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Sustainable engineering of
fiber-reinforced geopolymer-
treated low plasticity clay linking
geomechanics and microstructure
through support vector machines
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The variations in soft soil exhibiting low plasticity often damage lightweight structures, costing
billions annually. Although well-known traditional stabilizers are efficacious, their production can
have a massive environmental impact. This paper investigates the geomechanical efficiency of low-
plasticity clay reinforced with chemically treated banana fiber (CTBF) and EnviroSafe geopolymers,
comprising alkaline solutions and industrial waste materials. The proportions of coal gangue ash
(CGA) replacement with silica fume (SF: 0-20%) were varied in the alkaline solution by maintaining

a 0.4 water-to-solid ratio. A series of consolidation, compression, shear, and penetration resistance
tests were performed to determine the geomechanical properties. In addition, Stereoscopic, Fourier-
transform infrared (FTIR) spectroscopy, and Thermogravimetry analysis (TGA) tests were conducted at
varying CTBF-SF mixture dosages. The study demonstrated a substantial improvement in the strength
characteristics of CGA-SF in geopolymer-stabilized low-plasticity clay. The results of SF (>10%) in
CGA-based geopolymer stabilizer soil attained the lowest equilibrium void ratio over the unreinforced
soil. Furthermore, a support vector machine (SVM) algorithm model was proposed to predict the
geomechanical strength of fiber-reinforced alkaline soil, and the results showed an excellent predictor
of geomechanical strength performance.

Keywords Low-plasticity clay, Banana fiber reinforcement, Alkaline activated material, Shear strength ratio,
Support vector model

Poor mechanical properties and inadequate load-bearing capacity of the infrastructure resting on soft ground
are significant concerns in geotechnical engineering. Because of the swift development of infrastructure, it is
extremely challenging to deal with different clays having fluctuating characteristics during the construction
phase, which generally includes a variety of problematic soils (i.e., soft, swell-shrink, hydrophilic, liquefiable,
acid sulfate, peaty, saline, organic, collapsible soils, among others)!=3. Of these, the low-plasticity clays generally
exhibit high natural moisture content?, high compressibility’, strong rheological characteristics®, weak
permeability and low shear strength’, high natural permeability and poor load-bearing capacity®, which leads to
a multitude of problems in the form of uncontrolled distortion as well as structural instability>. These soils are
broadly distributed throughout the globe in more than 40 countries. Their properties are mainly governed by both
macro-factors (i.e., surcharge, water drainage circumstances, consolidation time, and depth), as well as micro-
factors, such that the complex characteristics serve as the concentrated representation of their microstructural
properties'. Such soils are detrimental to civil engineering structures and require treatment using various
stabilizer materials. Nowadays, the non-traditional nano-chemical stabilization is superior to conventional
stabilizing techniques owing to its cost-effectiveness and enhanced environmental conservation!!~%. The
worldwide increase in greenhouse gas emissions has been primarily attributed to the utilization of fossil
fuels at the gross level for power generation and domestic purposes'>!®. Within the context of coal mining
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wastes, coal gangue (CG) is considered a heterogeneous waste produced during the mineral processing or coal
cleaning phase of the mining process. It is noteworthy to mention that millions of tonnes of CG are recorded
to be stockpiled (= 20-40% of the entire mining waste) at different coal mines on a global scale. Asian regions,
especially Chinas substantial coal production, reaching 4.13 billion tons in 2021, have led to a significant
increase in CG production (743 million tons, representing a 5.84% rise). Additionally, the cumulative storage
of CG approaches approximately 7 billion tons (i.e., almost 6.79% of China’s arable land) from more than 2,000
gangue hills that cover around 200,000 mu. It is also pertinent to mention that the annual growth rate exceeds
800 million tons. The substantial accumulation poses a serious environmental and land-use challenge. Various
researchers have proved the successful utilization of CG in geotechnical applications, especially in expansive
s0il!7-20, Wang et al.?! examined the influence of various alkali activators on the strength and microstructure of
geopolymers formed from CG calcined at 700°C. NaOH concentrations, liquid-solid ratios, and Na,SiO,/NaOH
ratios were varied, and achieved the rapid improvement in shear strength and compactness of the geopolymer
under optimal activator. The inclusion of fines to CG changes its gradation from poorly graded sand to silty
sand. Also, the geotechnical indices of the CG depict its potential application in the form of fill material. The
presence of silica and alumina imparts a pozzolanic nature to CG, whereas quartz and kaolinite render it a
suitable geomaterial. In addition, its California Bearing Ratio (CBR) value, as well as its collapse behavior, also
guarantee that it can be employed as subgrade material'>?2. Moreover, the carbon footprint assessment (CFA) on
CG applications reveals a substantial reduction in carbon emissions. For instance, these emissions are reduced
by 3210 kg CO,e/m? (in case of embankment construction in contrast to traditional fill materials), 1709 kg
CO,e/m? (in case of mechanically stabilized earth wall), 1168 kg CO,e/m? (in case of plain embankments), 14.4
kg CO,e/m? (in case of reinforced earth walls), and 135.4 kg CO,e/m? (in case of subbase material)>*-2°,

