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This study focuses on optimizing the mechanical properties of hybrid fiber-
reinforced tertiary blended high-performance concrete (HFRTHPC) by integrating
CSF and polypropylene fibers (PPF) into a mix of silica fume (SF), metakaolin (MK),
and fly ash (FA). These mineral admixtures replace Ordinary Portland Cement
(OPC) at varying levels of 0%, 15%, 22.5%, and 30%. A comprehensive analysis
was conducted on 80 different concrete mixes, each with W/B ratios ranging from
0.275 to 0.375, and a total fiber content of 1.25% (0.5%-1% CSF and 0.25% PPF).
The results showed a significant increase in compressive strength, with a
maximum improvement of 30.24% after 28 days of curing. The optimal mix was

identified as containing 5% SF, 5% MK, 5% FA, 1% CSF, and 0.25% PPF ata W/B
ratio of 0.275. Additionally, regression equations were developed to predict the
mechanical properties. The study also utilized three machine learning
techniques—AdaBoost Regressor, Random Forest, and Extreme Gradient Boost
Regressor—to model compressive, split tensile, and flexural strengths. Among
these, the Extreme Gradient Boost Regressor exhibited superior predictive
accuracy and generalization capabilities. This research offers valuable insights for
optimizing sustainable concrete compositions and provides a foundation for
future advancements in concrete technology.

Machine learning;
Structural construction
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1. Introduction

In contrast to normal concrete, high-performance concrete (HPC) is developed with superior
characteristics such as enhanced strength, durability, workability, and improved resistance to
environmental factors. These qualities are achieved by incorporating low water-to-cement ratios
and high-quality pozzolanic materials such as FA, SF, ground granulated blast furnace slag (GGBS),
MK, and superplasticizers. High-performance concrete can involve up to 10 ingredients, focusing
on strength and durability. The partial replacement of cement with one, two, or three pozzolanic
materials can be termed binary, ternary, and tertiary/quaternary concrete mixes, respectively.
Tertiary systems combining the pozzolanic materials offer advantages, blending silica fume and
metakaolin with fly ash improves early strength, while fly ash enhances workability. This synergy
is crucial for HPC development. Tertiary mixtures, including fly ash/GGBS, silica fume, and
metakaolin, provide high strength, low permeability, corrosion and sulfate resistance, ASR
resistance, and reduced thermal cracking. HPC represents a specialized form of concrete

*Corresponding author: veereshalgur@gmail.com

aorcid.org/0009-0009-8110-7267; borcid.org/0009-0001-1059-9606; corcid.org/0000-0003-4680-8120;
dorcid.org/0000-0001-6094-6197

DOI: http://dx.doi.org/10.17515 /resm2024.409me0829rs

Res. Eng. Struct. Mat. Vol. x Iss. x (Xxxx) XXx-XX 1



mailto:veereshalgur@gmail.com
http://dx.doi.org/10.17515/resm2024.409me0829rs

Mabhesh et al. / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx

engineered for specific applications and environmental conditions, ensuring optimal performance
over the structure's design lifespan and exposure to varying loads and environments [1]. The
blended concretes use fly ash, silica fume, ground granulated blast furnace slag, and metakaolin as
partial cement replacements. These admixtures lower cement content, reducing the environmental
impact of cement production. Reviewed research articles highlight improvements in mechanical
properties, durability, workability, enhanced thermal performance, and long-term strength. The
use of industrial by-products and potential cost savings are also noted [2]. In quaternary binders
made with GGBS, FA, MK, and SF as partial replacements for Ordinary Portland Cement (OPC), the
study focused on standard consistency, initial and final setting time. SF significantly increases
water requirements due to its high surface area, while GGBS reduces the water/binder ratio. SF
and GGBS extend setting time at various replacement levels, whereas SF and MK initially increase
setting time but decrease at higher replacements. On the whole, the admixtures in the quaternary
binder mix impact independently, with SF and MK notably enhancing consistency [3]. The effects
of incorporating mineral admixtures such as FA, SF, GGBS, MK, and rice husk ash (RHA) on the
properties of fresh concrete have been reviewed. The study compares normal and high-strength
concrete partially replaced with these admixtures. The admixtures are classified into two types:
chemically active (decreased workability and setting time but increased heat of hydration and
reactivity) and micro fillers (increased workability and setting time but reduced heat of hydration
and reactivity). While the small particle size and higher specific surface area of these admixtures
improve concrete density and impermeability, they also lower workability, necessitating the use of
superplasticizers [4]. Fly ash concrete typically had lower compressive strength. In contrast,
binary combinations of Portland cement with silica fume or slag, as well as ternary combinations
including both slag and silica fume, exhibited significantly higher compressive strengths. The
addition of mineral admixtures also resulted in reduced water permeability values [5]. The
quaternary binders with 50% partial replacement of OPC and 30% FA with 10% M/GGBS showed
the highest compressive strength with a low water/binder ratio. An enhancement of about 25%
and 10% higher flexural strength and around 11.9% and 11.2% in split tensile strength at longer
ages were noted [6]. Enhanced compressive, split tensile and flexural strength was noticed for a
quaternary blend of cement with 20% fly ash, 10% Lime powder, and 10% rice husk ash, for this
same blend the corrosion resistance also levelled up [7]. Incorporating pozzolanic materials
enhances concrete’s resistance to aggressive agents, such as sulfuric acid. These additions reduce
the amount of calcium hydroxide, which is most susceptible to acid attacks [8]. Concrete is brittle
and weak in tension; early concrete hardening is prone to microcracks caused by environmental
and load fluctuations. These limitations lead to the development of fiber-reinforced concrete
(FRC). Initial studies on FRC focused on using single fiber types, demonstrating enhanced concrete
properties, particularly in strength and durability, as fibers prevent surface cracking and improve
impact strength. Current research has driven interest toward fiber hybridization, combining
metallic and non-metallic fibers to leverage their respective advantages. Steel fibers enhance
tensile strength, toughness, and stiffness, while fibers like PPF contribute to elasticity, mixability,
and resistance. Combining these fibers results in composite fiber-reinforced concrete exhibiting
superior strength properties compared to individual fibers [9-13]. Studies suggest that reinforced
concrete containing 0.3% PPF demonstrates superior flexural and compressive strength compared
to content levels up to 0.5%. The research reveals that the mix design with 0.3% PPF achieved the
highest strength, with minimal variance (1.0% - 3.0%) from mixes with 0.25% PPF. As a result,
0.25% PPF was chosen for the experiment [14-15]. In examining CSF mechanical properties with
an aspect ratio of 50, the research revealed that 3.0% CSF blends outperformed mixes with 0% to
2.0% fibers. Among all aspect ratios studied, CSF with an aspect ratio of 50 showed statistically
better results in terms of strength. The study concluded that adding CSF up to 1% improved HPC
strength meanwhile higher levels led to decreased compressive and tensile strengths, accompanied
by drawbacks such as diminished ductility, increased cost, and reduced workability. CSF's primary
role is crack prevention [16-17]. Research on enhancing structural strength and seismic resistance
through fiber integration in concrete found that a composite blend of 80% crimped steel fiber and
20% polyolefin fiber showed robust qualities [18]. With the incorporation of CSF at levels of 0.55,
1.0% and 1.5%, HPC exhibited enhanced impact strength. The initiation strength for the first failure
crack rose to 139%, 268%, and 366% and to 129%, 238%, and 321%, respectively, compared to



