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ABSTRACT: The fracture energy of fiber-reinforced concrete (FRC) affects the durability and structural performance
of concrete elements. Advancements in experimental studies have yet to overcome the challenges of estimating fracture
energy, as the process remains time-intensive and costly. Therefore, machine learning techniques have emerged as
powerful alternatives. This study aims to investigate the performance of machine learning techniques to predict the
fracture energy of FRC. For this purpose, 500 data points, including 8 input parameters that affect the fracture energy of
FRC, are collected from three-point bending tests and employed to train and evaluate the machine learning techniques.
The findings showed that Gaussian process regression (GPR) outperforms all other models in terms of predictive
accuracy, achieving the highest R* of 0.93 and the lowest RMSE of 13.91 during holdout cross-validation. It is then
followed by support vector regression (SVR) and extreme gradient boosting regression (XGBR), whereas K-nearest
neighbours (KNN) and random forest regression (RFR) show the weakest predictions. The superiority of GPR is
further reinforced in a 5-fold cross-validation, where it consistently delivers an average R* above 0.96 and ranks highest
in overall predictive performance. Empirical testing with additional sample sets validates GPR’s model on the key
mix parameter’s impact on fracture energy, cementing its claim. The Fly-Ash cement exhibits the greatest fracture
energy due to superior fiber-matrix interaction, whereas the glass fiber dominates energy absorption amongst the
other types of fibers. In addition, increasing the water-to-cement (W/C) ratio from 0.30 to 0.50 yields a significant
improvement in fracture energy, which aligns well with the machine learning predictions. Similarly, loading rate
positively correlates with fracture energy, highlighting the strain-rate sensitivity of FRC. This work is the missing link
to integrate experimental fracture mechanics and computational intelligence, optimally and reasonably predicting and
refining the fracture energy of FRC.

KEYWORDS: Fiber-reinforced concrete; fracture energy; three-point bending test; machine learning; concrete mixing
optimization
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1 Introduction

Fracture energy describes how much energy a material can absorb after a crack has already formed,
making it especially important when one wants to know how tough concrete is [1-5]. Although it still pays
much attention to compressive strength, that one number often misses the full story about how concrete
behaves under real-world stresses such as impacts, blasts, or powerful earthquakes. When steel or polymer
fibers are mixed in, those small strands pull the broken pieces together, providing the material with an extra
reserve of ductility and crack control that engineers can rely on in slender beams, slabs, or precast panels [6,7].
Understanding fracture energy as a phenomenon can be crucial in designing concrete structures that are
durable and resilient. Cracking-resistant structures for bridges, pavements, tunnels, and even earthquake-
resilient buildings all require durable concrete.

The three-point bending test on notched beams has become the go-to procedure for measuring fracture
energy in concrete [8,9]. During the test, a notched concrete beam (typically 100 mm x 100 mm x 500 mm)
is placed on two supports and loaded from above until it fails, with the crack mouth opening displacement
recorded throughout. Researchers can determine the total work spent and then divide it by the area of the
new crack surfaces to calculate the fracture energy. This is achieved by tracing the load vs. crack mouth
opening displacement (CMOD) curve and subtracting the energy lost due to the bea’s weight. Because the
setup also reveals what happens after the peak load (such as crack tip opening, fiber bridging, and pullout),
the procedure provides a thorough picture of FRC toughness.

Although the three-point bending tests are precise, several limitations make them less suitable for wide-
scale or general evaluations. First, the procedure demands many hours and careful steps, from cutting notches
and controlling cure conditions to mounting instruments and processing data [10]. Second, testers need
extra gear (such as clip gauges, LVDTs, or crack-mouth gauges) whose availability can dictate timelines
and budgets. The setup is also susceptible to small changes in span-depth ratio, loading speed, or notch
shape; those variables alone can cause significant differences in results from one lab to another. Due to
the expense and complexity, researchers typically run only a few specimens, and tests are often limited to
fixed parameters (commonly 28 days of curing, one fiber type, or a single dosage), making it difficult for
findings to be easily translated to different mixes or service conditions. Variability from inconsistent fiber
orientation, trapped air, operator mistakes, and other sources spoils reproducibility, making it risky to use
fracture energy as a reliable comparison unless many samples are averaged together. Recent studies have
leaned on data-driven methods to get around these limitations, especially machine learning, as a strong
way to forecast fracture energy in FRC without the need for countless lab tests [11-13]. Rather than starting
with fixed equations such as traditional empirical or semi-empirical models, machine learning looks at
past measurements and picks up on the tricky, non-linear links among factors such as fiber type, fiber
volume fraction, water-to-cement ratio, aggregate size, curing time, and loading rate. Within this framework,
supervised regression models such as decision tree (DT), Gaussian process regression (GPR), support vector
regression (SVR), artificial neural networks (ANNs), k-nearest neighbours (KNNs), random forest regression
(RFR), and extreme gradient boosting regression (XGBoost) have become staples in concrete research [14-
18]. For example, Khan et al. [19] paired RFR and XGBoost to forecast the compressive strength of steel-FRC,
using SHAP to rank mix design factors and finding cement content ranked highest. Zhang et al. [20] explored
similarly tree-based models for manufactured-sand concrete, with gradient-boosted trees delivering the best
predictive scores. Wei et al. [15] trained a back-propagation neural network to estimate carbonation depth in
mineral-admixed concrete, showing clearer gains over standard formulae while naming fly ash content and
exposure time as key drivers. Kang et al. [17] ran eleven machine-learning algorithms against data for steel-
fiber specimens, unveiling tree and boosting variants as the most reliable and spotlighting water-to-cement
ratio plus silica fume as crucial inputs. Chen [16] constructed a hybrid system that fuses fuzzy logic, neural
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networks, and support vector machines to sharpen structural parameter estimation and damage detection
in concrete beams. Tran et al. [18] examined both sole and combined models, including gradient boosting-
particle swarm optimization (GB-PSO), XGBoost-PSO, and SVR-PSO to predict recycled aggregate concrete
strength, with cement share emerging strongest in feature importance and partial dependence tests. GB-
PSO showed the highest prediction accuracy in comparison to other models. Finally, Tarawneh et al. [21]
developed a combined ANN and genetic programming model that forecasts prestress losses in girders more
accurately than current design codes and shows that girder height and prestressing area are critical factors.
Together, these works highlight the ability of machine learning to transform how engineers predict concrete
behavior for diverse mixes, types, and structural applications.

Recent strides in machine learning and artificial intelligence are making it easier to forecast concrete
fracture energy. This progress is already beating older, purely experimental and empirical methods. Nikbin
et al. [11] trained an ANN on data from 246 fracture tests and used variables such as compressive strength
and water-to-cement ratio to get accurate energy estimates, outperforming classic regression techniques.
Xiao et al. [22] compared ridge regression, classification and regression tree (CART), and gradient-boosting
regression trees (GBRT) tuned through PSO to predict the fracture energy of concrete beams on the basis
of 736 data points. Their findings showed that the GBRT-PSO was the most precise model. Tran et al. [23]
focused on strain-hardening fiber-reinforced composites, showed that matrix strength and fiber type shape
fracture energy, and confirmed that machine learning can be a useful predictive tool for fracture energy
prediction. Kumar et al. [24] utilized 87 experimental data points to evaluate the performance of four models,
including XGBoost, RE, a convolutional neural network (CNN), and KNN, on high-strength and ultra-
high-strength concrete, and reported that XGBoost achieved an R? value above 0.97. Albaijan et al. [13]
tested twelve classic and modern machine learning models against 500 data samples. Among these, the
SVR and long short-term memory (LSTM) models proved to be the most reliable, achieving R* values of
0.9897 and 0.9804, respectively. They also developed a user-friendly software incorporating the implemented
models. On the basis of 246 data points provided in the Nikbin et al’s [11] research, Wang et al. [25]
introduced a deep learning model coupled with SHAP to interpret the influence of input variables on
fracture energy, surpassing empirical formulas and improving model transparency. Kewalramani et al. [26]
proposed advanced machine learning models, including AdaGrad gated recurrent unit (AdaG-GRU),
adaptive response surface method with KNN (ARSM-KNN), Chi-square automatic interaction detection-
decision tree (CHAID-DT), automatic linear regression with boosting overfitting criteria (ALR-OPC), and
a stacking approach to predict the initial fracture energy of concrete (IFEC). A dataset of 500 samples from
three-point bending tests was used for training and validation. The stacking ensemble and AdaG-GRU
models achieved outstanding predictive performance (R* = 0.98 and 0.95).