It is imperative to mention that various machine learning (ML) tools or Al techniques, especially in geo-
environmental engineering, are found to be immensely reliable and practical tools to solve complex problems
with perplexed dynamics?*?’. In this context, the addition of CG to expansive black cotton (BC) soil revealed
that CBR values decrease beyond 40% CG due to reduced cohesion. However, the inclusion of CaO ameliorated
the CBR values, with the 6CaO and 40CG combination showing superior performance®®. While predicting the
UCS and CBR of chemically treated CG with the help of ANN and random forest (RF) approaches, Ashfaq et
al.?® found that the UCS of CG exhibited an increasing trend when the CaO amount, gypsum content, and CP
were increased. Note that the maximum value of 1,050% was obtained for 1.5% gypsum and 6% CaO inclusion.
In yet another study by Amin et al.*’, the neural network-based models demonstrated strong performance with
R values of 0.993, 0.995, and 0.997 for UCS, unsoaked CBR, and soaked CBR, respectively. Furthermore, both
the CBR and UCS witnessed a significant increase when stabilizer content was incorporated, thereby surpassing
those of untreated low-plasticity clay (CBR = 3.862 and UCS = 0.8097) that met the construction standards
(Krishna et al., 2023). Compared to the other learners, for instance, ANNs, the support vector machine
(SVM) approach provides an improvement in the functionality because it usually achieves a better learning
convergence with a simpler search optimization®!, whereas ANNs can get stuck in local extrema without a proper
optimization”’”. Given tree-based models, such as regression trees or Random Forests (RF), SVM:s exhibit better
abilities to comprehend the non-linearity among variables. Also, SVMs exhibit good generalization performance
suitable for tasks where the model needs to perform well on unseen data. However, like other machine learning
models, these models require hyperparameter tuning when developing predictive models. The tuning can be
done manually by repeatedly changing settings. On the contrary, SVMs have shown great compatibility with
hyperparameter optimization methods, which render them even more of a viable option for developing ML-
based predictive models*.

The present study primarily focuses on utilizing residual industrial waste in alkali-activated material as a
smart, sustainable, and cost-effective soil stabilizer. This study aims to improve the geomechanical behavior
of low-plasticity clay through geopolymerization, utilizing chemically treated banana fiber (CTBF) as a
reinforcement material under varying coal gang ash-silica fume proportions. The research also analyzes a series
of microstructural and geotechnical behavior tests on CTBE, CG ash, silica fume (i.e., CTBF-CGA-SF)-based
geopolymer soil. To the best of our knowledge, the existing literature does not cover the CBR and UCS of CG-
stabilized low-plasticity clays using the SVM method. Although past studies have utilized various Al tools for
predicting CBR values, they face limitations such as sensitivity to hyperparameters and a lack of interpretability.
The current study aims to overcome these constraints, thereby providing an enhanced prediction model that is
essential for informed decision-making across various applications.

Material properties

Low-plasticity clay

For this investigation, low-plasticity clay was taken from a site located in Telangana’s Nalgonda district. The
collection involved disturbed samples extracted from a shallow depth of nearly 15 centimeters below ground
level. According to the classification criteria outlined in the Unified Soil Classification System (USCS), the soil
type is classified as Intermediate Compressible Clay (CI), containing approximately 55% fine-grained material.
The acquired soil samples exhibited a semi-black appearance and contained a substantial amount of clay loam.
Before use, these soil samples were pulverized and subsequently subjected to a 24-hour drying process at around
105 °C. Moreover, this type of clayey soil, commonly found in Telangana, is renowned for its problematic
characteristics, particularly its behavior regarding moisture content and compressibility. In-situ measurements
using a rapid moisture meter revealed a high soil moisture content accompanied by low shear strength.

Coal gangue Ash and silica fume
Coal Gangue Ash (CGA) and Silica fume (SF) used in this study were sourced from Bhupalpally Singareni
Collieries, Telangana, and Jindal South-West (JSW) Cement Limited, Vishakhapatnam, respectively. Both CGA
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Fig. 1. Particle size analysis of materials.

Properties Low-plasticity clay | CGA | SF | Parameter UBF
pH 7.9 7.18 | 11.5 | Diameter (um) 38
Specific gravity 2.5 251 | 2.5 | Specific gravity 0.88
Swelling Index (%) 78 19 - Tensile strength (MPa) | 125
Liquid limit (%) 42 28 - Elastic modulus (MPa) | 3250
Plasticity index (%) 29 - - Cellulose (%) 58
Dry unit weight (g/cc) 1.7 21 2.4 | Hemicellulose (%) 16
Water content (%) 21 17.5 |- Lignin (%) 10
UCS (kPa) 198 - Ash (%) 3
Indirect tensile strength (kPa) | 24 - Wax (%) 1
Soaked CBR (%) 2.28

Swelling pressure (kPa) 68

Table 1. Engineering properties of clayey soil, CGA, SE, and fiber materials.

and SF employed in this study conform to ASTM C618% and ASTM C989%". These materials were used as dry
precursors in the preparation of the alkaline binder. Figure 1 illustrates the particle size distribution curves
for CGA, untreated soil, and the geopolymer-stabilized subgrade soil. A detailed summary of the engineering
properties of the constituent materials is presented in Table 1.

Fiber treatment

Untreated banana fibers (UBF), with lengths ranging from 20 to 30 mm and diameters less than 33 pm, were
procured from Go-Green Industries, Tamil Nadu. The dimensional attributes of the fibers—particularly their
length and diameter are recognized as critical factors influencing their effectiveness in soil reinforcement
applications. Many researchers have demonstrated that natural fiber lengths between 20 mm and 40 mm can
effectively resist higher friction and mobilization, as well as interfacial bonding, under low desiccation and
soil surface cracking conditions®®3°. Hence, in the present research, fiber lengths between 20 and 30 mm were
selected as an optimum length in AA-stabilized soil. Moreover, before reinforcing the banana fiber in the soil
mixture, the fiber was chemically treated with calcium hydroxide (Ca(OH),) to delay the degradability and
serviceability. A step-by-step procedure for treating fibers is shown in Fig. 2. Initially, the raw banana fibers were
immersed in water for 24 h, followed by boiling for 30 min to remove waxy coatings and reduce the presence
of natural oils on the fiber surface. The dried fibers were then placed in a 1000 mL solution of Ca(OH), (12
Molarity) for seven days, facilitating thorough absorption of the solution into the fiber matrix. After treatment,
the fibers were rinsed with clean water to eliminate any remaining calcite deposits. Finally, the processed fibers
were dried at a controlled temperature of 23 + 2 °C for seven days. The chemical composition of low-plasticity
clay, CGA, SE, and both untreated banana fiber (UBF) and CTBF is provided in Table 2.
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Fig. 2. Chemical treatment process of banana fiber.