Mahesh et al. / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx

normal concrete [19-20]. For a combined mix of cement, 20% GGBS, 10% MK, steel and glass fiber
at 2% showed an increase in compressive and split strength for a grade of M60 [21-22]. Optimal
results were observed by replacing 10.0% of the cement with Metakaolin (MK), leading to
increased compression strength at rates of 7%, 16.75%, 11.42%, and 6.0% for partial cement
replacements of 5%, 10%, 15%, and 20% with MK, respectively [23]. The study highlights the
importance of understanding the effective utilization of mineral admixtures in mortar. The findings
are significant for optimizing the use of mineral admixtures in engineering applications, ensuring
that they contribute to the desired properties of the mortar without remaining unreacted. Under a
curing temperature of 30°C, when the replacement ratio exceeded 30%, the change in Ca(OH),
amount with replacement ratio was nearly linear. At this point, the excess fly ash essentially
stopped consuming Ca(OH),. [24]. This study explored the strength and durability of HFRHPC with
SF as an admixture. Using fixed PF and varying CF, it achieved significant gains in compressive
(35.18%), split tensile (40.35%), and flexural strengths (71.54%) at 28 days [25]. This study
examined HFRHPC incorporating FA as an admixture, with polypropylene and varying crimped
steel fibers. Testing different FA levels and water-to-binder ratios, results revealed 1.25% hybrid
fibers with 10% FA provided optimal strength, durability, and acid resistance, sustaining
performance for 90 days [26]. This study assessed the effects of MK and hybrid fibers on High-
Performance Concrete. With 0.25% polypropylene and varying steel fibers, results showed
significant strength gains. Optimal mix—1.25% hybrid fibers with 10% MK-—achieved peak
compressive (37.05%), split tensile (42%), flexural (74.41%), and impact (68.32%) strengths after
28 days [27]. This study investigated the effects of combining Fly Ash, Silica Fume, Glass Fibers, and
Polypropylene Fibers in Composite-Fiber Reinforced High-Performance Concrete. The optimal
mix—5% FA and SF, with 1% GF and 0.25% PPF at a 0.275 W/B ratio—achieved maximum
strength [28].

The ANOVA analysis revealed that different substitution levels of all three components significantly
impacted the fresh and hardened properties of SCLCs. The findings showed that adding CS or MS
to SCLC specimens improved the previously mentioned parameters, while ternary mixes with both
MS and CS delivered the best performance [29]. The application of machine learning (ML)
techniques, which make a significant contribution to the field of civil engineering by accurately
predicting the mechanical properties of concrete, is particularly important. In recent times, the
growth of soft-computing methodologies has given rise to ML as a reliable and accurate instrument
for computer modeling. ML has become widely acknowledged as an effective methodology that can
be implemented across diverse research domains, including concrete structures [30-31]. Studies
have employed ML methods. During the training phase, the R-square value of the deep learning
models was roughly 0.960, and during the testing phase, it was slightly above 0.940. But when it
came to performance, the GRU model outperformed the others, as evidenced by an R-square value
that was extremely greater than 0.990 in the learning phase and close to 0.961 in the testing phase.
These findings point to the GRU model's excellent efficacy and accuracy in both phases [32]. The
findings of the investigation showed that the suggested equations performed better at properly
predicting than traditional techniques such as the linear regression model (LRM). In contrast to the
LRM, the suggested equations produced lower values for MAE and RMSE and showed a higher
coefficient of determination (R2) [33]. Compared to conventional approaches, ML provides better
predictions for required mechanical characteristics [34-35]. Several studies have employed ML
methods to predict the strength properties of conventional concrete [36-39]. ML methods are
employed to forecast concrete strength [40-57] and the durability of concrete [58-59].
Nevertheless, the use of ML methods to predict compressive, flexural, and splitting tensile strengths
in fiber-reinforced concrete is still not widely explored.

While extensive research has examined binary and ternary pozzolanic material combinations,
limited studies explore the complex interactions and optimal mix proportions in
tertiary/quaternary blends. More research is needed on the synergistic effects of materials like fly
ash, silica fume, GGBS, and metakaolin across various proportions and environmental conditions.
Regarding fiber optimization and hybridization in high-performance concrete (HPC), studies have
shown enhanced properties with hybrid fibers, such as steel and polypropylene. However, the ideal
fiber types, contents, and ratios for maximizing performance metrics like compressive strength,
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splitting tensile strength, flexural strength, and impact resistance are still underexplored,
especially in HPC applications. Further research is also required on the long-term effects of fiber
hybridization in HPC.

Machine learning (ML) has been applied to predict mechanical properties in both conventional and
HPC, yet its application to fiber-reinforced high-performance concrete (FR-HPC) is limited. There
is a clear research gap in using ML techniques to accurately predict FR-HPC’s compressive, flexural,
and splitting tensile strengths. Additionally, achieving meaningful results with ML will require
substantial input data collection. In order to get the desired findings, ML methods require the
collection of an input dataset. To achieve this objective, we utilized eight input parameters,
including W/B, cement, metakaolin, silica, fly ash, crimped steel fibers, polypropylene fibers, and
the age of the specimens. The experiments were conducted using an absolute volume methodology
for concrete mix design, while data points comprising the results of the experiments were gathered
for algorithm implementation.