1576 Comput Model Eng Sci. 2025;144(2)

Machine-learning tools have made significant strides in predicting fracture energy in concrete; however,
many of these algorithms still struggle when faced with mixes they have never encountered before. The
mix in the present work includes distinct ingredients, fibre typologies, and curing methods that fall outside
the scope of the data previously fed into these algorithms. As a result, existing predictors fail to provide
credible estimates for the materials’ performance under crack opening and loading. That shortcoming is a
clear signal that the research community must begin curating smaller, focused databases for newer concrete
classes such as ultra-high-performance concrete (UHPC), strain-hardening fibre-reinforced composites, and
recycled-aggregate mixes. Gathering that data will require stepwise experiments in which every variation in
ingredients, placement temperature, and test age is logged in detail. Once enough richly annotated records
are in hand, engineers can build deeper networks that not only beat headline accuracy benchmarks but also
capture the physical pathways that govern cracking. Models such as these will enhance practicing designers’
confidence and provide codes with a firmer foundation because they relate fracture risk to a larger pool
of real-world concretes. The present study aims to create and assemble a high-quality, large-scale dataset
comprising 500 systematically obtained data points, enabling more accurate and precise machine learning-
based fracture energy prediction algorithms.

This study aims to develop a robust and adaptable tool for forecasting fracture energy in FRC by
integrating comprehensive laboratory tests with advanced machine learning methods. A central goal is
to collect an unusually large, high-quality dataset that includes 500 data points. The additional samples
encompass a diverse array of fiber types (including steel, glass, carbon, polypropylene, and basalt) with fiber
lengths ranging from 6 to 49 mm and volume fractions between 0.51% and 2.5%. This extensive variation
ensures that the database captures a wide spectrum of material behaviors and fracture responses. This rich
coverage lets authors disentangle the effect of each variable and move beyond earlier studies, which often
focused on only one or two fiber types and fixed combinations. The study also examines how fracture energy
shifts at loading rates ranging from 0.1 kN/s to nearly 2 kN/s and charts crack growth as specimens cure for
7,14, 28, and even 90 days, whereas much of the published work focuses on 28-day specimens kept under
stable conditions. The study sheds new light on FRC’s long-range behavior and helps designers predict how
structures will hold up as they age or dry by broadening the time and speed windows. A key objective of
the study is to compare the predictive accuracy of several popular machine learning techniques (KNN, SVR,
GPR, XGBR, ANN, and RFR) for fracture energy prediction. The work highlights which ones truly capture
the nonlinear relationships between mix design variables and energy release by running all these algorithms
side-by-side. Taken together, the large and varied experiments, the broad model comparison, deliberate
changes in fiber and curing parameters, and long monitoring times, the work provides a unified and novel
research contribution. The whole process of this study is shown in Fig. 1.
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Figure 1: The whole process of this study

2 Theoretical Fundamentals of Machine Learning Algorithms

The choice of KNN, GPR, ANN, SVR, RFR, and XGBR algorithms comes from their ability to tackle
the complex, nonlinear, and often high-dimensional patterns that define fracture energy in FRC. The study
aims to capture every nuance in the experimental data and produce reliable predictions for engineering use
by bringing together models with very different strengths. Thanks to their layered structure, ANNs quickly
learn complicated, curved trends, making them a go-to tool when many variables interact and influence FRC
performance at the same time. SVR, on the other hand, works really well with small to moderate sample
sizes and tends to produce reliable predictions even when observations are noisy or missing. RFR and XGBR
address the overfitting problem that often plagues fracture-energy forecasts by averaging multiple trees or
gradually correcting errors, which typically yields steadier and more accurate results. XGBR further tightens
the model through built-in regularization and smart tree pruning, meeting growing demands for explainable
artificial intelligence, as engineers can now trace how certain features influence the prediction. GPR adds a
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layer of probabilistic thinking, providing not just a single output value but also a confidence band—a priceless
feature in fracture mechanics, where consideration of data scatter and physical scatter is the rule. Lastly,
the KNN method stays simple yet effective, relying on local data clusters to predict fracture energy when
subtle changes in the mixture are what matter most. The researchers gain a well-rounded understanding of
what prediction tools can really do for this task by weaving together everything from old-school memory
methods and solid probabilistic techniques to cutting-edge ensembles and deep nets. Running all these
models side by side lets them see which one consistently shines when faced with different FRC mixes and
curing schedules. The goal, of course, is to build a model that scores high in accuracy yet remains easy to
explain and robust when the materials or test settings change, making it genuinely useful for engineers who
design with structural concrete every day. The following subsections will discuss the basic principles of each
of these algorithms.

2.1 ANN

Artificial neurons draw inspiration from real nerve cells, the building blocks of biological neural
networks (BNNs), which are found throughout the brain and control bodily functions. Inside a typical human
nerve network, billions of these cells are found, each slightly different in shape and function. Every single
neuron has four major parts (dendrites, axon, soma, and synapse), and even a simple diagram, such as the
one in Fig. 2a, shows how they fit together. Modern ANNs borrow that plan, but the borrowing is casual and
sometimes more poetic than scientific. Following a decades-old idea from McCulloch and Pitts [27], the first
textbook picture of an ANN treats its basic building block, the artificial neuron, as a math gadget rather than
a living cell. When the big homework problem needs solving, huge numbers of these math gadgets spring to
life at once, crunching numbers in parallel. Each artificial neuron receives a set of inputs, labeled x, which
it sums to obtain a raw output y before passing the result down the virtual circuitry. Fig. 2b indicates that
the sum is sliced into smaller bits, each bit brushed with a weight w, before a non-linear twist called the
activation function or transfer function f decides if the signal will really move on. An artificial neuron uses
a simple mathematical formula to show how an activation function works, whether that function is a step, a
sigmoid, or something else, as written in Eq. (1) [28].

yi=f (Z wz-sz-) 6)
i=0

In a simplified way, an artificial neuron mimics a real one by treating the axon and dendrite arrangement
as the spots where incoming signals add up and where the fire-alarm-like threshold sits, the soma. The
adjustable connection weights function like synapses, storing a memory of how strong each incoming signal
has been. Even though these artificial cells can be strung together in almost any fashion, every lineup creates
a separate network design and set of rules. Fig. 2c shows a classic feed-forward layout, the most basic shape,
where data only moves ahead and never loops back. Its first layer gathers the input neurons, each of which
translates raw numbers into tiny signals. Those signals then pass through one or more hidden layers, doing
little bits of math along the way, before finally lighting up the output layer with the answer. Unlike the usual
von-Neumann machine that follows a fixed script, the ANN updates itself over time, learning piece by piece
by chewing through many examples. The most common method for training it is called supervised learning,
where the system compares its guess to the true answer and then spreads any mistakes backward to tweak
the connection strengths [28].
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Figure 2: Working principle of ANNs. (a) A schematic drawing of biological neurons; (b) A schematic drawing of
artificial neurons; (c) The structure of feed-forward ANNs [28]

2.2 SVR

SVRis a popular method within the larger support vector machine family, and it is specifically designed
for handling regression tasks [29]. At its heart, the approach measures how far the nearest training points sit
from a central red line, or hyperplane, to shape the model. The actual formula that describes this prediction
process can be seen in Eq. (2) [30].

y=w-x+b 2)

where 7, w, and b are the predicted value, weight, and bias, respectively.

In non-linear regression tasks, SVR employs kernel functions to lift the data into a higher dimension
where a linear boundary can be found. Once in this expanded space, SVR searches for the best hyperplane
that hugs the sample points as closely as possible. Because of this dimensional shift, the formula for the
predicted output looks different, as shown in Eq. (3) [29].

y=w-2(x)+b (3)

where @(x) simply represents the chosen kernel mapping for input x. Polynomial kernels and radial-basis-
function kernels are among the most widely used. The impact of applying such kernels within SVR is visually
summarized in Fig. 3b [30].

When SVR trains, its dual goal is to widen the margin while keeping overall loss in check. The method
seeks a parameterized hyperplane that sits as far from the target points as possible, and, to facilitate learning,
it allows a tolerance band where small errors are permitted. Inside that band, no penalty is counted; outside
it, SVR tallies how far each point misses the mark, thus driving the final fit. Because of that band, the overall
cost only climbs when predictions stray past the upper or lower limits the model has set. Formally, that mixed
objective shows up in the expression given as Eq. (4) [30].