SiO, 23.40 51.20 (8520 | 1.86 | 1.30
ALO, 5.12 26.10 | 3.60 | 0.30 | 0.0

CaO 4.60 2.10 | 1.10 | 20.50 | 45.60
K,0 2.70 1.80 | 0.89 | 0.80 | 2.30
MgO 7.96 0.70 | 1.01 | 0.10 | 0.00
PO, 1.60 020 | 0.08 | 1.50 | 4.30
Na,O 44.65 0.14 | 0.81 |70.20 | 20.10
Cl 0.60 0.06 | 0.65 | 1.30 | 2.40
SO, 0.20 005 | 1.16 | 1.30 | 3.50
FE,O, 4.90 260 | 0.50 | 0.30 | 7.10

Table 2. Chemical composition of clayey soil, CGA, SF, UBE, and TBE.

SAC,oF, | 102.42 6257 | 0.00 | 165 |2028 |17.98
SAC,.F, | 10242 5944 | 312|165 [2028 | 17.98
SACyoF,, | 102.42 5631 | 625|165 [2028 |17.98
SACyF,, | 102.42 50.06 | 1251 | 165 |20.28 | 17.98
SA(CyF,, | 102.42 4380 | 1877 | 165 |2028 | 17.98

Table 3. Required quantities of geopolymer for subgrade soil with varying CGA-SF Ratios.

Alkali-activated materials or geopolymer preparation

Alkali-acActivated materials (AAM) were prepared by mixing CGA and SF with an aqueous alkaline activator
solution. The activator was prepared by maintaining a mass ratio of 280:129.43:120:10.57%" for CGA, sodium
silicate (Na,SiOs), SE, and sodium hydroxide (NaOH), respectively. The solution was produced by combining
crushed NaOH pellets with a liquid Na,SiO, solution, both procured from Hychem Laboratories, Hyderabad,
India. The Na,SiO; solution contained around 30% silicon dioxide (SiO,), 15% sodium oxide (Na,O), and 54%
water (H,O). To obtain the optimal geopolymer composition, CGA and SF were blended in varying proportions,
with CGA ranging from 100% to 80% and SF from 0% to 20%. Table 3 presents the dosage of alkaline binder

required per cubic meter of low-plasticity clay for each CGA-SF mixture.
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Sample mixing and curing

The geopolymer paste was uniformly blended with low-plasticity clay using different combinations of CGA:
80-100% and SF: 0-20%, maintaining a moisture-to-solid ratio of 0.4 in the alkaline activator. The geopolymer
dosages of 1%, 3%, 6%, and 10% (based on the dry weight of soil) were initially evaluated for soil stabilization
before fiber reinforcement. To minimize data clustering, a 6% geopolymer binder was selected as the optimal
stabilizer, incorporating CGA-SF ratios of 100:0, 95:5, 90:10, 85:15, and 80:20, respectively, based on cost
efficiency, workability, alkali reactivity, binding capacity, and shrinkage resistance. Various CTBF reinforcement
dosages were mixed into the geopolymer-treated soil and covered with dampened jute sheets, allowing curing
under ambient conditions for 28 days. After curing, the CTBF-geopolymer soil composites were subjected to
detailed microstructural and geotechnical testing. Table 4 presents the terminology used for CTBF-CGA-SF
-based geopolymer-stabilized soil.

Methodology

Microstructural characterization

Microstructural investigations—including stereomicroscopy, Fourier-transform infrared (FTIR) spectroscopy,
and thermogravimetric analysis (TGA)—were performed on untreated banana fiber, CTBE and low-plasticity
clay stabilized with CGA-SF-based alkali-activated mixtures. Surface topography of the soil was examined
using a stereo microscope (Olympus SXZ7) operated at various magnifications (1x, 2.5%, 4.5x, and 5.6x), with
a resolution capability of up to 20 um. Molecular bond transmittance was analyzed using a potassium bromide
(KBr) pellet-based FTIR spectrometer (JASCO-4200). Spectral data were recorded across a wavenumber range
of 4000-500 cm™ for both fiber and geopolymer-stabilized soil matrices. In addition, thermal degradation
behavior was evaluated through thermogravimetric analysis using a Shimadzu DTG-60 analyzer, applying a
controlled heating rate of 10 °C/min to approximately 15 mg of sample under a nitrogen atmosphere, with
temperature reaching up to 800 °C.

Geotechnical characterization

A series of soil behaviour and mechanical strength testing, including consolidation, compression, and penetration
resistance, was performed on geopolymer-stabilized soil, and CTBF-reinforced geopolymer composites
containing varying proportions of SF-CGA. The relationship between void ratio (e) and effective stress (o) was
examined using a 3-cell consolidometer setup in accordance with ASTM D2435. Both untreated and treated
specimens were sandwiched between porous stone in a consolidation ring of 6 cm diameter and 2 cm thickness.
Measurements of sample height and percentage swelling were recorded at 24-hour intervals under a preload of
6.5 kPa, with loading continued until a peak effective stress of 800 kPa was achieved.

The unconfined compressive strength (UCS) of the soil was evaluated by preparing soil-fiber composite
specimens within cylindrical molds of 3.8 cm diameter and 7.6 cm height. Load was applied using a strain-
controlled compression testing apparatus with a maximum capacity of 20 kN, operated at a constant strain
rate of 1.25 mm/min. The improvement in shear strength due to fiber addition was quantified using the shear
strength ratio (CSR), expressed in Eq. (1), which represents the ratio of UCS (kPa) for fiber-reinforced (i.e.,
CTBF) soil to that of unreinforced soil.