2. Experimental Program
2.1 Materials Used

In the current experimental study, OPC grade 43 as per IS 8112:1989, along with mineral
admixtures such as FA, SF, and MK, were utilized. The physical and chemical properties
of these materials are detailed in Tables 1. Local river sand served as the fine aggregate,
while the crushed stone as coarse aggregate was also sourcing from local. Fine and
Course aggregate physical properties provided in Table 2. To produce the concrete mix,
the superplasticizer SP-430 was employed. Additionally, CSF and PPF were incorporated
into the experiment, with their characteristics listed in Table 3.

Table 1. Physical and chemical properties of cement and mineral admixtures

Physical Properties Cement Fly ash Metakaolin Silica fume
Specific gravity. 3.12 2.17 2.61 2.21
Mean grain siz(pm) 8-210 20-25 2.53 1.14
18,000
a) 2 )
Specific area (cm2/g) 2947 3988 15,000 t018,000 £030,000
Color Grey. Tan to dark Ivory to cream. light to
grey. darkgrey.
. . Metakaolin . Code IS 3812
Chemical Properties Fly Ash (FA) (MK) Silica Fume (SF) Requirement
Silica (Si02) 59.16 60-65 92.3 (Si02)+
Aluminum (Al,03) 30.64 43.18 1.3 (Al203)+
. (F8203) =
Iron oxide (Fe203) 4.70 0.6 1.0 70.0 (min)
Calcium oxide (Ca0) 2.85 1.06 1.6 --
Magnesium oxide(MgO) 0.36 0.61 0.9 5.0 (Max)
Loss on ignition 0.21 0.70 1.53 6.0(Max)

Table 2. Physical properties Fine and Coarse aggregate

Properties fine aggregate coarse aggregate
Specific gravity 2.68 2.75
Fineness modulus 2.74 6.73
Bulk density
i) Loose 14.67 KN/m3 13.291 kKN/m?3
ii) Compacted 16.04 kN/m?3 15.001 kN/m?3
Grading Zone - 11 -
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Table 3. Physical properties fibers

Properties CSF PPF
Specific Gravity 7.85 0.912
Tensile strength (MPa) 1050 530
Density (kg/m3) 7850 910
Length of fiber (mm) 30 12
Equivalent diameter (mm) 0.60 0.35
Shape crimped monofilament

Fig. 3. The materials employed in the current study include

2.2 Materials and Mix Proportioning

In this experiment, mix proportions were assessed using an absolute volume approach. Ingredients
were measured by volume and then converted to weight to ensure a uniform mixture. All
ingredients were dry-mixed initially, with steel and polypropylene fibers added in this phase.
Water and a superplasticizer were then introduced to achieve a homogeneous concrete mix.
Table.4 provides the percentage dosage of each component in the sample. Mix identification
employed a coding system: the first three Alphabets CTM represents combined tertiary mineral
admixture, MK, SF, and FA. The subsequent number indicated the collective percentage of cement
replaced by combining MK, SF, and FA. Alphabets P, Q, R, and S represented composite fiber
matrices with varying CSF and PPF percentages: P (0% CSF +0% PPF), Q (0.50% CSF + 0.25%
PPF), R (0.75% CSF + 0.25% PPF), and S (1.0% CSF + 0.25% PPF). The final letter indicated the
A/B ratio (A = 1.75), the W/B ratios were depicted by the last number (1= 0.275, 2 = 0.300, 3 =



Mabhesh et al. / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx

0.333, 4 = 0.350, and 5 = 0.375). For instance, a reference mix with A/B = 1.75 and W/Bof 0.275
and 788.29 kg/m?2 of cement was denoted as CTMOPA1, signifying the absence of fibers and mineral
admixtures. Another mix, CTM15PA1 used 660.37 kg/m? of cement and 38.85 kg/m? of each MK,
SF, and FA, indicating a specific combination of fibers and mineral admixtures. The nomenclature
and compositions of various mixes are detailed in Table 4, maintaining consistent design principles
across different W/B ratios to ensure a comprehensive assessment.

Table. 4 Mix. proportions of HFRHPTC mix for W/B= 0.275.

Total percentage

Mix Cement MK SF FA CSF PPF of tertiary
designation (%) (%) (%) (%) (%) (%) mineral
composition
CTMOPA1 100 0 0 0 0 0 0
CTM15PA1 85 5 5 5 0 0 15
CTM22.5PA1  77.50 7.50 7.50 7.50 0 0 22.5
CTM30PA1 70 10 10 10 0 0 30
CTMO0QA1 100 0 0 0 0.50 0.25 0
CTM15QA1 85 5 5 5 0.50 0.25 15
CTM22.5QA1 77.50 7.50 7.50 7.50 0.50 0.25 22.5
CTM30QA1 70 10 10 10 0.50 0.25 30
CTMORA1 100 0 0 0 0.75 0.25 0
CTM15RA1 85 5 5 5 0.75 0.25 15
CTM22.5RA1  77.50 7.50 7.50 7.50 0.75 0.25 22.5
CTM30RA1 70 10 10 10 0.75 0.25 30
CTMOSA1 100 0 0 0 1.00 0.25 0
CTM15SA1 85 5 5 5 1.00 0.25 15
CTM22.55A1 77.50 7.50 7.50 7.50 1.00 0.25 22.5
CTM30SA1 70 10 10 10 1.00 0.25 30

*Similarly designs of constituents are used for other W/B ratios W/B= 0.300(2), 0.325(3), 0.350(4), and
0.375(5)

2.3 Experimental Methods

The compressive strength of concrete-cubic specimens (100 x 100 x 100 mm) was tested as per
ASTM C39. The split tensile strength of concrete-cylinder specimens (150 mm diameter, 300 mm
height) was evaluated following ASTM C496, and the flexural strength of concrete-prism or beam
specimens (500 x 100 x 100 mm) was tested in accordance with ASTM C78. After demolding, all
specimens were cured for 28 days. Cubic and cylindrical specimens were tested using a digital
compression testing machine as per IS 14858, while prism or beam specimens were tested using a
universal testing machine as per IS 516-1959. Each test was conducted with three samples per
combination, and the average values are reported.

2.4 Machine Learning Approach

Within the scope of this investigation, the experiment yielded a total of 320 data samples and was
utilized for the purpose of training ML methods. During data collection, the proportions of the
combination and the output that was intended were taken into consideration. This was carried out
to satisfy the requirements because the models needed the same input variables for every mixture
to reliably estimate the outcomes.

