduce the reinforcing effect of the fibers.

Furthermore, with increasing fiber content, clustered fibers may not have direct contact
with soil particles; hence, the bonding effect between the fibers and soil weakens. An
excessive fiber concentration tends to create a weak structural surface in the soil, leading to
a decrease in the soil strength [14]. In this study, the qu values increased up to 2.0% BF, but
with further additions of BF, the strength decreased due to fiber clustering, which reduced
the bonding effect between the fiber and the soil.

When the results of the experimental studies are evaluated together, it can be observed
that the changes in the LL, PL, and PI values of the clay, as well as the changes in the qu

values, are consistent with the BF reinforcement ratio (Figure 6). The most crucial parameter
in this alignment among the parameters was the BF reinforcement ratio. Indeed, as the BF
ratio increased, there was an increase in the qu and PL values, while the LL and PI values
started to decrease. Upon reaching the 2.0% BF ratio, both the qu and PL values reached
their maximum, while the LL and PI values reached their minimum values at this BF ratio.
With the BF ratio exceeding 2.0%, decreases in the qu and PL values and increases in the LL
and PI values began.

3.2. Simulation Results

In this study, experimental tests were conducted to determine the proportions of BF
and K corresponding to each LL, PL, and qu value. These proportions were stored in lookup
tables for use in the NN model.

The LL, PL, and qu values obtained from the experimental study were the input data
for the NN model used in this research. The BF and K proportions were designated as
the output data of the NN model. Thus, the NN model employed in this study was a
one-input, two-output system. The outputs of the NN model were BF and K, while the
input was either the qu, LL, or PL. The number of hidden neurons was determined through
a trial-and-error approach and set to five. The structure of the NN model used in this study
is presented in Figure 7.
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A total of 30 data were utilized in this study. Among these, 20 data were used for
training, while 5 data each were allocated for validation and testing. Thus, the data were
distributed for training, validation, and testing at 70%, 15%, and 15%, respectively.

Separate NN models were developed in the Matlab/Simulink Environment based
on the values of LL, PL, and qu. In each of the developed NN models, the appropriate
output values for the BF and K proportions were predicted based on the input values. The
Simulink block diagrams that generated outputs for the sample input values for each NN
model are presented in Figures 8–10.

The diagram shown in Figure 8 represents the NN model that predicted the appro-
priate BF and K proportions based on the LL input value. Upon examining the model, for
a LL value of 38.8%, the corresponding proportions of K and BF were determined to be
97.78% and 2.216%, respectively.
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The diagram shown in Figure 9 illustrates the NN model that predicted the appropriate
BF and K proportions based on the PL input value. In the model output, for a given PL
value of 28%, the corresponding proportions of K and BF were determined to be 98.03%
and 1.963%, respectively.
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Figure 10 presents the NN model that predicted the appropriate BF and K proportions
based on the qu value. For a qu value of 949.06 kPa, the model predicted that the mixture
should contain 99.96% K and 2.043% BF.
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To examine the performance of the NN model used in this study, the actual values
obtained from experimental studies were compared with the predicted values generated by
the NN model. The examples are presented in Table 5. The appropriateness of the prediction
outputs generated by the NN model with the actual results obtained experimentally is
shown in Table 3. In Table 3, the rows highlighted in bold represent the data used in
the Simulink diagrams shown in Figures 8–10. It can be observed that all three models
predicted results very close to the experimental data.
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Table 5. Comparison of experimental and ANN outputs.

Inputs Sample
Experimental Outputs ANN Outputs

K
Ratio (%)

BF
Ratio (%)

K
Ratio (%)

BF
Ratio (%)

LL (%)

1 45.00 100 0 100.00 00.00
2 40.50 99 1.0 97.84 2.161
3 38.80 98.0 2.0 97.90 2.099
4 39.50 97.5 2.5 97.78 2.216

PL (%)

1 24.00 100 0 100.00 00.00
2 26.40 99.0 1.0 98.98 1.023
3 28.00 98.0 2.0 98.03 1.963
4 27.41 97.5 2.5 97.37 2.629

qu (kPa)

1 294.08 100 0 100.00 00.00
2 797.95 99 1.0 97.68 2.324
3 949.06 98.0 2.0 97.96 2.043
4 905.60 97.5 2.5 97.93 2.074

However, it is important to note that the deviations observed, especially at lower BF
ratios, were primarily due to the limited representation of lower BF ratios in the dataset
used to train the NN model. As a result, the model’s generalization capability in this range
may be slightly reduced.

As shown in Table 5, when the BF ratio is 2%, the values obtained from the experimen-
tal data are in complete agreement with the results predicted by the NN model. In cases
where the BF ratio is less than or greater than 2%, some deviations are observed between
the experimental and NN model results. These deviations do not significantly detract from
the overall validity of the NN model and highlight areas for future improvement in model
training datasets.