[ 8]

lw2+cgll(yi;j/i)’|j/_y|>e

Obj function = (4)

—

swhlp-yl<e
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where [ is the loss function that measures the error between the predicted and true values; and C is the
penalty factor for the error term.
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Figure 3: SVR without kernel function (a); and with kernel function (b) [30]

2.3 RFR

RFR builds a group of decision trees, each trained on its randomly selected slice of the entire training
set. After all the trees make their predictions, they are averaged to reach a single output. This averaging
process protects the model from idiosyncratic patterns in any one sample, making it tougher and reducing
overfitting. The real value of RFR can be seen when feature importance scores are examined, as they indicate
which input variables contribute to increasing or decreasing Community Structure (CS) scores. Another
practical advantage is that RFR ignores irrelevant or duplicated features while still delivering solid results,
a helpful trait when dealing with messy, high-dimensional data sets [31]. A flow chart illustrating the RFR
procedure is shown in Fig. 4. Each input batch, numbered n, carries one phenology z-score along with a
year’s weather predictors for that site. From these batches, the algorithm uses bagging to create K regression
trees, reshuffling the samples so that many observations appear in several trees, while others never appear
at all. At each split at each tree, RFR chooses the best predictor from a smaller random pool of m features
rather than from the complete set, a further source of randomness that prevents over-dependence on any
individual variable. Due to these specific design elements, random forests remain steadier and more precise,
and they also reduce the overlap between the regression trees within the model. Less overlap means the trees
can spot a wider range of patterns in the training data. Once all K trees give their individual predictions for
a new input, those values are averaged together to form the final phenology z-score estimate [32].
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2.4 XGBR

XGBR takes classic boosting a step further by adding regularization, working seamlessly with missing
data, and running tasks in parallel [33]. For many practitioners, its mix of scalability and predictive
punch places it near the top of the machine learning toolbox. In the current study, the model was chosen
because it hunts non-linear patterns, guards against overfitting, keeps computation light, and remains
interpretable [34]. The algorithm constructs a sequence of shallow decision trees, each trained to correct
errors introduced by its predecessor (Fig. 5). The ensemble captures complex relationships that simple
models miss by steadily shrinking the residuals. During this process, a set of internal tests grades features,
guiding splits while curbing excessive growth and protecting generalization. Because users can also plug
in custom loss functions, XGBR readily tackles the quirks of real-engineering tasks. Output includes a
ranking of feature importance, showing developers which inputs carry the most weight. Taken together, these
design choices usually yield accuracy, robustness, and a degree of insight well beyond a stand-alone weak
learner [30].
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Treel Tree2

Figure 5: Schematic of XGBR [30,35,36]

2.5 KNN

A quick refresher on KNN reveals that it predicts the value of a new point by examining its K nearest
neighbors in the training set. Imagine a regression task where one wants to estimate the value of a house.
The KNN algorithm first identifies the K nearest houses in the stored data and then averages their sale prices
to arrive at a prediction for the target house (Fig. 6). In practice, straight-line distance between each pair of
houses, usually calculated with the Euclidean formula, serves as the yardstick for closeness (Eq. (5)) [30].

n

N DICENE )

i=1

where x represents the target values for observed samples and y denotes the target values for neighbor-
ing samples.

;‘% ~— Prediction
- ° @ Train data
@ Testdata

° @ Nearest neighbours

Feature

Figure 6: Schematic of KNN for regression [30]
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2.6 GPR

In Bayesian inference, a Gaussian process acts as a prior over unknown functions [37]. Given N
distinct non-negative integer input locations, one can build a multivariate Gaussian where the covariance
is formed using the chosen kernel across these points. Drawing samples from this distribution yields
function values that respect the specified covariance pattern. When faced with multi-output tasks, GPR
can be scaled to handle vector-valued outputs by assembling a single large covariance matrix that encodes
dependencies among both inputs and outputs [38]. This matrix-valued approach was extended to even more
robust models such as Student-t processes, which feature heavier tails and are therefore more resilient to
outlier observations [39]. Drawing conclusions about continuous numbers using a Gaussian process prior is
known as Gaussian process regression, or GPR, and the extended version that predicts multiple outcomes
simultaneously is called cokriging. Both methods provide a highly adaptable, non-linear way to fill in gaps in
multivariate data, and they can be tweaked to work with mixed integer and real inputs. Beyond interpolation,
Gaussian processes also appear in numerical analysis for problems such as estimating integrals, solving
certain differential equations, and guiding careful, data-driven optimizations, a field sometimes referred to
as probabilistic numerics [40]. Fig. 7 places GPR beside kernel ridge regression and SVR, clearly showing
the unique role GPR plays. The orange GPR curve not only follows the data trend but also paints confidence
bands around itself, allowing users to see how specific the model is at each point. In contrast, the red SVR line
and the cyan Kernel Ridge Regression (KRR) line make bold predictions without indicating how shaky or
solid those predictions are. Because of this built-in uncertainty, GPR faithfully captures tiny recurring wiggles
in the data and therefore becomes indispensable in places where knowing how much to trust a forecast really
matters. The GPR uses highlighted feed directly into mixture-of-experts setups. Tricky problem into smaller,
familiar pieces by slicing a big, each piece is handled by its own Gaussian-process expert, together creating
a clearer overall picture. Examples abound in the natural sciences, from disentangling noisy starlight in
astronomy to predicting how chemical compounds behave and even to fine-tuning cost-effective surrogate
models for atomic forces [41-43].

GPR v.s. Kernel Ridge v.s. SVR

— True
= SVR (kernel=rbf, C=1, gamma=1}
4 KRR ({'alpha’: 0.01, 'kernel': ExpSineSguared(length_scale=1.67, periodicity=12.9)})
GPR (ExpSineSquared(length_scale=1.73, periodicity=6.16) + WhiteKernel(noise_level=0.564))
® Data
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-3 T T T T T T T
0.0 2.5 5.0 7.5 10.0 125 15.0 175 20.0
data

Figure 7: An example of GPR (prediction) compared to KRR and SVR [44]
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3 Methodology
3.1 Concrete Sample Preparation and Fracture Energy Testing

Prior to conducting laboratory tests, it is essential to set specific parameters that will employ a
fracture energy influence. These parameters are concrete mix proportions, type of reinforcements, curing
conditions, and loading rates. The combination of these factors enables the creation of a wide, diverse,
and statistically significant dataset (Table 1). The concrete mix design comprises different types of cement,
including Ordinary Portland Cement (OPC), Portland Pozzolana Cement (PPC), Ground Granulated Blast
Furnace Slag (GGBS), Fly Ash cement, and Sulfate Resistant Cement (SRC). The water-to-cement ratio (W/C
ratio) ranges from 0.3 to 0.5 since it affects workability, strength, and fracture toughness. Aggregates, which
serve as the concrete’s bulk and provide strength, include crushed stones and river gravel in three different
sizes: 10, 20, and 30 mm. Fiber reinforcement is used in the concrete mix to enhance fracture energy. The fiber
types considered are five: Steel, Glass, Carbon, Polypropylene, and Basalt, with fiber volume fractions varying
from 0.51% to 2.5%. The fiber lengths range from 6 to 49 mm. These changes in reinforcement properties aid
in evaluating their effects on the energy needed to fracture a material and the behavior of the cracks. Various
methods of curing concrete have a direct impact on strength development. The samples undergo curing at:
7,14, 28, and 90 days under standard water curing and controlled temperature curing conditions. Different
loading rates for the three-point bending test, ranging from 0.1 through to 2.0 kN/s, captures the impact of
speed on fracture energy. Adjusting these parameters yields 500 data points for the study, which allows for
the accurate assessment of the fracture behavior of FRC.

Table 1: The values or types of input parameters

Category Parameter Values used
Cement type OPC, PPC, GGBS, Fly-Ash, SRC
Concrete mix design Water-cement ratio 0.3, 0.35, 0.4, 0.45, 0.5
Aggregate size (mm) 10, 20, 30
Fiber type Steel, Glass, Carbon, Polypropylene, Basalt
Reinforcement properties ~ Fiber volume fraction (%) 0.51-2.5
Fiber length (mm) 6-49

Curing conditions Curing age (days) 7,14, 28,90

Testing method Loading rate (kN/s) 0.1-1.99

The three-point bending test procedure in this study follows recommendations outlined by the ACI
Committee 544 (specifically ACI 544.2R-89) [45], which provides guidance for testing the flexural perfor-
mance of FRC using beam specimens with a central notch. The primary objective is to ensure that the
prepared concrete batches exhibit uniform characteristics, enabling meaningful comparisons of fracture
energy values. All ingredients are precisely measured first, prior to the construction design guide, to set up
the concrete mixture. The dry ingredients, which are cement, fine aggregate, and coarse aggregate, undergo a
two-minute blending process to achieve even distribution. Gradually, superplasticizers and water are added
with continued stirring for three minutes. When fibers are specified, they are added in a controlled manner
to prevent balling and guarantee a uniform dispersion throughout the matrix. As a final step, the mixture was
stirred for an additional two to three minutes to produce a homogeneous, fluent mixture that is workable.
The blend is poured into beam molds (100 mm x 100 mm x 500 mm) after mixing. The used molds match
what many labs now consider standard for testing fracture energy in FRC. This format follows guidance from
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the RILEM TC 50-FMC committee (1985) [46,47]. Although RILEM does not mandate a specific size, its
suggestion of a 5-to-1 span-to-depth ratio and a central notch fits neatly with a 100 mm depth and a 500 mm
span. The molds are first smeared with release oil to avoid sticking. The concrete is placed in three equal parts,
where each part is compacted with a tamping rod or vibrating table to release air and align fibers. The upper
surface is then flattened with a steel trowel for uniformity. The specimens are next left in the molds for 24 h
under ambient conditions after pouring. After removal, they are immersed in water curing tanks controlled
at 20°C-25°C. Using curing durations of 7, 14, 28, and 90 days, the molds are checked during these times to
see how hydration periods affect fracture energy.