CSR — UCS(crBr=0.25, 0.5, 0.75, 1%) 1)

UCS zerocTBF

Penetration resistance of CTBF-geopolymer stabilized soil containing SF and CGA was evaluated using the
CBR method under a 15 cm diameter cylindrical mold. The compacted CTBF-soil composite specimens were
submerged in water for 4 days, and penetration was applied using a 5 cm diameter plunger at a constant strain
rate of 1.25 mm/min. Additionally, the subgrade resilient modulus (M) (MPa) was determined from the
corresponding CBR values (%) using Eq. (2), in accordance with the guidelines provided in IRC:37%!:

Mp =17.6 x (CBR)*® )

Support vector-based modelling

SVMs have demonstrated strong effectiveness in addressing high-dimensional problems involving function
approximation, feature selection, classification, and predictive modeling. It is pertinent to mention that SVMs
are advantageous due to their efficacy in high-dimensional spaces, robustness in dealing with the problem
of overfitting, adaptable kernel functions, and improved performance in cases of small datasets. However,
some of their main limitations include being computationally expensive, sensitivity to parameter tuning,

Combination

Sample definition

All percentages of Coal Gangue ash and Silica fume were kept at 100% in the geopolymer paste. | SA, C,F,: Binder prepared with various %age of geopolymer

S=Low-plasticity clay F = Silica fume A=AAM/geopolymer C=Coal Gangue ash

Mixing of geopolymer paste into the soil at 1, 3, 6, and 10% x=% of coal gangue ash (100, 95, 90, 85, and 80%)
y=% of Silica fume (0, 5, 10, 15, and 20%)
. . . SA_C,F,SA, C,.F
eopolymer-treated soil cured for a 28-day curing period 6 210070 °%6 795 5
geopoy Y i SAg Coolip SAg CgsF 5 SAG CyoFyg

Table 4. Sample mix definition for CTBF-CGA-SF stabilized soil.
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lower transparency, and limited efficiency with noisy datasets. It is essential to recognize that the benefits
and drawbacks of SVMs can vary depending on the specifics of the challenge and the dataset available when
employing SVM-based modeling to evaluate the strength characteristics of fiber-reinforced CG. As a result, it
is highly recommended to conduct extensive testing with various algorithms and evaluate their performance
before deciding on the best strategy for a given scenario. Furthermore, leveraging its kernel type, the SVM
approach proves to be a powerful machine learning model that can effectively substitute traditional regression
analyses. The SVM model can be mathematically represented as Eq. 3.

Gi=w"Y (z)+b 3)

where y(x,) stands for a kernel function that maps the input data to a desired linear or nonlinear feature space,
wT denotes the weight vector, and b refers to the intermediary coordinate of the regression hyperplane. Although
SVMs can classify and predict based on the predictive model, the type of kernel functions, as well as their
hyperparameters, both affect the final accuracy. Therefore, it is important to develop predictive models by
incorporating the optimized hyperparameters. Note that there are several optimization methods, such as (i)
search-based methods (i.e., random search and grid search)?! and (ii) (meta)heuristic methods (i.e., evolutionary
and population-based methods)**. Further details about the evolutionary hyperparameter optimization of ML
methods can be found in Chen et al.*2.

This study employs three types of baseline models: the plain SVM with manual settings, Grid search-based
SVM (GS-SVM), and genetic algorithm-optimized SVM (GA-SVM), to ensure the validity of predictions. Hence,
a variety of hyperparameter optimizations are employed, which also allows for the comparison of the prediction
power of the developed models. Moreover, it is imperative to effectively refine the experimental observations of
bias, missing observations, and multicollinearity before developing the predictive models. Accordingly, three
predictive input parameters, namely, CGA, SE, and BE, were adopted to predict the response behaviour of two
output variables (i.e., UCS and CBR). Consequently, Figs. 3 and 4 illustrate the pairwise relationships among
variables, along with their statistical distributions. These pairplots are effective for exploring the relationships
between variables in the dataset and identifying trends in variables. As shown in the aforementioned figures,
the diagonal histograms display the marginal distributions, and the remaining graphs illustrate the pairwise
correlations. Based on the experimental observations, Figs. 3 and 4 suggest that, with increasing BF and SE, the
strength characteristics (CBR and UCS) decrease. In contrast, the CGA increases, leading to reduced UCS and
CBR values. Considering the pairs of variables, the experimental observations also suggest the existence of a
negative correlation between SF and CGA. Hence, SF is inversely related to CGA. However, there is no tangible
correlation between the three input attributes. These observations indicate that the effects of SF and CGA can
be correlated, while BF does not correlate with other input variables. Noticeably, the effects of input variables on
the predicted strength characteristics can be identified later based on the predictive SVM models. Noticeably,
225 entries of experimental observations have been incorporated into two portions to formulate the SVM-based

T T T T T T T T
90 95 100 0 5 10 15 20 .0 06 08 1.0 500 1000 1500 2000
CGA SF BF ucs

=1

Fig. 3. Pair plots of statistics, correlation among input/output variables while processing the UCS dataset.
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Fig. 4. Pair plots of statistics, correlation among input/output variables while processing the CBR dataset.

models. After splitting the data randomly, 80% of the entries were used for training the models, whereas the
remaining portion was used to test the predictions. These predictive models help to identify the influential
variables on the prediction outputs (i.e., UCS and CBR).

SHAP (SHapley additive exPlanations) analysis

To move beyond predictive accuracy and understand how the input variables influence the model’s output,
we employed SHAP (SHapley Additive exPlanations). SHAP is a state-of-the-art method from cooperative
game theory used to explain the output of any machine learning model. It provides a unified framework for
model interpretation, offering both consistency and local accuracy. The core of SHAP is the Shapley value,
which represents the average marginal contribution of a feature value to the prediction across all possible
feature combinations. For each prediction, SHAP assigns an importance value to each input feature, indicating
its contribution to pushing the model’s output from the base value (the average prediction over the training
dataset) to the final predicted value. This allows for a detailed understanding of both global interpretability
by aggregating the Shapley values for each feature across all data points, determining the overall importance
and influence of each variable (CGA, SE, and BF) on the geomechanical properties (UCS and CBR). The local
interpretability of SHAP can explain why a single, specific prediction was made, offering insight into the model’s
behavior for individual samples. The flowchart in Fig. 5 illustrates the complete workflow of the support vector
regression modeling process used in the study. It begins with a dataset of 225 experimental observations that
undergo data preprocessing, including data splitting and feature scaling. The optimized model is then developed
using genetic algorithm and grid search approaches, followed by model testing, performance evaluation, and
interpretability analysis using SHAP, ensuring both predictive accuracy and transparency in model behavior.