In this study, the Levenberg–Marquardt algorithm was employed, and the regression
coefficient (R) was calculated as 0.99 for each tree model. The proximity of the R value to
1 indicates that the model’s output closely aligns with the actual values. The regression
curves of the model are presented in Figure 11 for verification.
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Finally, to ensure that the ANN model was not overfitted or underfitted during the
training phase, the model was tested using data that were not used in the training process.
The experimental data used for testing were not included in the training or validation
phases, ensuring the independence of the test set. As a result of the test, the R and RMSE
values were found to be 0.99 and 0.2, respectively. The regression curve corresponding to
the NN model with the LL input is presented in Figure 12.
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As part of the evaluation process, a 5-fold cross-validation method was used to test the
reliability of the model. This method is important for evaluating models because it helps
avoid overfitting, confirms the model’s reliability, and checks its ability to make accurate
predictions based on new data [46,47]. In this process, the dataset was divided into five
parts. The model was trained on four parts and tested on the remaining one. This was
repeated five times so that each part was used for testing once, making the evaluation more
reliable and consistent.

In this study, the performance and reliability of the model were assessed by comparing
it with other AI methods, such as GPR, ensemble, SVM, LR, and DT, using the 5-fold
cross-validation method.

The performance metrics are illustrated in Figure 13 as a radar chart, providing a
visual comparison of the NN model with other AI methods, including the LR, SVM, DT,
GPR, and Ensemble methods. Specifically, the NN model achieved the lowest RMSE value
of 0.44936, indicating the smallest error between the predicted and experimental outputs.
Moreover, the NN model exhibited the highest correlation coefficient (R = 0.82), suggesting
an agreement between the predicted and experimental results.

In contrast, other models, such as the LR, SVM, DT, GPR, and Ensemble methods,
showed higher RMSE values, ranging from 0.53925 to 0.57154, and lower R values, ranging
from 0.68 to 0.72. These findings highlight the better predictive accuracy and reliability of
the NN model in this study.

In the radar chart, the values increase from the inner point to the outer. Compared
to the other methods, since the R value of the NN is closest to 1, it is in the outer ring of
the radar chart, and since its RMSE value is the lowest, it is in the inner ring compared to
the others.
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4. Conclusions
In this study, 12 mm long BF was used as a reinforcement material in K at different

ratios, and LL, PL, and unconfined compression tests were conducted to investigate the
changes in the LL, PL, PI, and qu values of the soil due to BF reinforcement. The experimen-
tal results obtained from these tests were used as input data for an AI model. This study
aimed to identify the proportions of K and BF by considering the LL, PL, and qu values.
The effects of different BF ratios on soil behavior were evaluated, and the most suitable
mixture ratios were determined. Additionally, the accuracy and predictive capability of
the NN model were demonstrated, highlighting the effective application of AI methods
in geotechnical engineering and materials. In summary, this study successfully combined
experimental and analytical approaches to provide a practical solution.

It offers a practical tool for predicting the optimal BF ratio to achieve desired soil
properties, eliminating the need for labor-intensive experiments. It also contributes to
sustainable engineering practices by promoting the use of BF, a naturally abundant and
environmentally friendly material, as a reinforcement agent. Moreover, this study demon-
strates the potential of integrating artificial intelligence into geotechnical engineering.

In this study, low-plasticity K was selected as the soil type to be reinforced, and 12 mm
long BF was used in various proportions. Therefore, it should be noted that the optimum
fiber ratio determined in this study is applicable to low-plasticity clays but may not be
suitable for different soil types. In the future, studies focusing on the use of BF with varying
lengths and proportions in different soil types are necessary.

Similarly, the NN model developed in this study is also specific to the low-plasticity
kaolin clay used in the experiments, and its applicability to other soil types requires further
investigation. Additionally, the model’s accuracy is contingent on the quality and quantity
of the experimental data used for training, meaning that a limited dataset could restrict its
generalization capability. Moreover, the effectiveness and robustness of the NN model were
assessed through 5-fold cross-validation and benchmarked against other AI techniques,
including the LR, SVM, DT, GPR, and Ensemble methods. The ANN model exhibited
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exceptional predictive performance, attaining the highest correlation coefficient (R = 0.82)
and surpassing the other models in both precision and dependability.

Additionally, the data obtained from this study will contribute to the literature on the
use of BF, which is naturally abundant and produced from basalt rock, as an eco-friendly
and sustainable reinforcement material in soil stabilization applications.

Although the use of BF in engineering applications is becoming increasingly common,
it also has significant limitations. One of the most important limitations is the need for
different BF proportions in different soil types. Therefore, it is necessary to determine the
optimum BF ratio based on the soil type. Another important limitation is the application
depth in BF reinforcement studies. While it is easier to use in fill soils, applying this
reinforcement technique to deeper soils is more challenging. To implement this application,
it is necessary to conduct studies requiring equipment and qualified personnel, such as
those involved deep mixing methods.
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