The measurement of fracture energy related to crack propagation is performed using a three-point
bending test. This is done using a Universal Testing Machine (UTM). The UTM can support a maximum load
of 100 kN, a level that comfortably handles tests on miniature FRC beams across a range of loading speeds.
Its built-in load regulators and displacement sensors work together to record load-CMOD curves with the
accuracy needed to calculate fracture energy reliably. Each beam specimen is placed on a pair of rollers that
are 400 mm apart. A pre-notch measuring 5 mm is introduced at the center of the beam. Fill fracture occurs
when a when aserves as thet serves as the the load, which is set at the midpoint to be the only load applied.
The testing method involves the three steps: (1) Multiload beams are set to 0.1-2.0 kN/s to observe the effect
of loading rates on fracture energy; (2) Both load and stroke are recorded during the sample processing; (3)
Fracture energy of the beam specimen is gauged at its final complete fracture point.

Eq. (6) is utilized to calculate the fracture energy of concrete specimens.
Gr=WJ/A (6)

where Gp is the fracture energy, A is the total work done (the area under the load-displacement curve), and
W is the fracture area (width x initial notch length).

3.2 Data Normalization and Modeling Procedure

In the context of training machine learning models, parameter normalization is critical when features
have different scales or units. There are algorithms, such as those that use gradients (neural networks,
support vector machines, or k-nearest neighbors), that are particularly sensitive to feature magnitudes.
The dominance of value features can slow convergence and lead to skewed updates, wasting iterator cycles
in the presence of large-valued features. In addition, normalization enhances numerical precision and
ensures the proper functioning of distance-based models by mitigating the impact of specific features that
can skew distance calculations. Normalization transforms features into a uniform range, improving the
learning efficiency, stability, generalization, and overall performance of the model. A common method for
normalization is Min-Max normalization, which rescales all features into a predefined range usually [0, 1] or
[-1, 1]. This approach is described mathematically through Eq. (7).

X' = & (7)

Xmax - Xmin

In this equation, X is the original feature value, and X,in, Xmax are the minimum and maximum values
of the feature, respectively. X’ is the normalized value. Under this normalization technique, which can be
applied in this study, almost all parameters, such as the W/C ratio, fiber volume fraction, and loading rate,
are scaled with respect to their minimum and maximum values, ensuring that all features have the same
influence on the machine learning model. This modification helps enhance the stability and interpretability
of the model while retaining the relationships among data points. Nonetheless, Min-Max normalization is
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sensitive to outliers, since outlier values tend to reduce the feature range, causing distortion. For this reason,
it performs best in the absence of large anomalies within the dataset.

The Anaconda 2.3.1 environment was utilized to implement machine learning techniques through the
Python programming language. This includes coding, data processing, model training, and evaluation tasks,
which are performed in Jupyter Notebook 6.4.12. Jupyter Notebook is an interactive computing platform
that enhances the ease of performing and visualizing experiments with complex calculations. It assists in
achieving maximum productive output by allowing the flexible creation of codes, easy identification and
rectification of errors, and the incorporation of numerous required Python libraries for machine learning,
such as Scikit-learn, TensorFlow, NumPy, Pandas, and Matplotlib. The Anaconda distribution for Windows
was selected because it provides good support for system packages and default dependencies, as well as being
optimized for big data processing, which is critical in developing and improving predictive models.

3.3 Modeling Workflow

This study conducts its modeling workflow through a clear, step-by-step pipeline to ensure accurate
and reproducible predictions of fracture energy in FRC. First, raw data undergoes preprocessing, in which
Min-Max scaling normalizes the features, ensuring that input values fall within the same range and do not
skew distance-sensitive algorithms. After scaling, the dataset is shuffled and split into training and testing
sets, with 80% of the data used to train the models and 20% reserved for final performance checks. Machine
learning algorithms are trained separately on the training split, and Bayesian optimization fine-tunes their
hyperparameters in each case to improve generalization. Once training is complete, each model is tested not
only on the held-out set but also through k-fold cross-validation, providing a more robust assessment of its
predictive performance on unseen data. Results are then summarized using a battery of statistical metrics,
and head-to-head comparisons reveal which model is most stable or suited to different concrete blends.

3.4 Cross-Validation Techniques

Two different cross-validation tests were conducted to ensure the model performs well on new cases and
to prevent overfitting. The first step involved a simple holdout, which split the data into 80% and 20% sets,
using 80% for training and the remaining 20% as an initial assessment of how well the model handled unseen
examples. Hence, 5-fold cross-validation was added; the data was shuffled and split into five roughly equal
groups, or folds. For each round, four of those folds trained the model, while the fifth acted as a temporary
test set. The cycle continued until every observation had been tested once. The scores from all five rounds
were then averaged, providing a stable and fair representation of how accurately the system will perform in
real-world use. Because the fracture energy dataset is small and varies only so much, this multi-fold setup
reduces random noise and provides a clearer view of model behavior.

3.5 Performance Metrics

Researchers turned to four solid statistical yardsticks: the coefficient of determination (R*), root mean
squared error (RMSE), variance accounted for (VAF), and the a'°-index to rigorously assess and compare
how well the machine-learning models shoot their targets. R* reveals how much of the ups and downs in
the experimental fracture-energy numbers the model can explain, providing a quick read on its explanatory
power. RMSE, which is tied to the scale of the actual data, indicates on average how far the predictions deviate
from reality a smaller RMSE means the model is missing the mark by a narrower margin. VAF strips away
some of the noise by comparing the leftover variance in the predicted and measured sets, adding yet another
lens to the question of good fit. The a'®-index goes a step further in an engineering context by counting
the share of forecasts that land within plus-or-minus ten percent of what the lab actually recorded. Taken
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together, these four criteria provide a comprehensive view of accuracy, durability under varying conditions,
and day-to-day trustworthiness in the model’s predictions.

4 Data Analysis

Analyzing datasets statistically helps understand their structures before operating with machine learn-
ing. Possible outcomes of missed biases, outliers, and gaps can make machine learning algorithms useless.
Statistical evaluation helps to select appropriate features and assess data variability. Analysis also determines
if certain assumptions, such as normality, are suitable for the algorithms in use. Descriptive statistics and
correlation aids build data-driven theories, which guide decisions made during modeling. These procedures
enhance the efficiency and relevance of resulting models, while increasing their applicability to new data. This
study applies statistics to validate the dataset’s features, ensuring they are augmented by clean data intervals
for efficient training of machine learning models.

An overview of the dataset is provided using the Pearson correlation matrix shown in Fig. 8, which
illustrates the linear relationship between various attributes. The W/C ratio has a weak, but positive
correlation with fracture energy at 0.077 indicating that a higher W/C ratio can improve fracture energy,
albeit not by a significant margin. It is correct that raising the W/C ratio usually lowers compressive strength
and fracture energy; the increased pore space and weaker bonds in the microstructure make the mix less able
to resist crack growth and crack tip opening displacement (CTOD). In the dataset, the Pearson correlation
between the W/C ratio and fracture energy yielded a slightly positive value of 0.077 That number does not
mean that a higher W/C ratio actually improves fracture energy; it only shows a faint statistical pattern
hidden among the various fiber types, volumes, lengths, and curing methods in the data. A weak positive
correlation was observed in the dataset, likely because the fibers compensated for the drawbacks of a higher
W/C ratio in some mixes. When W/C rises, fresh concrete becomes easier to handle, allowing the fibers to
spread more evenly. This reduces clumping, raises uniform reinforcement, and helps the composite absorb
energy as cracks begin. The improved distribution can also bridge tiny fissures more effectively, slightly
boosting measured fracture energy even when the surrounding matrix is mechanically weaker.

Aggregate size does not correlate with other variables, indicating its neutrality in the dataset. Fiber
volume fraction and fiber length share a moderate positive correlation estimated at (0.097). This is not
surprising as the properties of the fibers tend to be interconnected. Curing age shows a slightly negative
correlation with loading rate, at —0.075, meaning that longer curing can reduce sensitivity due to an increase
in the change in loading rate. Overall, correlations do not exhibit significant strength, indicating a high level
of complexity behind these relations. Such weak and scattered correlations signify that these relationships
are best described with non-linear models, as opposed to simple linear ones. One needs to use machine
learning methods that work better for non-linear relationships and complex interactions to gain a better
understanding of the dependencies between input parameters and fracture energy.
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Figure 8: Heatmap of Pearson correlation matrix for the data-points

The boxplots given in Fig. 9 depict the distribution of five input features. Each boxplot contains an
interquartile range (IQR) defined by the median values of the first and third quartiles, along with the line
within the box. In addition, the whiskers illustrate the minimum and maximum values. There are no apparent
outliers in any of the plots; this is a sign of well-distributed data. The symmetry in all parameters indicates a
low degree of variation around the central value, which enhances the trustworthiness of these measures. The
absence of variability suggests that these parameters contain no inconsistencies, making them suitable for
machine learning algorithms. Since additional information and outliers can drastically affect the accuracy
of predictive models, the well-organized nature of these variables ensures that more dependable models will
be designed. This ensures more reliable predictions for fracture toughness and other considered properties.