Results and analysis

Microstructural characterization

Stereomicroscopic images

A series of microscopic surface images of low-plasticity clay is collected by using a stereomicroscope under
varying magnifications. Figure 6(a-d) illustrates the typical stereomicroscopic images for untreated low-plasticity
clay, soil mixed with an alkaline binder, and geopolymer soil reinforced with fibers at varying CGA-SF content.
Figure 6(a) illustrates areas of yellowish and light brown pigmentation in the untreated low-plasticity clay, which
may be interpreted due to the presence of illite-smectite and iron groups. Additionally, irregular surface cracks
are visible on the untreated soil, which will significantly impact the volumetric behavior when the water level
fluctuates. Figure 6(b) shows a thin layer of hardened geopolymer paste deposition around the cracks of the
clay matrix. The bright and shiny regions may be due to the presence of mica from the SF. In contrast, the dark
black colored patches are voids caused by early moisture evaporation from the solidified alkaline binder. The
randomly distributed CTBF in the CGA-based geopolymer soil combination at 0 and 20% SF content is depicted
in Figs. 6(c-d). Moreover, the morphology of CTBF reinforcement in the soil matrix has formed a spatially
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Fig. 5. Schematic representation of the Support Vector Machine (SVM) workflow used in this study, including
data preprocessing, kernel optimization, model training, testing, and SHAP-based interpretability analysis.

grooved network, which relatively enhances interlocking friction by restricting the clay. particles during load
application. Adding CTBF is beneficial as it strengthens the interfacial bonding, resulting in higher tensile and
frictional resistance. As a result, the combined action of CTBE, CGA, and SF improves the load-bearing capacity
and stiffness of geopolymer-stabilized soil, attributed to the development of an active pozzolanic matrix.

Fourier transform infrared (FTIR) spectroscopy

FTIR spectra for banana fiber before and after chemical treatment, untreated low-plasticity clay, and geopolymer
stabilized soil at various CG and SF dosages are shown in Figs. 7(a-b). The molecular bonding curves of untreated
banana fibers (Fig. 7a) are characterized by hydroxyl O-H stretching at around 3300 cm™ !, mostly due to the
presence of cellulose and water. Moreover, the untreated soil in Fig. 7(b) shows a sharp band of Portlandite
[Ca (OH),] at 3600 cm™ *. The broadband of O-H water stretching (3600 cm™ ') and C-H alcohol (3400 cm™!)
was reduced in both CG (100%) and SF (20%) based geopolymer treated soil relative to untreated soil. Also,
the C-H methyl group at around 2950 cm™ ! showed the same peaks before and after chemical treatment of
fibers®>. The C = O carbonyl functional group is not apparent at 2900 cm~ ! as the replacement of CG with
SF increases in the geopolymer mixed soil. The pozzolanic reaction in silica-rich soil roughly characterizes
this spectrum. The transmittance spectra for geopolymer-treated soil containing high CGA (100%) show the
marginal peak of the = CH2 bond compared to SF (20%) based geopolymer-treated soil. These modifications in
soil chemical structures due to carbonation may be associated with minimal chemical weathering reactions on
the clay surfaces*.. Interestingly, the symmetric stretching vibration of Si-O at 1030 cm™ ! remains identifiable
even after the chemical treatment of fibers®®. A sharp characteristic band of Si-Al-O at 800 cm™ ! was observed
in the untreated soil and the geopolymer mixed soil. Apart from that, the Si-O plane stretching vibration was
identified in the range of wavenumbers around 580 cm™!. Thus, with a chemical shift of roughly 10-20 cm™1, the
transmittance peaks from untreated fibers and geopolymer-treated soil reveal identical linkages.
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Fig. 6. Stereomicroscopic images of (a) untreated soil, (b) geopolymer-soil, (c) CGA-based geopolymer-CTBF
soil, (d) SF-CGA-based geopolymer-CTBF reinforced soil.
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Fig. 7. FTIR curve of UBF and CTBF b) Raw and geopolymer-treated soil.

Thermogravimetric analysis (TGA)

Thermogravimetric (TG) and derivative thermogravimetric (DTG) analysis are used to calculate the stability
of compounds and mass fractions against temperature. Figure 8 displays the TGA/DTG profiles of UBF and
CTBE, focusing on mass reduction and its first derivative. An initial drop in mass was observed for both UBF
and CTBF samples between 100 and 150 °C, likely resulting from rapid evaporation of free water within the
fiber matrix“. The mass loss in UBF was found to be relatively higher (4-5%) than in CTBE, which may be
attributed to a greater decomposition rate of volatile components in the untreated fibers. Additionally, the TG/
DTG trends for both UBF and CTBF overlapped due to cyclic thermal fluctuations. A second notable weight
loss phase in UBE, occurring around 375-400 °C, is predominantly linked to thermal degradation of biomass,
including the breakdown of hemicellulose and cellulose structures*”. Moreover, the substantial alterations in the
thermal peak positions of CTBF indicate restructuring in the fiber surface chemistry, likely due to the formation
of new chemical phases induced by Ca (OH), treatment. Also, the minimized thermal degradation of CTBF is
attributed to the encapsulation of fibers with calcium hydroxide on the surface*. Beyond 500 °C, TGA curves
indicate negligible mass change and tend to exhibit asymptotic behavior.

Scientific Reports|  (2025) 15:44399 | https://doi.org/10.1038/s41598-025-28438-z nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

— UBF - CTBF
e 3 -5
140 ==TGA :::::DTG]

90 410
:\:80 H -1 -15.5
o . N
== 60 4.250
a =
7} i o
Ssof 1| sa9™=

“r {35

0r 4 -40

75 150 225 300 375 450 525
Temperature (¢)

Fig. 8. TGA-DTG curves of untreated and chemically treated banana fiber.