The distribution of data trials used in testing and training the model was 30% and 70%,
respectively. The levelof accuracy of a model can be assessed by examining the R2 result of the
projected outcome. Values closer to zero indicate a greater degree of variance, while values that
are closer to one show a close alignment between the prediction model and experimental data. The
statistical measures, including mean absolute error (MAE), mean square error (MSE), and root
mean squared error (RMSE), were employed to measure the exactness of a model. Further details
about the machine learning (ML) models and optimization techniques used in this investigation are
covered in the sections that follow.
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2.4.1 Ensemble Machine learning

In contrast to conventional machine learning, which typically employs a single model, ensemble
learning makes use of multiple models. Ensemble methods construct a final prediction by
combining the predictions of multiple models, as opposed to relying on the estimates of a single
model. It results in enhanced efficacy in comparisonto standalone models. Through the utilization
of three ensemble methods, namely Ada Boost (AdaB), random forest (RF), and extreme gradient
boost (XGB), they have the capacity to significantly diminish errors, enhance precision, and
augment generalizability. The important tuning parameters of the three ML models are listed in
Table 5 to produce better performance.

2.4.2 Ada Boost

The AdaB regressor approach starts by training a weak learner on the original dataset with
identical weights for each data point. In future rounds, it concentrates on misclassified occurrences,
modifying the weights to emphasize difficult cases. It distributes weights to each weak learner
based on their performance, and their predictions are combined in a weighted sum to get the final
prediction. The mentioned iterative approach persists until the desired number of weak learners
has been reached [52]. AdaB's adaptability to complicated datasets and ability to reduce overfitting
make it an effective tool for regression tasks. In Python, the scikit-learn library includes the
AdaBoost Regressor class for the implementation, which commonly uses decision trees as weak
learners. AdaBoost Regressor stands out for its ensemble method, which provides robustness and
increased generalization across a variety of regression settings. The final prediction for a new input
X is the weighted sum of weak learner predictions:

T

900 = ) aph (X) M
t=1

Where; y(X) is anticipated output for input X, T represents the total count of weak learners, at is

the weight assigned to the t-th weak learner, #(X) is the prediction of the t-th weak learner for input

X. AdaB creates a resilient and accurate ensemble model for regression tasks by combining weak
learners thatfocus on different parts of the data.

2.4.3 Random Forest

RF is an ensemble learning approach for regression tasks that combines predictions from various
decision trees to increase accuracy and decrease overfitting. In this model, decision trees serve as
base learners, and the algorithm incorporates randomization by taking only a subset of
characteristics at each split and using bootstrapped sampling [50]. The training procedure entails
creating numerous trees independently, and during prediction, the final output is frequently an
average of individual tree forecasts. This method improves resilience and handles non-linear
connections effectively. RF provides insights regarding feature relevance, which helps with feature
selection. In Python, the scikit-learn library provides the Random Forest Regressor class for easy
implementation. For a given input X, the RF prediction is the mean of predictions from all the
individual trees:

N
1
Y == D) @
t=1

Where; ¥(X) is the predicted output for input X, N is number of trees, (X) is prediction of the t-th
tree for input X.

2.4.4 XG Boost

XGB Regressor, a gradient-boosting extension, is efficient, scalable, and regularized for regression
applications.For better prediction, the system creates decision trees sequentially, correcting earlier
errors. To avoid overfitting, the function minimizes the difference between the expected and
actual values while penalizingmodel complexity using a regularization factor. The final forecast is
the sum of all tree predictions. Regularization terms control tree complexity in XGB, improving
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generalization to fresh data [54]. XGBoost efficiently handles massive datasets and uses feature-
important insights to choose features. The number of trees, learning rate, tree depth, and minimum
child weight must be tuned. The XGB Regressor class from the XGBoost package in Python is used
for implementation. XGB is used for varied regression scenarios that require accurate and robust
predictions due to its versatility. The XGB minimizes an objective function that combines a loss
function measuring the difference between the actual and anticipated values with a regularization
term. The function for XGB is defined as follows:

n K
Objective = Z L(y;, 9;) + 2 2(f) (3)
i=1 k=1

Where; n is the number of samples used for training, y; is the actual value for the i-th sample, y; is
the predicted value for the i-th sample, L(y;,J;) is the loss function measuring the difference
between the true and predicted values, K represents leaves in the tree, f is the score associated
with the k-th leaf, 2(f},) is the regularization.

The regularization term and loss function are parameter and hyperparameter sensitive. Mean
Squared Error andAbsolute Loss are two popular loss functions used in regression applications.

2.4.5 Validation of models

Evaluation metrics quantify a machine learning model's performance on a regression task. They
help to assess model prediction accuracy and impact model selection and optimization. Evaluation
metrics provide quantitativeperformance data to the machine learning pipeline, assisting in the
creation, optimization, and deployment of models. The ML algorithms were verified using
statistical error assessments like MAE, MSE, RMSE, and R? onthe test dataset and the k-fold
approach while training the models. In this study, we have used 10-fold validations. The k-fold
technique utilizes multiple train-test splits and averages the results to reduce the variancein the
performance estimate and provide a more robust assessment of the model's effectiveness.

1
MAE = NZlFi vl @
11211
_1 uN2
MSE = N (F;=Vy) (5)
i=1
RMSE = VMSE (6)
n 2
2 _1_ TL=1(Vi B Fl) 7
RZ=1 “wonr (7)

Where n = number of data points, V; F; = predicted findings, and V; = actual results, IV = mean of
actual values
3. Results and Discussion
3.1 Experimental Approach
3.1.1 Compression Strength

The cube compressive strength at 7 and 28 days cuing of combined tertiary mineral admixture-
based HFRHPTC concrete mix results are presented in Table 6.