Due to the clear and non-continuous impact, the curing age has on concrete, as a categorical parameter.
Curing age signifies specific milestone periods (7, 14, 28, and 90 days) that mark the progress of hydration
and the form it takes, which, in turn, unlocks various microstructural changes and strength enhancements.
These time intervals indicate thresholds in the material’s development and phases, where the speed of
hydration and many other factors, such as concrete’s strength, durability, shrinkage, and numerous other
properties, are not continuous but instead step-wise. Curing age as a categorical variable captures these
specific effects by ensuring that all designated time points are represented and their impact on concrete
performance is modeled more accurately. This reasoning aligns with the expertise in concrete technology,
where practitioners analyze the behavior of concrete in relation to specific curing stages, rather than treating
it as a continuous function with age as the only variable.
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Figure 9: Box plots for numerical parameters

Fig. 10 displays count plots for the categorical parameters (cement type, fiber type, and curing age).
Based on the distribution of data, GGBS and OPC appear to be the two most commonly used cement types.
Fly ash, SRC, and PPC are relatively scarce, but still consistent enough to indicate a good balance within
the data. For fiber type, the distribution is also balanced, with polypropylene and carbon fiber being slightly
more dominant than the other types, ensuring coverage across the spectrum of fiber types. Examining the
distribution of curing age as a categorical variable reveals the following observations: 7, 14, 28, and 90 days.
The data is fairly consistent in terms of these categorical variables, incorporating various considerations
and therefore having the potential to adequately train machine learning models. Due to the variability and
diversity these parameters exhibit, complex interactions can be captured, resulting in higher model accuracy
and generalization.

Permutation Feature Importance (PFI) was employed to examine how input parameters impact fracture
energy. This approach is model agnostic and provides a simple way to assess the impact of each input variable
on the overall performance of the predictive model. A random forest regressor was selected for the dataset to
estimate fracture energy because it is known to outperform other models, and its non-linear relationships,
along with interactions between variables, make its underlying structure complex. After training, PFI was
implemented by iteratively randomizing the values of individual features, disrupting their association with
the target variable while maintaining the values of all other features. The model’s performance was retested
after shuffling, and the performance drop highlighted the importance of that feature. A greater decrease
in performance was shown to signify greater importance of the feature. A single value representing all
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importance scores computed from different permutations was calculated by averaging the scores along with
their standard deviation to achieve robustness and reduce randomness.
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Figure 10: Count plots of categorical parameters. (a) Cement type; (b) Fiber type; (c) Curing age

Analysis of feature importance provides a clear hierarchy of the relative impact of the input parameters
on the model’s output, in this case, the fracture energy. The feature importance results using the PFI
method are shown in Fig. 11. Fiber volume fraction was adjudged the most vital parameter of concern
for fracture energy. Increased fiber volume improves the crack-bridging mechanisms, thus enhancing the
fracture resistance and total energy absorption as well as the FRC. Curing age was of lesser importance,
ranked second, as longer curing periods tend to provide hydration and microstructure refinement, which
increases the bond between the fibers and cement matrix, enhancing fracture energy. The W/C ratio was
the third most important parameter because it affects the porosity and bonding of the matrix-fiber. A lower
value of the W/C ratio is advantageous as it enhances the strength of the matrix; however, if the water content
is too high, the strength of the matrix becomes weak, and energy dissipation decreases. The type of cement
also significantly affected the microstructural features and how cracks propagate and energy is absorbed.
Fiber length was of moderate importance, as longer fibers tend to improve crack arrest mechanisms, thus
increasing fracture energy. Aggregate size was of relatively lesser importance, as the larger aggregates could
form stress concentration pillars, which altered the crack path but did not significantly affect the fracture
energy compared to fiber-related considerations. Fiber type has a moderate influence, as various types of
fibers alter both the mechanical properties and the interaction with the matrix, changing the constituents
that, in most crude forms of fracture, possess some angular merits. Amazingly, the loading rate led to some



Comput Model Eng Sci. 2025;144(2) 1591

adverse effects, that is, correlates with a decrease in fracture energy. Higher loading rates typically lead to
more brittle failure and less energy dissipation, which is why there is this negative influence.
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Figure 11: Feature importance results obtained using the PFI method

The sensitivity analysis reveals that the most significant variables influencing fracture energy are fiber
volume fraction, curing age, and W/C ratio. Maximally tailoring these parameters in the mix design and
curing processes can improve the energy absorption capacity of FRC. In addition, the adverse effect of
loading rate implies that the control of the fracture-critical concrete’s loading conditions is important for
high-performance designs. These results provide a reliable starting point for optimizing fracture energy in
FRC through the careful selection of specific parameters and range adjustments to achieve peak performance.

Following the training of the dataset using the random forest regressor, a partial dependence plot (PDP)
was developed to study the sensitivity of fracture energy to different input parameters. PDPs visually show
how each input contributes to the overall output of each model, considering all other factors by averaging
them out. This approach facilitates understanding of sophisticated machine learning models by illustrating
how the target response (in this case, fracture energy) depends on changes in other associated features. The
PDPs in Fig. 12 illustrate the relationship between fracture energy and various concrete properties. Fracture
energy appears to be highly dependent on the type of cement used, as it significantly increases when the
cement type changes from negative to positive values, indicating a strong dependency. The aggregate size
has almost the same value, meaning it does not significantly affect the fracture energy. For fiber type, a slight
non-monotonic behavior is noted, demonstrating moderate sensitivity. Moderate sensitivity is observed, as
non-linear relationships are created between fracture energy and other contributing parameters. The same
behavior is observed for fiber length, which yields highly variable responses, indicating a non-linear and
complex relationship with fracture energy. The downward trend observed with curing age suggests that,
beyond a specific point, allowing longer curing will not significantly increase fracture energy, indicating a
limit. Considerable variability in bearing fracture energy highlights a complicated dependency set, which is
likely impacted by the effects of strain rate within the context of fracture mechanics. The parameters that
seem to matter the most in defining fracture energy are fiber volume fraction, fiber length, and loading rate,
due to their pronounced non-linear effects. These parameters are likely connected to fracture mechanics in
FRC because the fiber properties are crucial to the processes of crack bridging and energy dissipation. Also,
the W/C ratio and type of cement used are essential since they control the microstructure and the mechanical
features of the matrix. On the other hand, aggregate size, as well as curing age, appear to have lesser effects,
which indicates that these parameters are either too weak or masked by fiber-associated properties.
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Figure 12: PDP graphs for input parameters

5 Results and Comparison

It is critical to compare different machine learning models to identify the most accurate and efficient
model for a specific problem and task. For instance, in the case of predicting fracture energy, as it involves
multiple parameters interacting in a complex non-linear fashion, it is not possible to assume that any single
algorithm will work best without thorough testing and evaluation. Researchers need to benchmark various
algorithms to determine which one best captures the complex dependencies between input parameters and
output fracture energy. The benchmarking exercises serve an additional role in highlighting the performance
differences among various techniques, assisting in model selection, and refinement decisions. Objective and
quantifiable measurement benchmarks such as RMSE, R?, al0-index, and VAF are employed to evaluate
accuracy and generalizability. A comparative study ensures that the chosen model is not only reliable but
also safeguarded against dependency on specific data distributions that can mask real variability, leading to
overfitting or underfitting. Most importantly, the reliability of predictions is reinforced once several models
have been studied in conjunction with one another. This not only increases the clarity of machine learning
applications but also enhances the interpretability of results and their utility for practical engineering work.

In the first phase of evaluating the performance of the machine learning algorithms, the holdout cross-
validation technique is utilized to assess predictive power, at least for the first iteration, ensuring an accurate
evaluation for each model. Following this strategy, the dataset is randomly divided into two subsets, with
80 percent of the data allocated towards training, where the models are trained to learn the patterns and
relations. The remaining 20 percent of data is reserved for testing purposes, to determine how well the model
generalizes its performance. This approach eliminates the problem of overfitting and ensures an unbiased
estimate of accuracy for new, previously unencountered data. This approach enabled the evaluation and
analysis of the effectiveness and accuracy of the machine learning models in predicting fracture energy.
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In Fig. 13, a detailed examination of the fracture energy prediction within FRC is provided from
the machine learning model perspective using statistical indices. Subfigure (a) presents scatter graphs of
predicted vs. actual fracture energy with six models: KNN, SVR, GPR, XGBR, ANN, and RFR. The plots
include annotation for perfect prediction, which is x = y, and prediction boundaries which are x = 0.9y
and x = 1.1y, and the al0-index that counts the number of predictions within the range of £10% of actual
predictions. Results indicate that the GPR model has the best al0-index of 0.89, followed by SVR (0.86) and
XGBR (0.78), confirming that these models still outperform the rest of the models. Subfigure (b) examines
the performance of the models in terms of four key statistical measures. Each measure has an associated
score, which increases with improved performance. GPR ranks highest overall, with a sum of scores equal
to 21, as a result of its high accuracy (R* = 0.93) and low prediction error (RMSE = 13.91). SVR, with a sum of
scores of 16, emerges as the second best model, demonstrating comparable accuracy (R* = 0.90) but higher
error (RMSE =17.14). XGBR and ANN follow closely with sums of scores of 12 and 15, respectively, indicating
moderate performance across the metrics. KNN and RFR exhibited the lowest performance, scoring a total
of 4 and 8, resulting from lower al0-index values and higher RMSEs. GPR outperformed the other models
in all the other metrics, owing to the balance achieved between accuracy and robustness, making GPR the
most suitable algorithm for predicting fracture energy in this study.