S.Ag

Properties (CooFy) | (CosEy) | (CooF ) | (CesFys) | (CgoF,p)
Dry density (kN/m?) | 16.75 17.5 17.8 18.0 18.3
Moisture content (%) | 19.5 18.5 18.3 18.1 18.0
Linear shrinkage (%) | 6.35 6.24 6.39 6.59 6.85
Plasticity index (%) 19.1 18.6 17.9 17.4 16.9
Swell index (%) 30.4 28.1 27.9 26.5 25.1
Swell Pressure (kPa) | 46.2 414 34.1 31.2 27.5

Table 5. Geotechnical results of geopolymer-soil at varying CGA-SF content.

Geotechnical characterization
A series of geotechnical tests was performed on geopolymer-stabilized soil incorporating various CGA-SF blend
ratios. The corresponding geotechnical properties are presented in Table 5.

Consolidation

Soil compressibility (relative to equilibrium void ratio) for low-plasticity clay, CGA-SF-based alkaline
stabilized soil, is plotted against effective stress. The variance in initial void ratio curves for both untreated soil
and geopolymer-stabilized soils is presented graphically in Fig. 9. The trend of the void ratio plots illustrates
the relationship between soil swelling behavior and the rate of applied seating load. During the early phase,
untreated low-plasticity clay demonstrates a greater final void ratio compared to the alkaline-treated soil, as
indicated by the e-log(o) response. This is due to the existence of active moisture retention around the clay
matrix and also being rich in silica and iron-illite compounds, effectively delaying the moisture infiltration, thus
requiring a longer time to reach an equilibrium swelling stage?*>. The addition of CGA-SF-based geopolymer-
stabilized soil aids in restricting the rate of void ratio effects (from 0.92 to 0.54); this marginal reduction may
be due to the activation of the geopolymerization reaction in the clay composition, which adversely impacts
the mineralogy. As the proportion of SF increases in place of CGA within the geopolymer blend, a significant
reduction in volumetric expansion is observed. Notably, the combined incorporation of 20% SF and 80% CGA in
the alkaline matrix results in a marked decrease in both void ratio and swelling across all geopolymer-stabilized
soil compositions. Moreover, the drastic changes in and around the clay structure can also be substantially
responsible for the drop in void ratio from 0.72 to 0.47 (20% SF-based geopolymer-soil). Through pozzolanic-
ion consumption during active cementing gel formation, SF-based geopolymer stabilized surface particles may
improve the interlocking bonding capacity of clay at low-effective stress applications®*2. Thus, in geopolymer-
mixed soil, creating consistent cementitious coatings with a new morphology reduces compressible behavior
and the rate of void ratio reduction.

Unconfined compressive strength (UCS)

The UCS measurements of geopolymer-stabilized soil incorporating varying dosages of pozzolanic materials
within the alkaline binder are illustrated in Fig. 10, which highlights the combined influence of fiber, CGA, and
SF on strength enhancement in low-plasticity clay. A partial replacement of CGA (100-90%) with SF (0-10%)
initially slows the development of compressive strength, which may be attributed to the low pozzolanic activity
of silica and alumina present in CGA-based systems. As the content of SF and CTBF increases, the strength
performance of geopolymer-treated soil improves progressively. The denser and more cohesive matrix formation
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Fig. 10. Variation of (a) UCS and (b) Compressive strength ratio of geopolymer-CTBF-reinforced soil at
varying CGA-SF dosage.

in the AAM-treated soil is likely due to the accelerated production of calcium and sodium silicate hydrate gels,
which results from the higher availability of reactive silica provided by the SE. This strength gain (from 620 kPa
to 1260 kPa) is linked to the active geopolymerization reaction between clay particles and pozzolanic products
in the alkaline matrix, leading to the formation of a denser microstructure®>-%°. It is also interesting to note
that the discrete CTBF inclusion effectively enhances the shear resistance power by bridging microcracks and
improving load transfer between the gel matrix and soil particles, resulting in prolonging crack propagation and
strengthening ductility. The results also show that increasing the CTBF (0% to 1%) improves soil shear strength
from 1280 kPa (SA.C,, F,) to 2160 kPa (SA ,C, F, ). The increasing UCS trends reveal strong interlock particle
bonding between the fiber matrix and clay structures that indirectly benefit from the geopozzolanic reaction.
Therefore, the cohesive strength of the geopolymer-stabilized soil is directly influenced by the combined presence
of SF and CTBE.

Figure 10(b) illustrates the compressive strength ratio (CSR) behavior of geopolymer soil reinforced with
CTBF across different CGA-SF mix proportions. The CSR-based compressive strength analysis highlights the
role of CTBF in enhancing confinement effects, primarily through increased interparticle friction and improved
bonding within the alkaline-treated matrix, resulting in greater density and stiffness. When the soil matrix is
stabilized using 100% CGA (with no SF), the CTBF-geopolymer system attains a CSR range of approximately
2.0-2.5. Similar CSR values (2.2-3.0) have been reported by Park®® and Bekhiti et al.>’ for waste rubber
fiber-reinforced cementitious materials. In comparison, for kaolinite clay treated with 1% glass fiber and 1%
polypropylene fiber, Maher and Ho®® and Rios et al.*® reported a maximum CSR of 1.2. As SF partially replaces
CGA (up to 20%) in the mix, the CSR of the CTBF-geopolymer system tends to align with the corresponding
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compressive strength, showing a value around 1.65. The fiber matrix develops mechanical interlocking
and a Ca(OH), rich interfacial zone that increases the bond density within the pozzolanic soil composite;
stereomicroscopy reveals a grooved fiber network and AAM-hardened paste deposited along the cracks, while
FTIR shows stronger Si-O-Al molecular bond linkages. These attributes can increase overall lateral restraint
and stress transfer under axial load. It is important to note that increasing CTBF dosage beyond 0.6% and SF
content above 10% results in a modest improvement in the shear strength ratio. The increased dosage of the SF
in the alkaline binder compound actively enhances the soil interbonding density between CTBF-geopolymer
soils. Additionally, the addition of SF is beneficial to CGA-based geopolymer soil, as it actively produces calcium
silicate gel from its available silica-calcium compounds, resulting in low soil moisture attraction around the
CTBF-clay particles. This forms a dense bridge effect, characterized by strong particle-holding efficiency, and
enhances the compressive shear resistance during geopolymerization. Moreover, the CTBF are mobilized later
and contribute a lesser proportion of the total load; therefore, even while relative UCS still increases, the CSR
increment per fiber dosage decreases when SF exceeds about 10% because the matrix becomes denser and
stiffer, reducing initial crack density and slip planes. The rough surface of CTBF strongly holds the pozzolanic
encapsulated clay particles, which are difficult to reorient, and can improve interlocking friction resistance
against loading®®®!. Thus, the active formation of geopolymerization in the SF-based CTBF-geopolymer soil can
strengthen the ultimate pulling stress under strong linkage effects.