Table 6. Cube compressive strength of Tertiary mineral admixture based HPC mix

Cube compressive strength Cube compressive strength

Mix Mix
Designation MPa Designation MPa
7 days 28 days 7 days 28 days
CTMOPA1 59.04 73.9 CTMORA3 59.34 75.17
CTM15PA1 67.99 85.18 CTM15RA3 70.03 88.23
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CTM22.5PA1 62.99 78.57 CTM22.5RA3 63.64 78.44
CTM30PA1 57.85 71.93 CTM30RA3 57.31 71.72
CTMOQA1 60.84 75.84 CTMOSA3 61.24 76.34
CTM15QA1 72.55 91.55 CTM15SA3 72.23 90.32

CTM22.5QA1 65.24 81.83 CTM22.55A3 65.42 80.72
CTM30QA1 59.69 74.29 CTM30SA3 59.06 73.08
CTMORA1 62.56 79.68 CTMOPA4 53.29 68.63
CTM15RA1 74.99 93.47 CTM15PA4 60.72 78.42

CTM22.5RA1 67.94 83.34 CTM22.5PA4 55.99 71.39
CTM30RA1 61.2 76 CTM30PA4 52.71 66.71
CTMOSA1 64.5 80.1 CTMO0QA4 55.03 70.33
CTM15SA1 76.89 95.69 CTM15QA4 64.28 83.58

CTM22.55A1 70.15 85.55 CTM22.5QA4 57.42 75.29
CTM30SA1 63.09 76.29 CTM30QA4 53.98 68.13
CTMOPA2 57.09 72.39 CTMORA4 57.2 73.44
CTM15PA2 65.1 83.04 CTM15RA4 66.3 86.3

CTM22.5PA2 60.79 76.54 CTM22.5RA4 61.04 77.04
CTM30PA2 55.66 69.99 CTM30RA4 56.21 70.41
CTMO0QA2 58.77 73.63 CTMOSA4 58.03 75.37
CTM15QA2 69.9 88.93 CTM15SA4 68.16 88.72

CTM22.5QA2 62.98 79.28 CTM22.55A4 62.25 78.39
CTM30QA2 57.22 72.08 CTM30SA4 57.22 72.04
CTMORA2 61.14 75.6 CTMOPAS 52.72 66.98
CTM15RA2 72.22 91.03 CTM15PA5 60.24 76.04

CTM22.5RA2 65.55 81.15 CTM22.5PA5 53.43 69.43
CTM30RA2 59.02 74.02 CTM30PAS 50.75 64.75
CTMOSAZ2 62.53 78.42 CTMOQA5S 54.34 68.24
CTM15SA2 73.88 93.2 CTM15QA5 63.53 81.13

CTM22.55A2 67.62 83.59 CTM22.5QA5 55.57 73.02
CTM30SA2 60.92 75.01 CTM30QA5 52.18 66.93
CTMOPA3 55.6 70.82 CTMORAS 55.66 72.56
CTMF15PA3 63.28 81.47 CTM15RA5 65.28 84.08

CTM22.5PA3 58.86 74.16 CTM22.5RA5 57.09 75.19
CTM30PA3 53.98 67.88 CTM30RA5 52.96 68.66
CTMOQA3 57.33 71.37 CTMOSAS 57.46 73.12
CTM15QA3 67.25 86.15 CTM15SA5 67.01 86.54

CTM22.5QA3 61.11 76.87 CTM22.55A5 59.12 77.05
CTM30QA3 55.47 70.07 CTM30SA5 55.19 69.29

3.1.1.1 Effect of Water-Binder Ratio on Cube Compressive Strength Of Tertiary Mineral
Admixture Based HPC Mix With Hybrid-Fibers

The variation of cube compressive strength for blended tertiary mineral admixture-based HPC mix
with different W/B ratios is shown in Figures 4 and 5, with results detailed in Table 6 for 7-day and
28-day compressive strength. It can be observed that the compressive strength of HFRHPTC mix
declines as the W/B ratio increases from 0.275 to 0.375, which is similar to the behavior of plain
HPC mix. The highest compressive strength of HFRHPTC mix at both 7 and 28 days for all W/B
ratios is observed with 15% cement replaced by blended tertiary mineral admixture. The maximum
cube compressive strength attained at 7 days is 76.88 MPa for the CTM15SA1 mix with a W/B ratio
of 0.275. For the same mix, with W/B ratios ranging from 0.300 to 0.375, the strength was reduced
by 6.07% to 15.10%, respectively. Similar trends are observed for the 28-day compressive strength,
which was 95.68 MPa for the CTM15SA1 mix with a W/B ratio of 0.275. For the same mix, with
W/B ratios ranging from 0.300 to 0.375, the strength was reduced by 4.87% to 12.13%,
respectively.
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3.1.1.2 Effect of Replacement Percentage of Cement by Combined Tertiary Mineral
Admixture on Cube Compressive Strength of Tertiary Mineral Admixture Based HPC Mix with
Hybrid-Fibers

To better understand the strength deviation caused by replacing cement with blended tertiary
mineral admixtures in each mix, Figures 6 and 7 plot the cube compressive strengths for testing at
7 and 28 days for all water/binder ratios against the percentages of three combined mineral
admixtures for various volumes of composite fibers. The correlation between the total percentages
of tertiary mineral admixture and the 28-day cube compressive strength demonstrates that using
a mixed tertiary mineral addition in place of cement increased the 28-day cube compressive
strength. The addition of MK, SF, and FA enhances the mix's load-carrying capacity. The maximum
cube compressive strength was obtained when 15% of the cement was replaced with mixed
tertiary mineral additives across all composite materials. Beyond this 15% replacement, the
compressive strength decreased. The CTM15SA1 mix outperformed the CTMOPA1 mix in 28-day
cube compressive strength for high-fiber-reinforced high-performance concrete up to 29.49%. The
fine mineral admixtures MK, SF, and FA, along with the filling of the interfacial transition zone with
fine mineral admixture particles, generated pozzolanic reactions, which increased strength by up
to 15% replacement due to the micro-filler effect [2,4,7,24]. At dosages greater than 15%, there
was insufficient Ca(OH); for the pozzolanic process, reducing the cube compressive strength as MK,
SF, and FA then acted solely as fillers.

In comparing HPC mixes at a 20% replacement level, metakaolin in binary mixes achieved the
highest compressive strength 91.70 MPa (A. gouda et al., 2022) [27], followed by silica fume 90.22
MPa (A. gouda et al,, 2021) [25] and fly ash 87.40 MPa (A. gouda et al., 2020) [26]. The ternary mix
of fly ash and silica fume improved strength to 92.32 MPa (S. Patil et al., 2021) [28]. However, the
highest performance was observed in the tertiary blend of fly ash, metakaolin, and silica fume,
reaching a compressive strength of 95.95 MPa. This superior performance is attributed to the
synergistic effect of combining all three mineral admixtures, which enhances the concrete's
microstructure through better particle packing, reduced porosity, and improved bonding, resulting
in an overall increase in strength and durability.
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3.1.1.3 Effect of Composite Fiber Volume Percentage on Cube Compressive Strength of
Tertiary Mineral Admixture Based HPC Mix with Hybrid-Fibers