In the second stage of the performance comparison of the algorithms, the K-fold cross-validation
technique with K = 5 is used in order to enhance the reliability and robustness of the evaluation. In this
method, the dataset is randomly divided into five equal-sized subsets (folds). In each iteration, four folds
are used for training, while the remaining fold is used for testing. This is done five times, whereby each fold
becomes the test set once, so that all data points are utilized for training and validating the model. Averaging
the results of each fold computation gave a more stable and unbiased estimate of model performance. Unlike
the holdout method, which splits the data once into training and testing sets, cross-validation with folds
reduces the likelihood of obtaining inaccurate performance results due to a split in non-representative data.
Through several training and testing cycles, K-fold cross-validation enhances the evaluation of accuracy and
generalization of the model, reducing the associated variability associated with a single partitioned data split.
This method is most useful with scarce datasets because it optimizes data usage and minimizes the risks of
overfitting or underfitting, resulting in a more accurate assessment of the algorithm’s performance.
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Figure 13: Comparison of holdout results obtained from algorithms through statistical indices. (a) al0-index;
(b) Comprehensive ranking score

In Fig. 14a the GPR model is demonstrated to surpass its peers with an average R* in excess of 0.96,
minimal RMSE, and supreme VAF alongside a total score of 83, indicating GPR as the preeminent model
when compared to other tested algorithms. With the GPR surpassing its score-mates with an unrivaled R*
average of over 0.96 alongside this value, the ensemble of SVR stood second with 61 points followed closely
by ANN and XGBR with 45 and 55 points, respectively. The GPR performance scores exhibited consistency,
enabling it to maintain an edge over its counterparts. RFR and KNN succeeded in obtaining ensemble scores
that indicate a lack of predictive capabilities, outpacing comparably GPR, ANN, and SVR, which suggests a
weak ability to predict trends. It is, however, interesting to note how SVR claimed the second spot, edging out
RFR and KNN, which struggled with ensemble scores. Fig. 14 illustrates that both summarized and detailed
views of the data chapter are incorporated to facilitate a better understanding of how peak performance is
achieved, in a lift-and-look manner. The described metrics are incorporated for comparison purposes on a
single unit. The GPR model relies on possessing the dependent variable data of the target, which is the current
value of the GPR and boasts high ensemble performance. This model repeatedly scored high on the scoring
ruler, enabling it to easily surpass its peers with the highest measuring criteria in benchmarking, capable of
multiple GPR scoring overflow along multiple metrics. The bar chart in Fig. 14b supports these observations
by showing that GPR has higher scores than others in every fold. However, the K-fold cross-validation
approach attempts to mitigate bias or variance introduced by a static data split, ensuring a more emphatic
evaluation of model validity. As the data is iteratively split into training and testing sets, the results achieved
better reflect the model’s ability to generalize beyond the training set. This refinement step is essential to
ensure that fracture energy prediction in FRC, where accuracy and dependability are critical, seamlessly
integrates with the model selected for this analysis.
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Machine learning algorithm R2 Score RMSE Score VAF Score Sum of scores
Fold 1 0.80 1 21.81 1 0.80 1
Fold 2 0.81 1 23.46 1 0.82 1
KNN Fold 3 0.85 1 20.36 1 0.85 1 15
Fold 4 0.84 1 21.32 1 0.84 1
Fold 5 0.75 1 23.87 1 0.79 1
Fold 1 0.89 3 19.64 2 0.89 2
Fold 2 0.94 5 11.63 5 0.95 5
SVR Fold 3 0.92 5 13.96 5 0.92 3 61
Fold 4 0.93 4 11.94 5 0.93 4
Fold 5 0.92 4 14.20 5 0.92 4
Fold 1 0.95 5 10.76 6 0.95 5
Fold 2 0.96 6 9.32 6 0.97 6
GPR Fold 3 0.96 6 10.03 6 0.96 5 83
Fold 4 0.97 5 10.18 6 0.97 5
Fold 5 0.97 5 8.30 6 0.97 5
Fold 1 0.93 4 12.93 5 0.93 4
Fold 2 091 4 15.82 4 0.92 3
XGBR Fold 3 091 4 15.04 4 091 2 55
Fold 4 0.93 4 13.69 4 0.93 4
Fold 5 0.88 3 16.27 4 0.88 2
Fold 1 0.89 3 16.41 4 0.92 3
Fold 2 0.89 3 18.06 3 0.94 4
ANN Fold 3 0.87 2 18.46 2 0.94 4 45
Fold 4 0.89 3 17.23 3 0.92 3
Fold 5 0.86 2 17.73 3 091 3
Fold 1 0.87 2 17.54 3 0.89 2
Fold 2 0.88 2 18.35 2 091 2
RFR Fold 3 0.89 3 17.58 3 091 2 33
Fold 4 0.87 2 18.55 2 0.89 2
Fold 5 0.86 2 17.75 2 0.88 2
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Figure 14: Comparison of the machine learning algorithms’ performance using 5-fold cross-validation: (a) tabulated
results; and (b) graphical representation of the scores for each fold

The goal now is to analyze the generalizing ability of machine learning models. Table 2 shows that five
new test data points incorporate various cement types, including Fly Ash, SRC, GGBS, PPC, and OPC, while
other parameters, such as the W/C ratio, aggregate size, fiber type, fiber volume fraction, fiber length, curing
age, and loading rate, are kept constant. These data points are used as new benchmark tests to evaluate the
extent to which a given model has achieved generalization. Actual values from three-point bending tests are
shown for the fractures obtained, and predicted values from six distributed machine learning models are
shown alongside. The attached graphs facilitate a visual comparison of the assumed and empirical values,
which were employed to validate the estimates of the focus variable, cement type, for the fracture energy.
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Table 2: Five new test data-points with various cement types to evaluate the effect of this parameter on the fracture
energy and investigate the performance of machine learning techniques

Cement W/C Aggregate Fiber type Fiber Fiber Curing age Loading

type ratio size volume length (Days) rate
(mm) fraction (%) (mm) (kN/s)

Fly-Ash 0.47 30 Glass fiber 1.82 35 14 0.87
SRC 0.47 30 Glass fiber 1.82 35 14 0.87
GGBS 0.47 30 Glass fiber 1.82 35 14 0.87
PPC 0.47 30 Glass fiber 1.82 35 14 0.87
OPC 0.47 30 Glass fiber 1.82 35 14 0.87

The comparative assessment serves as a vital evaluation of the strength and consistency of the machine
learning models with respect to actual differences in concrete mix design. Since the type of cement used has
a significant effect on the mechanical characteristics of the concrete, having models under such verification
criteria is tantamount to an appraisal of model accuracy and generalization beyond a given dataset. The
study specifically aims to develop the most dependable model for predictive fracture energy estimation, as
it has significant implications in material optimization, computational modeling in civil engineering, and
construction. In addition, model results that accurately align with empirical data can substantially decrease
expenses and time by eliminating tedious laboratory work while still delivering dependable results. The
results from the cement type parameter, denoted as Fly-Ash in Table 3, indicate that the highest amount of
fracture energy is achieved when using the Fly-Ash class of cement. This indicates that Fly-Ash increases
the potential energy that can be absorbed by the concrete, which is reinforced with fibers, as the fracture
energy surpasses the resistance to fracture. Slow pozzolanic reactions and the formation of a permanent,
dense matrix over time can also enhance the energy absorption potential of the concrete. The increase in
fracture energy with the use of Fly Ash can also be justified through the positive impact of the ash on fiber-
matrix interactions, which enhance the bridging mechanism of cracks, aiding in restricting their growth. In
addition, these factors, along with the reduction of pores due to ash and the improved microstructure, can
strengthen resistance to fractures. This shows the potential use of Fly-Ash cement class in projects needing
high fracture resistance combined with durability to shift the rupture zone to severe dynamic and impact
workloads on the structure.