California bearing ratio (CBR)

The influence of pozzolanic precursors and alkaline activators on the performance enhancement of subgrade soil
was analyzed through penetration resistance measurements. The soaked CBR tests will indirectly provide a clue
to the efficiency of subgrade geomaterials under the long-term effect at different CTBF-CGA-SF proportions
in the geopolymer-soil mixture. Figure 11(a) shows the variation in soaking CBR values for untreated soil and
CTBF-reinforced geopolymer mixed soil. Under CGA replacement with SF Geopolymer addition improved
the penetration resistance of the soil improved from 2.28% to 5.87%. The CBR improvement likely results
from geopozzolanic activation during soaking®?. The synthesis of SF between the CGA-fiber matrices induces
an active multivalent cationic growth that minimizes clay compressibility®®-%¢. Moreover, the formation of
dense pozzolanic compounds within the silica-rich matrix significantly enhances the bonding of flocculated
particles, leading to greater penetration-locking density. It is important to highlight that the combined use of
20% SF and 80% CGA in the alkaline binder results in a substantial improvement in penetration resistance,
along with minimal swelling across all geopolymer-based CGA/SF mixtures. Additionally, Fig. 11(b) presents
the soaked CBR-derived resilient modulus values, which serve as a reliable indicator of subgrade soil stiffness.
To minimize data clustering, only selected results for CTBF-geopolymer-stabilized soil with CGA: SF ratios
of 100:0, 90:10, and 80:20 are shown. The resilient modulus outcomes highlight the interaction between soil
penetration resistance and specific slag content, particularly under higher PLF dosages in the treated soil. It
reveals that the CTBF and SF proportions in CGA-based geopolymer composites play a key role in increasing
subgrade strength and bearing resistance under regulated swell-shrinkage behavior. The resilient modulus trend
of soil is similar to that of CBR penetration with the addition of binder and fiber to the soil. A significant increase
in the CBR-based resilient modulus of geopolymer-stabilized subgrade soils was observed beyond 0.5% CTBF
reinforcement, particularly within the 0.2-0.4% PLF range when SF content exceeded 10% in the alkaline binder.
Hence, geopolymerization driven by pozzolanic gels contributes to the formation of a bonded network around
the CTBF-geopolymer-soil matrix, improving penetration resistance.

Comparative efficiency of SVM-based predictive models

Figures 12 and 13 illustrate the regression plot between the measured data and model predictions, illustrating
the predictive strength of SVM-based modeling. In this regard, the residual error and training-testing errors are
visualized to determine the robustness of the SVM-based models. It can be observed that the SVM optimization
exhibits a substantial impact on the predicted outputs. When optimized through grid search methods, the testing
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Fig. 11. Effect of CGA-SF proportions on (a) soaked CBR values and (b) resilient modulus of CTBF-
reinforced geopolymer soil.
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Fig. 12. Prediction results of UCS corresponding to: (a) SVM, (b) GS-SVM, and (c) GA-SVM approaches,
along with the error measurements.

R? values yielded from the SVM models are improved by 270% and 220% (for UCS and CBR), respectively. It is
noteworthy to mention that these improvements are also achieved by attaining R* of 0.95 (for UCS) and 0.965
(for CBR) in the GA approach, which validates the high efficiency of both optimization approaches.

Error area analysis
Error areas are another type of graphical analysis of uncertainty while considering predicted data. The
difference between error area analysis and prediction error analysis (shown in Figs. 11 and 12, respectively)
lies in the type of associated uncertainty. By propagating uncertainty through the input data before prediction,
the corresponding error regions are identified. In contrast, the prediction error results in the aforementioned
figures show the yielded error after prediction using the developed model. As a result, this uncertainty analysis
introduces variability into the dataset, facilitating the evaluation of the models’ generalization to unseen data.
To perform error area analysis, the standard deviation of the input entries is extended using a 95% confidence
interval (CI), represented by the shaded regions. Broader error areas indicate less prediction certainty, while
narrower areas imply more certainty. Moreover, Figs. 13 and 14 illustrate the error area analysis conducted during
the training and testing stages of the GS-SVM and GA-SVM models for predicting strength characteristics.
Evidently, the training of the models with deviated inputs is more certain. In contrast, the testing phase is highly
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Fig. 13. Prediction results of CBR corresponding to (a) SVM, (b) GS-SVM, and (c) GA-SVM, along with the
error measurements.

sensitive to inputs with large standard deviations. Noticeably, the regression fit results for the training stage
yielded R? of 0.9728 and 0.973for for GS-SVM and GA-SVM, respectively. However, the testing performance
showed a slight improvement for the GA-SVM model, with R? increasing from 0.9601 (GS-SVM) to 0.9645
(GA-SVM). These marginal differences, although not clearly visible in Figs. 11 and 12, indicate the influence of
optimization through the Genetic algorithm.

Hence, the inclusion of such error area analysis better highlights the importance of these tasks. Figures 14 and
15 show encircled areas in the testing plots depicting differences between the two algorithms and their predictive
values. This observation further underscores the importance of error analysis with confidence intervals (Cls)
compared to common regression plots. Thus, it facilitates the identification of models demonstrating robust
performance.