Figs. 8 and 9 plot the cube compressive strengths against the volume percentages of composite
fibers for various percentages of blended tertiary mineral admixture across different ages and
water/binder ratios. This analysis aims to understand how composite fibers impact the
compressive strength of each mix. The figures show that the compressive strength of the HFHPTC
mix increases as the percentage of composite fibers is added. Specifically, the 28-day cube
compressive strength improved with the addition of 0, 0.5, 0.75, and 1% CSF combined with a
constant 0.25% PPF. This increase in cube compressive strength suggests a strong relationship
between the fiber and the cement concrete matrix. The addition of composite fibers enhances the
mixture, with the maximum cube compressive strength achieved at 1% CSF and 0.25% PPF for
various amounts of mixed tertiary mineral admixture. For the PLOPA1 mix, the 28-day cube
compressive strength increased by 23.89%, 26.49%, and 29.49% for the CTM15QA1, CTM15RA1,
and CTM15SA1 mixes, respectively. The ability of these fibers to act as reinforcement at both macro
and micro levels contributes to this performance. At the microscopic level, the fibers prevent the
growth of microcracks, significantly influencing how microcracks form in the matrix. With more
fibers in the matrix, the capacity for energy absorption increases, reducing the likelihood of micro
and macro cracks forming and thus boosting the concrete's strength. While adding mono fibers to
regular concrete enhances only ductility, the use of composite fibers and mixed mineral admixtures
in this experiment significantly boosted the strength over plain HPC concrete due to the strain-
hardening response of hybrid fiber-reinforced concrete [13-16, 18-22]. The greatest cube
compressive strengths of the CTM15SA1 mix were 76.88 MPa and 95.68 MPa at 7 and 28 days,
respectively
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3.1.2 Split Tensile and Flexural Strength.

Figures 10 and 11 show the effect of replacing cement with varying percentages of combined
tertiary mineral admixture on the 28-day curing split tensile and flexural strength. With a 15%
replacement of cement by combined tertiary mineral admixture, the split tensile and flexural
strengths of the mixture improved by 40.70% and 38.22% respectively, compared to the reference
mix. For the CTM15SA1 mix, the highest split tensile and flexural strengths achieved were 7.04 MPa
and 11.21 MPa respectively, indicating that 15% is the optimal substitution level. Beyond this
percentage, insufficient availability of Ca(OH) for the pozzolanic process reduces strength [2,4,24].
Figures 12 and 13 illustrate the effect of composite/hybrid fiber volume percentage on the split
tensile and flexural strengths of high-performance concrete with blended tertiary mineral
admixture. The load-carrying capacity of the mixture is enhanced by the inclusion of mixed steel
and polypropylene fibers [13-16]. The current experiment shows that the greatest split tensile and
flexural strengths were achieved with a combination of 1% crimped steel fiber and 0.25%

Hybrid fiber (CSF & PPF) (%)
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Fig.9. 28 days Cube compressive strength Vs.

polypropylene fiber, totalling a 1.25% hybrid fiber ratio.

In comparing split tensile and flexural strengths across HPC mixes at a 20% cement replacement
level, the binary mix with metakaolin achieved the highest split tensile 7.0 MPa and flexural
strengths 9.94 MPa (A. gouda et al.,, 2022) [27] among individual admixtures. However, the ternary
mix of fly ash and silica fume offered only a slight improvement over other binary options, with
split tensile and flexural strengths of 6.16 MPa and 9.12 MPa, S. (Patil et al,, 2021) [28] respectively.
The proposed tertiary mix, combining fly ash, metakaolin, and silica fume, delivered the most
significant enhancements, reaching 7.04 MPa in split tensile strength and 11.21 MPa in flexural
strength, the highest values in both categories.
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3.1.3 The Inter-Relation Among Different Mechanical Properties of Tertiary Mineral
Admixture Based HPC Concrete Mix with Hybrid Fibers

The interrelationships between cub compression strength and split-tensile strength, and cub
compression strength and flexural strength, are depicted in Fig. 14 and Fig. 15 for specimens that
were cured for 28 days. The formula f; = 0.7,/ f.x MPa for normal concrete is prescribed by the
BIS code 1S:456-2000. This relationship was determined to be applicable for the hybrid fiber-
reinforced tertiary blended HPC at 28 days of curing, the connection between split tensile strength
and cub compressive strength was found to be f.; = 0.689,/f., MPa, with a higher correlation
value of 0.98756. Furthermore, a stronger correlation coefficient of 0.98588 was found for the link
between cub compression strength and flexural strength for the hybrid fiber-reinforced tertiary

mix at 28 days of curing, which is f,, = 0.98,/f.. MPa.
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3.2 Machine Learning Approach

The AdaBoost regressor was used to estimate the compressive strength of HFRTHPC, as illustrated
in Fig. 16, which compares predicted and actual results. The model had an R-squared score of 0.903
for the training datasetand 0.897 for the test dataset. Despite its performance, with MAE = 0.6884,
MSE = 0.8388, and RMSE = 0.9998 (Table 5), the errors appear to be outside the intended range
when compared to other methods. The error distribution map in Fig. 17 shows the differences
between the anticipated and practical results of HFRTHPC compressive strength using AdaBoost.
Notably, the cumulative error estimates continue to be below 6 MPa. We recorded a maximum
error of 5.72 MPa, a minimum error of 0.25 MPa, and an average error of 2.64 MPa.
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Fig. 16. Predicted V/s Experimental results for HFRTHPC CS - AdaB model
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Fig. 17. Real, Predicted and Error distribution for AdaB model

Regression between the anticipated values and experimental values for HFRTHPC was conducted
by adopting the RF algorithm, as illustrated in Fig.18. The RF shows less error variance and better-
estimated outcomes than AdaB. The adequacy of the RF model is represented by an acceptable R2
value for training and testing of 0.997 and 0.962, respectively, and MAE = 0.4247, MSE = 0.420, and
RMSE = 0.648. The error distribution of RF predicted and experimental for HFRTHPC compressive
strength is illustrated in Fig.19.The total error values are below 6 MPa. Based on this distribution,
the highest, lowest, and average values are 5.788, 0.032, and 1.546 MPa, respectively. As a result,
the RF prediction findings are more precise than the AdaB model.
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Fig. 20 and Fig. 21 depicts the predicted results and error pattern representing the expected and
experimental results for the compressive strength of HFRTHPC. Based on this distribution, the
highest, lowest, and mean values are 4.004, 0.002, and 0.613 MPa, respectively. The cumulative
error values are below 5 MPa. The XGB model demonstrates more precision, as seen by its higher
R2 and lower error values. In contrast, the obtained XGB models’ R2 and error values are adequate.
Therefore, the finding suggests that the precision of XGB prediction results surpasses that of AdaB
and RF models illustrates the anticipated and empirical results pertaining to the cub compressive
strength of high-performance concrete reinforced with mixed fibers, as determined through the
utilization of XGB. The R2 value training and test data sets are 1.000 and 0.994, respectively, and
MAE = 0.0108, MSE = 0.0004, and RMSE = 0.0212 show highly precise results with better accuracy.
At the same time, the estimated outcomes for HFRTHPC compressive strength are in the adequate.