Table 3: Fracture energy values obtained from laboratory tests and machine learning models for different cement type
states

Cement type Fracture energy results (N/m)
Three-point bending test KNN  SVR GPR XGBR ANN RFR
Fly-Ash 291.26 289.35 289.81 290.96 291.61 29416 281.35
SRC 289.41 289.35 288.03 288.90 289.84 28214 281.39
GGBS 285.93 289.35 284.87 285.49 291.61 27796 279.18
PPC 282.35 288.97 280.58 281.23 280.63 278.89 278.87
OPC 275.64 288.97 27531 27614 27746 283.22 276.59

The anticipated outcomes show that GPR produces the most accurate estimates, as its predictions are in
close agreement with the experimental values for all cement types tested. The SVR and XGBR models also
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perform competitively, though some cases showed greater discrepancies. The greatest deviation was observed
in SRC, GGBS, and OPC for ANN, indicating potential overfitting or volatility in the predictions. KNN and
RFR seem to underperform in most cases, implying that they do not effectively model the data for fracture
energy prediction. The graphical comparison from Fig. 15 illustrates the above claims. Each graph displays
laboratory test values in blue against model predictions represented by a red line. A smaller gap between the
two lines indicates better model accuracy. GPR graph indicates the least deviation between predicted and
actual values, demonstrating the highest accuracy. Although SVR and XGBR come closer to the predicted
values, some cement types do show discrepancies. RFR and KNN do show greater deviations, but KNN is
the most off-trend. Given these observations, GPR stands out as the best model in predicting fracture energy
based on cement type due to its remarkable alignment with experimental data. Its versatility across various
cement compositions strengthens its potential for real-world usefulness in predictive models concerning the
fracture behavior of concrete structures.
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Figure 15: Comparison of fracture energy results obtained from laboratory tests and machine learning models for
different cement type states. (a) KNN; (b) SVR; (c) GPR; (d) XGBR; (e) ANN; (f) RFR

Based on Table 4, five additional test data points were added to assess the accuracy of machine learning
models in predicting fracture energy relative to the fiber type employed. All other input parameters are kept
constant in each case to ensure that the only change in the fracture energy calculations is due to the fiber
type. The fiber types included are Glass Fiber, Polypropylene, Steel, Carbon Fiber, and Basalt Fiber, as noted
in Table 4.

The fracture energy achieved through three-point bending tests is presented in each case, along with
the predicted values obtained from KNN, SVR, GPR, XGBR, ANN, and RFR models, in Table 5. Table 5
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exhibits that Glass Fiber showed the highest fracture energy of 291.11 N/m while Basalt Fiber was the lowest at
251.69 N/m. These differences suggest that the type of fiber reinforcement is crucial in determining fracture
energy absorption and crack resistance, due to variations in bonding efficiency, fiber stiffness, and tensile
strength. The value of fracture energy predicted by all the machine learning models follows the same order
of reduction, which means that the models managed to capture the influence of fiber type and integrate all
fracture energy parameters.

Table 4: Five new test data-points with various fiber types to evaluate the effect of this parameter on the fracture energy
and investigate the performance of machine learning techniques

Cement W/C Aggregate Fiber type Fiber Fiber Curing age Loading
type ratio size volume length (Days) rate
(mm) fraction (%) (mm) (kN/s)
Fly-Ash 0.47 30 Glass fiber 1.82 35 14 0.87
Fly-Ash 0.47 30 Polypropylene 1.82 35 14 0.87
Fly-Ash 0.47 30 Steel 1.82 35 14 0.87
Fly-Ash 0.47 30 Carbon 1.82 35 14 0.87
fiber
Fly-Ash 0.47 30 Basalt fiber 1.82 35 14 0.87

Table 5: Fracture energy values obtained from laboratory tests and machine learning models for different fiber type
states

Fiber type Fracture energy results (N/m)
Three-point bendingtest KNN SVR  GPR XGBR ANN RFR
Glass fiber 291.11 289.35 289.81 290.96 291.61 295.74 281.54
Polypropylene 282.35 27714 279.97 281.27 27891 274.87 272.23
Steel 271.62 27714 268.84 270.72 26595 264.12 256.40
Carbon fiber 261.09 253.78 259.01 260.51 255.05 261.27 253.56
Basalt fiber 251.69 262.97 252.07 25112 24516 26159 252.18

Fig. 16 illustrates how the machine learning predictions align with actual laboratory results and obser-
vations side by side. Out of all the models, GPR and SVR have the smallest deviations from the experimental
values, which indicates they are the best predictors. KNN and RFR, on the other hand, demonstrate greater
deviations from the experimental results, particularly for low values of fracturing energy in the Carbon Fiber
and Basalt Fiber cases. This indicates that these models do not generalize well for certain types of fibers. In
machine learning, this analysis highlights the significance of fiber types in determining fracturing energy,
as well as their predictive capabilities regarding behaviors associated with fracturing. The performance of
GPR indicates that fracture energies should be approached from a complex, non-linear perspective, most
likely due to the advanced learning capabilities of such models. This is especially useful when refining the
composition of FRC, as it allows engineers to select the most effective fibers required to enhance fracture
resistance and predict the resistance reliably using advanced machine learning models.
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Figure 16: Comparison of fracture energy results obtained from laboratory tests and machine learning models for
different fiber type states. (a) KNN; (b) SVR; (c) GPR; (d) XGBR; (e) ANN; (f) RFR

Table 6 shows that there are five additional test data points to study the effect of the loading rate on
fracture energy, with the rest of the parameters unchanged. The loading rate is systematically changed from
0.10 to 1.90 kN/s, increasing by 0.45 kN/s at each step, while all other parameters remain constant.

Table 6: Five new test data-points with various loading rates to evaluate the effect of this parameter on the fracture
energy and investigate the performance of machine learning techniques

Cement W/C Aggregate Fiber type Fiber Fiber Curing age Loading
type ratio size volume length (Days) rate
(mm) fraction (%) (mm) (kN/s)

Fly-Ash 0.47 30 Glass fiber 1.82 35 14 0.10
Fly-Ash 0.47 30 Glass fiber 1.82 35 14 0.55
Fly-Ash 0.47 30 Glass fiber 1.82 35 14 1.00
Fly-Ash 0.47 30 Glass fiber 1.82 35 14 1.45
Fly-Ash 0.47 30 Glass fiber 1.82 35 14 1.90

The fracture energy values obtained from the three-point bending tests are listed in Table 7, along with
the predictions made by the KNN, SVR, GPR, XGBR, ANN, and RFR models. There is a clear increasing
trend in fracture energy with increasing loading rate from 273.51 N/m at 0.10 kN/s to 315.55 N/m at
1.90 kN/s. Thus, greater loading rates are somehow proportional to increased fracture energy. This is most
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likely caused by the rate-dependent nature of FRC, as the fibers appear to provide increased resistance at
higher rates of strain.

Table 7: Fracture energy values obtained from laboratory tests and machine learning models for different loading rates

Loading rate (kN/s) Fracture energy results (N/m)
Three-point bendingtest KNN SVR GPR XGBR ANN RFR
0.10 273.51 230.72 27239 272.84 268.63 279.06 261.44
0.55 284.29 28775 28196 28323 28703 289.02 264.18
1.00 295.84 289.35 293.20 29418 291.50 300.89 282.46
1.45 306.81 289.35 30513 305.27 29952 315.64 284.98
1.90 315.55 316.63 314.93 314.73 304.27 335.55 292.01

A comparative analysis can enable the results of experiments and models through visualization in the
form of graphs, as shown in Fig. 17. Fig. 17 indicates that the values predicted by the machine learning
approaches provide a satisfactory result, as they seem to follow the general trend exhibited by the experi-
mental data, reinforcing the assumption made about the relation between loading rate and fracture energy
in question. Out of all the models, the best results (nearest to the experimental data) were exhibited by GPR,
SVR, and XGBR, while KNN and RFR deviated from the trend too far, especially at lower loading rates,
indicating some difficulty in capturing non-linear effects dependent on rate. This analysis demonstrates that
higher loading rates increase fracture energy in FRC. The results further strengthen the case for incorporating
strain rate effects into design and optimization procedures for concrete structures. In addition, the results
demonstrate the accuracy of GPR, SVR, and XGBR models in estimating fracture energy for different
loading rates, establishing them as useful predictive models for further research in fracture mechanics and
concrete design.