Comparative effects of input variables on the predicted output

One of the major advantages of predictive modelling lies in its ability to determine how input variables influence
output parameters. However, previous studies have often lacked a clear representation of the relative significance
and ranking of these variables. The magnitude of such influences can be accurately evaluated with the help
of sensitivity analysis techniques, including feature importance and explainable AI approaches. Among these,
SHAP (SHapley Additive exPlanations) provides a modern framework for quantifying the individual effects of
input variables on model predictions. This technique offers both global insights, comparable to Sobol sensitivity
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Fig. 14. Error area analysis during training and testing of GA-SVM and GS-SVM for predicting CBR with a
95% confidence interval.

analysis, and local interpretability. Additionally, the SHAP values quantify the relative impact of each input
feature on the predicted output, thereby supporting a deeper understanding of both local and global model
behaviour. The SHAP-based sensitivity results for the optimized SVM model predictions are illustrated in Fig. 16.

It should be noted that, despite the previous model analysis, the sensitivity results obtained from both
GA-SVM and GS-SVM are almost identical. For brevity, only the GA-SVM results are presented herein. The
analysis reveals that BF is the governing input parameter, affecting the output more than twice as strongly as the
other variables. In contrast, the predictive contributions of CGA and SF are almost identical. As shown earlier
(pair plots in Figs. 3 and 4), it is pertinent to mention that CGA and SF exhibit a strong negative relationship,
which explains their similar effects on the output. On the contrary, BF has no significant correlation with the
remaining input variables. These observations suggest that the variation in BF content would significantly alter
the final strength values, given the current dosage and experimental plan. Furthermore, the influence of the
input variables on the prediction of each output parameter is largely consistent. Each point in the SHAP plot
represents the effect of a variable on individual data entries. Although the order of variable importance can
be expressed as BF>CGA = SE, the SHAP values for CBR prediction are observed to be more scattered. This
observation indicates that the input variables exert a greater influence on CBR predictions in contrast to UCS.
Hence, the measurement and preprocessing of CBR data require greater precision to minimize uncertainty in
model predictions.

It is essential to validate the model-derived insights from the SHAP analysis using experimental evidence.
The SHAP plots (Fig. 16) clearly identify BF as the most influential variable, where increased fibre content
consistently leads to higher predicted UCS and CBR values. This observation aligns closely with the experimental
results shown in Figs. 10a and 11a, where the inclusion of CTBF from 0% to 1% results in the most significant
and consistent increase in the strength characteristics across all geopolymer-stabilized soil compositions.
Furthermore, the SHAP analysis indicates a positive influence of SF and a negative influence of CGA on strength,
which is directly corroborated by the experimental data. For any given fibre dosage in Figs. 10 and 11, the
curves corresponding to higher SF content (e.g., SA(Cqy F,)) consistently lie above those with lower SF content
(e.g. SA((C,,0F)), indicating superior strength performance. This strong correlation between the SHAP-based
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Fig. 15. Error area analysis during training and testing of GA-SVM and GS-SVM for predicting UCS with a
95% confidence interval.

sensitivity analysis and laboratory observations confirms that the optimized SVM model accurately captures the
hierarchical influence of the input parameters on the geomechanical behavior of the stabilized low-plasticity clay.

Summary and conclusions

This research investigates the combined influence of CTBF reinforcement on low-plasticity clay stabilized with
coal gangue ash and silica fume-based geopolymers. The influence of CGA-SF proportions on consolidation and
CTBF reinforcement on geomechanical strength performance indicators (compressive strength, shear strength
ratio, CBR, and resilient modulus) of geopolymer stabilized low-plasticity clay was investigated. Furthermore,
an optimal SVM model was developed to analyze the geomechanical strength behavior, including compressive
shear and penetration resistance, of CTBF-geopolymer soil at various CGA-SF dosages. The key findings of this
research are outlined in the conclusion section that follows.

« The growth of geopolymeric cementitious gel around the CTBF-clay matrices is observed after geopolymer
treatment (soil surface cracks and pores filling and forming a hardened geopolymer thin layer). Moreover,
the addition of discrete CTBF alkaline soil has formed a spatial groove clay network structure, enhancing the
soil-tensile interfacial density under strong interlocking friction.

o The growth of new molecular bonds (Si-O-Si and Si-O-Al) linked to activating geopolymerization reactions.
Also, in the CTBE the C=0 and -CH, alkene-lignin group is identified, corresponding to the carbonation
reaction. In TGA/DTG measurement, the mass loss fraction of CTBF decreases compared to UBF, overcom-
ing the early biodegradability of the material.

o Atan optimal blend ratio of 80:20 (CGA to SF), the geopolymer-treated soil demonstrates improved volumet-
ric stability by reducing the equilibrium void ratio by up to 68%. CTBF-geopolymer composites also show
enhanced penetration resistance and subgrade resilient modulus, achieving a 68% increase in CBR strength
at the ideal fiber reinforcement level of 1%.
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Fig. 16. Variable importance analysis in the prediction of UCS and CBR.

The shear strength ratio of geopolymer-treated soil decreases significantly when CGA is partially replaced
with SF in the alkaline binder. Moreover, CTBF enhances the confinement bonding with dense cementitious
layers surrounding it, achieving higher durability by preventing early biodegradation.

The improvement in UCS was notable when CTBE, CGA, and SF were combined in the alkaline soil stabilizer.
Additionally, the proposed SV model for geomechanical strength, in terms of UCS and CBR, exhibits the
lowest error percentages (< 10%) regardless of CGA: SF content.

The regression fit results of training for both GS-SVM and GA-SVM were R? of 0.9728 and 0.973, 536, respec-
tively. However, the testing results were slightly higher in the case of GA-SVM during testing, with an increase
from R? of 0.9601 for GS-SVM to R? of 0.9645 for GA-SVM.

According to SHAP analysis, the order of variable importance can be put as BF > CGA 2 SF; however, during
the prediction of CBR values, the SHAP values are observed to be more scattered. This observation indicates
that the inputs affect the prediction course of CBR comparatively more than the UCS.

Data availability
The datasets used and/or analysed during the current study are available from the corresponding author on
reasonable request.
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