The presented Fig. 22 illustrates the anticipated and empirical results pertaining to the split tensile
strength of high-performance concrete reinforced with composite fibers, utilizing the AdaBoost
algorithm. The R? values fortraining and testing are 0.924 and 0.912, respectively.

16



Mahesh et al. / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx

Experimented vs Prediction - XGB

%0 1 RZ-Training=1.000
R%-Test=0.994

w P
70 Ny L FY
-— Fit
60 - === Train Prediction

=== Test Prediction
e Train Data
50 1 * * Test Data

T T T T

50 60 70 80 %
Experimental Compressive Strength (MPa)

Fig. 20. Predicted V/s Experimental results for HFRTHPC CS - XGB model
Real, Predicted, and Error Graph - XGB

Predicted Compressive Strength (MPa)

~@- Real Values
~#- Predicted Values
~»~ Errors
80

—_

© ‘ A

oo (4 /|

3 \

=

&% \

=

@

.

b

(2]

@

=%

"

0

@

e

o

£ 2

(=]

()

0
0 20 80

40 )
Test-Data Point

Fig. 21. Real, Predicted and Error distribution for XGB model

Experimented vs Prediction - AdaB

™
R D
% 65 { R*-Training=0.924
= 2_ * o
6.0 - R*-Test=0.912 a3 o¥
c - J ®
g Vg B
bt 3571 - ‘.' * ee 0
= 5.0 g L
é ) ? okt o
= 45 4 ". - A
= .o — Fit
n 40 1 - === Train Prediction
b PR o * === Test Prediction
T 351 “x e Train Data
° * Test Data
& 30¥¢ T

30 35 40 45 50 55 60 65
Experimental Split Tensile Strength (MPa)

Fig. 22. Predicted V/s Experimental results for HFRTHPC TS - AdaB model



Mahesh et al. / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx

Real, Predicted, and Error Graph - AdaB

~@- Real Values
~#- Predicted Values
—>& Errors

AMWWWM

0 20

Split Tensile Strength (MPa)

o

40 60 80
Test-Data Point

Fig. 23. Real, Predicted and Error distribution for AdaB model

Experimented vs Prediction - RF

70

| R%-Training=0.998
60 { R*Test=0.986

5.0 1

45 4 -
Fit
=== Train Prediction
=== Test Prediction
e Train Data
* Test Data

4.0 1

3.5 1

30

Predicted Split Tensile Strength (MPa)

30 35 40 45 50 55 60 65 70
Experimental Split Tensile Strength (MPa)
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Fig. 27. Real, Predicted and Error distribution for XGB model

The MAE = 0.1921, MSE = 0.0568, and RMSE = 0.2384 confirm that AdB was unable to make
reasonable predictions of tensile strength. Fig. 23 illustrates the errors between predicted and
experimental values of split tensile strength via AdB. The minimum error was 0.008 MPa, the
maximum error was 0.503 MPa, and the average error was 0.186 MPa in the AdB prediction. Figs.
24 and Fig. 25 indicate the predicted and experimental split tensile strength for composite fiber-
reinforced tertiary blended high-performance concrete using RF and the errors between the
experimental and estimated results using RF, respectively. The Rz = 0.998 (training), Rz = 0.986
(test), MAE =0.0301 MPa, MSE = 0.0618 MPa, and RMSE = 0.0434 MPa in RF, showing the minimum
errors in both AdB and RF. RF was more precise than AdB in the prediction of split tensile strength.
The maximum and minimum error between practical and anticipated split tensile strength results
using RF were 0.3754, 0.0008 MPa, and 0.0928, respectively.

Split tensile strength has been predicted using the XGB algorithm. The RZ = 1.000 (training), R2 =
0.998 (test), MAE = 0.0033 MPa, MSE = 0.02757 MPa, and RMSE = 0.0051 MPa using this algorithm
show that XGB was more accurate than RF and AdB in predicting tensile strength. Fig. 26.
Experimental and anticipated values and error distribution for XGB and Fig. 27 showed that the
maximum and minimum errors were 0.24 MPa, 0.0001 MPa, and an average error of 0.049 MPa,
respectively.
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Fig. 28 presents the results of the AdB algorithm in predicting the HFRTHPC flexural strength. The
AdB approach is estimated to have a moderate level of accuracy and divergence among
experimental and estimated findings. The R2 of 0.916 (training) and 0.894 (test) suggests that the
AdB method for calculating the HFRTHPCflexural strength is satisfactory, and the experimental and
predicted results reasonably agree. The error values MAE = 0.3933, MSE = 0.2204, and RMSE =
0.4695 are not in the adequate range for the remaining algorithm. Fig. 29 presents the actual,
estimated, and error values distribution for the AdB model, and the maximum and minimum errors
were 1.072 MPa, 0.008 MPa, and an average error of 0.367 MPa, respectively. The analysis of errors
indicated that the AdaB model was estimated reasonably.
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Fig. 28. Predicted V/s Experimental results for HFRTHPC FS — AdaB model
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Fig. 30 illustrates the correlations between the estimated and observed flexural strength values of
HFRTHPC. This relationship provides 0.996 (training) and 0.982 (test) as the determination
coefficient (R?) values, as well as MAE = 0.0511 MPa, MSE = 0.0082 MPa, and RMSE = 0.0796 MPa.
It is important to mention that the vertical axis represents the anticipated values, while the
horizontal axis represents the experimental data for flexural strength. Fig. 31 shows the difference
between the actual and predicted outcomes.
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Here, the horizontal axis depicts the dataset for testing, whereas the anticipated flexural strength
results are shown on the vertical axis. The difference shows the higher values, i.e., 0.574 MPa, the
lower values, i.e., 0.003 MPa, and the average values, i.e,, 0.145 MPa. Moreover, it has been
determined that the total error values are below 1 MPa. Fig. 32 depicts that the XGB model offers a
more precise relationship between the practice and anticipated HFRTHPC flexural strength results,
which results in Rz = 1.00 (training), Rz = 0.991 (test), MAE = 0.025 MPa, MSE = 0.0063 MPa, and
RMSE = 0.0042 MPa. The vertical and horizontal axes show expected and experimental flexural
strength values. Fig. 33 shows the data distribution, showing actual versus projected outcomes.
Here, the horizontal axis depicts the dataset for testing the models, whereas the anticipated flexural
strength results are deciphered on the vertical axis. Based on this distribution, the highest, lowest,
and average values are 0.599, 0.0001, and 0.0073 MPa, respectively. It is also found that total
error values are below 01MPa.