The findings obtained up to now indicate that, considering the dataset employed in this study, the
maximum fracture energy of concrete samples is achieved when: cement type is Fly-Ash, fiber type is glass
fiber, W/C ratio is 0.50, and loading rate is set to 1.90 kN/s. In addition, the optimal parameters to achieve the
highest fracture energy of FRC are not absolute and can vary depending on the values or types of parameters
assumed to be constant for the purpose of this study. As mentioned previously, fracture energy in FRC is
governed by several interrelated factors, including the properties of the materials, the design of the concrete
mix, the interaction between the fibers and matrix, curing conditions, and test parameters. If any of the
fixed parameters are changed, the optimal values of cement type, fiber type, W/C ratio, and loading rate
for maximum fracture energy can change. For instance, if a volumetric fraction of fibers were altered the
contribution of particular fibers to fracture energy can change, which can potentially change the order of
the fibers in the ranking. A higher volume fraction of weaker fibers, such as polypropylene, can improve
the performance of the fibers; however, a lower fraction can alter the performance of higher-strength fibers,
such as carbon or steel. The curing conditions can also alter the hydration process and matrix bonding,
which in turn can affect the impact of the W/C ratio on the fracture energy. In addition, varying loading rate
ranges can alter the upper bound for energy absorption due to changes in strain rate sensitivity. Regarding
optimal parameter selection, they remain constant until the dataset employed to train the machine learning
models is altered. Adding new points to the dataset or re-training the model using a different sample subset
can change the relationships defined based on the input parameters and fracture energy. Optimal values
predicted under different distributions of the training data tend to have more iterations of the statistical
dependencies present in the dataset supplied to the model. If the training dataset contains greater amounts
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of certain high-strength fiber types or different mix designs, the model learns different assumptions about
how each parameter directly correlates with fracture energy.
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Figure 17: Comparison of fracture energy results obtained from laboratory tests and machine learning models for
different loading rates. (a) KNN; (b) SVR; (c) GPR; (d) XGBR; (e) ANN; (f) RER

Hence, in any given situation, the best parameter settings are not constant, but rather specific to that
situation. Alterations in constant parameters or in the training dataset can change the optimal values of
cement type, fiber type, W/C ratio, or loading rate needed to maximize fracture energy. Thus, when using
machine learning techniques for predictive analysis in FRC, it is essential to ensure that the dataset used for
training encompasses all relevant conditions within the application’s scope.

6 Key Limitations and Suggestions

Several key limitations of the current study will inform future investigations. One of the most important
issues is the use of fixed parameters, in particular, fiber volume fraction and curing conditions, as they were
fixed. This uniformity can limit the scope of the study’s findings. These parameters can be optimal for the
fracture energy of certain materials, and varying the fixed values can yield different optimal parameters for
fracture energy. In addition, the machine learning models are too reliant on the dataset they were trained on,
meaning that if the dataset is deficient in variety regarding material properties and test conditions, then the
predicting accuracy falls short. Other issues include a lack of diversity in parameter ranges; key parameters,
such as fiber type, W/C ratio, and loading rate, were considered, but not aggregate type and fiber orientation,
which can interact to produce crucial synergistic effects. In addition, the model overlooks the potential for
not fully accounting for strain rate sensitivity in fracture energy predictions, as concrete behavior under
varying loading rates tends to be non-linear and material-dependent. Lastly, predicting applicability due to
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the lack of generalization of machine learning models poses a problem, as these models were trained on a
single dataset and multiple compositions of FRC, as well as different testing conditions, are likely to yield
different results.

For future work, understanding the relationships between different parameters, such as fiber volume
fractions, aggregate features, curing conditions, and types of cement, will provide a better insight into
the model’s interactions and help overcome existing constraints. Including a greater variety of design
configurations and fiber orientations can enhance the diversity of datasets, which in turn improves the
predictive strength of machine learning models. In addition, analyzing the influence of non-linear phenom-
ena such as rate of strain sensitivity, creep, and shrinkage, as well as dynamic load conditions, will deepen
the understanding of fracture energy behavior. Incorporating other forms of machine learning, such as
deep learning, ensemble learning, or hybrid techniques, can improve the accuracy of predictions by better
capturing the complex dependencies between the parameters, compared to current methods. Experimental
verification with various testing procedures and actual concrete structures will further validate the reliability
of the predicted optimal parameters. Meeting these conditions will facilitate future attempts in machine
learning applications related to predicting fracture energy and optimizing the design of FRC structures.

7 Conclusions

This study conducts a comprehensive assessment of the predictive capabilities of various machine
learning models for estimating the fracture energy of FRC, ensuring multiple validations for accuracy,
generalization, and consistency across different validation and testing techniques. The machine learning
models are evaluated against each other with statistical benchmarks. In the holdout cross-validation (80%
training, 20% testing), the GPR model yields the best results with an R* of 0.93 and an RMSE of 13.91,
alongside the best al0-index of 0.89. It is followed by SVR, with an R* of 0.90 and an RMSE of 17.14,
and XGBR, with an R* of 0.87. KNN and RFR exhibit the weakest predictive capabilities and skew from
experimental results.

A 5-fold cross-validation is also applied to improve reliability, which further confirms GPR’s superiority,
with R? values averaging above 0.96 and the highest total ranking score of 83. SVR and XGBR follow as the
next best models, with scores of 61 and 55, respectively, while ANN comes with a score of 45. The robustness
of the GPR model is bolstered as it repeatedly demonstrates superior performance across all folds, showing
low variability and consistent stability across varying splits of training and testing data. This most consistent
predictor model of FRC reveals complex non-linear relationships governing fracture energy, which is best
suited to GPR in advanced applications.

Evaluation of the models is performed by validating them with new experimental data points, where
one parameter is treated as a variable and the rest are held constant. As a first analysis, five test data points
for different types of cement (Fly-Ash, SRC, GGBS, PPC, and OPC) are created, with other parameters kept
constant. The experimental values of the fracture energy obtained through the three-point bending test
are compared to the machine learning predictions. GPR proves to be the most accurate model, as it is in
agreement with laboratory results for all the cement types, while SVR and XGBR are slightly off for most
results. ANN also has the most issues with SRC, GGBS, and OPC, which likely means it is suffering from
overfitting or some other instability. KNN and RER yield poor results, indicating that they are ineffective
in accurately modeling the fracture energy behavior with respect to different cement compositions. Results
also indicated that Fly-Ash cement yields the highest fracture energy among all types due to its better fiber-
matrix interaction, lower porosity, and pozzolanic reactions, which facilitate energy absorption and crack
bridging. In the next step, the effect of fiber type on fracture energy is analyzed. The results indicated that
glass fiber has the highest value of fracture energy and basalt has the lowest. This discrepancy arises from
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the mechanical differences of the fibers, including their tensile strength, bond to the cement matrix, and
energy dissipation characteristics. The trends are encapsulated by the machine learning models, where the
GPR and SVR predictions are most accurate compared to KNN and RFR, which showed more divergence.
In the following step, the W/C ratio is investigated, starting from 0.3 to 0.5, with increments of 0.05, while
fixing all other mix design parameters. The outcome showed a marked improvement in fracture energy with
an increase in W/C ratio to 0.5, from 232.58 N/m at 0.3 to 298.74 N/m at 0.5. This pattern can be explained
by workability and matrix-fiber bond at higher W/C ratios, resulting in improved energy dissipation within
the fracture. The relationship is captured well by the GPR and SVR predictions, while the RFR model shows
significantly higher discrepancies compared to the other models at lower W/C ratios. In addition, the impact
of the loading rate is examined systematically by varying it between 0.10 and 1.90 kN/s. There is a positive
relationship between loading rate and fracture energy since fracture energy at 0.10 kN/s was 273.51 N/m and
at 1.90 kN/s it is 315.55 N/m. The reason for this behavior can be attributed to the strain-rate sensitivity of
fiber-reinforced composites, where at higher strain rates, the bridging effects and energy absorption of the
fibers are greater. The machine learning models, for the most part, predict these trends accurately, with GPR
and SVR being the most dependable, while KNN and RFR deviate slightly from the prediction at the highest
and lowest loading rates.

In general, combining machine learning approaches with experimental data related to predicting
fracture energy yields accurate results. GPR demonstrates the best predictive results over all models, followed
by SVR and ANN. KNN and REFR, though, present slightly higher errors in some instances, more so than
expected. This study reveals that the cement type, fiber type, W/C ratio, and loading rate have significant
impacts on fracture energy, which informs optimizations in mix designs of FRC for improved mechanical
properties. This enables the use of data-driven techniques in fracture mechanics, structural design, and the
optimization of fiber-reinforced composites for engineering applications.

The parameters that a refined analysis of the data suggested are best for achieving the maximum fracture
energy in FRC structures were: Fly-Ash cement, Glass fiber, a W/C ratio of 0.50, and a loading rate of
1.90 kN/s. It is critical to highlight, however, that these parameters, as stated above, are not fixed and can
change based on study factors since, as previously pointed out, fracture energy is controlled by several factors,
which include: the material properties, mix design, interfacial fiber-matrix interactions, curing conditions,
and other test parameters. Some fixed parameter changes, such as the fiber volume fraction or the curing
process, can impact the optimal parameters. In addition, machine learning models depend on patterns within
dataset, meaning the optimal values can shift if different training data distributions were used. For this reason,
it is accurate to say that ideal parameter choice is context-dependent, and without a guarantee of accuracy
from machine learning in FRC applications, a dataset needs to be carefully curated. Based on the analysis
results, however, it appears feasible to conclude that, at least with the aid of machine learning models, an
optimal mixing design can be generated, resulting in concrete samples with maximum fracture energy.
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