Table 7. Statistical evaluation for the models

Models AdaB RF XGB
R2 Training 90.3 99.7 100
Test 89.7 96.2 99.4
Compressive Strength MAE 0.6884 0.4247 0.0108
MSE 0.8388 0.42 0.0004
RMSE 0.9998 0.648 0.0212
R2 Training 92.4 99.8 100
Test 91.2 98.6 99.8
Split Tensile Strength MAE 0.1921 0.0301 0.0033
MSE 0.0568 0.0618 0.02757
RMSE 0.2384 0.0434 0.0051
R2 Training 91.6 99.6 100
Test 89.4 98.2 99.1
Flexural Strength MAE 0.3933 0.0511 0.025
MSE 0.2204 0.0082 0.0063
RMSE 0.4695 0.0796 0.0042

In contrast to the AdaB approach, the RF model produced more accurate results and the minimum
difference between actual and estimated findings. Since the RF model had a smaller deviation of
errors and was more accurate than the AdaB model, as a result of the usage of an endless number
of decision trees during training and its initial decision tree’s emphasis on incorrectly categorized
input, the RF model achieves better accuracy. Another model also makes use of the same data. This
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process is repeated until a sufficient number of basic learners have been created. The error
distribution demonstrated that the XGB model outperformed the RF and AdaB models. The
performance of the other models used is also satisfactory. The XGB model is more precise because
it employs a tree-based ensemble learning strategy that optimizes output by generating sub
models.

Fig. 34 shows the evaluation of predictive models for compressive strength. AdaB, RF, and XGB all
demonstrated commendable performance across both training and test datasets. Notably, XGB
emerged as the top performer, consistently surpassing AdaB and RF. With flawless R2 scores of
100% on both training and test datasets, XGB showcased exceptional predictive capabilities.
Moreover, its superiority was further evidenced byachieving the lowest error metrics (MAE, MSE,
and RMSE) compared to AdaB and RF. These findings underscore XGB's remarkable accuracy and
precision in forecasting compressive strength, positioningit as the preferred model for such
predictions.
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Fig. 34. Error analysis- Compressive strength
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Fig. 35. Error analysis- Tensile strength

Fig. 35 depicts assessing the predictive models for tensile strength. AdaB, RF, and XGB each
demonstrated commendable performance. However, XGB consistently emerged as the standout
performer. Impressively, XGBattained perfect R2 scores of 100% on both training and test datasets,
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indicating its exceptional predictive prowess. Furthermore, XGB showcased the lowest error
metrics (MAE, MSE, and RMSE) compared to AdaB and RF, underscoring its unmatched accuracy
and precision in predicting tensile strength.These findings emphasize XGB's superiority and its
potential as the preferred model for such predictive tasks.
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Fig. 36. Error analysis- Flexural strength

Fig. 36 represents the evaluation of predictive models for flexural strength. All models
demonstrated satisfactory performance; however, XGB emerged as the standout performer.
Remarkably, XGB attained perfect RZ scores of 100% on both training and test datasets, showcasing
its exceptional predictive capabilities. Additionally, XGBexhibited the lowest error metrics (MAE,
MSE, and RMSE) compared to other models, indicating superior accuracy and precision in
predicting flexural strength. These findings underscore XGB superiority and highlight its potential
as the preferred model for accurate predictions of flexural strength in practical applications.

4. Conclusions

24

The study successfully demonstrates that the incorporation of hybrid fibers (crimped steel
fibers and polypropylene fibers) significantly enhances the mechanical properties of
concrete. The optimal mix identified includes 1% crimped steel fiber and 0.25%
polypropylene fiber.

A notable increase in compressive strength of up to 30.24% was achieved with the Hybrid
Fiber-Reinforced Tertiary Blended High-Performance Concrete (HFRTHPC) mix compared to
the reference mix, with the highest compressive strength recorded at 28 days.

The study revealed that as the W/B ratio increased from 0.275 to 0.375, the compressive
strength of the HFRTHPC mix decreased. The highest strengths were consistently observed
at the lowest W/B ratio, confirming the importance of maintaining a low W/B ratio for high-
performance concrete.

The results indicate a substantial improvement in split tensile strength (up to 40.70%) and
flexural strength (up to 38.22%) when 15% of the Ordinary Portland Cement (OPC) is
replaced with combined tertiary mineral admixtures (silica fume, metakaolin, and fly ash).
Among the mixtures analysed, the Hybrid Fiber-Reinforced Tertiary Blended High-
Performance Concrete (HFRTHPC) demonstrated optimal performance at a hybrid fiber
volume of 1.25% with a 15% addition of combined mineral admixture. This combination led
to significant improvements in compressive, splitting tensile, and flexural strength compared
to the reference mix, highlighting the effectiveness of this hybrid approach.

The proposed tertiary mix of cement with mineral admixtures outperformed other
configurations, such as binary and ternary mixes, due to the combined benefits of fly ash,
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metakaolin, and silica fume, which enhance particle packing, reduce porosity, and improve
bonding in the concrete matrix.

e The research successfully applied three machine learning techniques—AdaBoost, Random
Forest, and Extreme Gradient Boost—to model the mechanical properties of concrete.
Among these, the Extreme Gradient Boost (XGB) model exhibited superior predictive
accuracy and generalization capabilities, achieving R? scores of 1.000 for both training and
testing datasets for compressive strength. This indicates the potential of machine learning as
an effective tool for predicting concrete properties.

e This research highlights the potential for optimizing concrete compositions to create more
sustainable construction materials, reducing the environmental impact associated with
traditional concrete production by effectively utilizing industrial by-products like silica fume,
metakaolin, and fly ash.

e The findings of this study provide a foundation for future research into hybrid fiber-
reinforced concrete, suggesting avenues for further exploration in the optimization of fiber
types, dosages, and the incorporation of additional sustainable materials.
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