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ABSTRACT

Artificial Neural Networks (ANNs) offer a compelling alternative, yet they rely significantly on varied and
high-quality datasets. The scarcity of experimental data, particularly for fibre-reinforced High-Strength Concrete
(HSC), limits the generalization and dependability of models. Therefore, the key challenge lies in creating
resilient ANN architectures capable of accurately predicting various mechanical properties of HSC. This study
develops an ANN model in MATLAB to predict the mechanical properties of HSC using input parameters such
as cement, aggregates, mineral admixtures, chemical admixtures, steel fibres, glass fibres, and water. Seventy-two
experimental results were employed for training and testing, and the model’s predictions were validated against
experimental data. The ANN demonstrated high accuracy in estimating compressive strength, split tensile
strength, and flexural strength of HSC with varying fibre contents and water—cement ratios. Strong agreement
was observed between predicted and experimental values, with coefficients of determination (R?) of 0.98 for
compressive strength, 0.93 for split tensile strength, and 0.93 for flexural strength. These findings highlight the
potential of ANN-based approaches as reliable tools for modelling and predicting the mechanical performance
of high-strength concrete.
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1. INTRODUCTION

Concrete is one of the most widely used construction materials owing to its high compressive strength, durability,
and cost-effectiveness. The mechanical properties of concrete, including compressive strength, tensile strength,
and flexural strength, are crucial parameters in the design and construction of safe and reliable structures. Accurate
prediction of these properties is essential for optimizing mix design and ensuring consistent quality.

Artificial Neural Networks (ANNSs), a class of machine learning algorithms inspired by the structure of
the human brain, have proven effective in predicting the mechanical properties of concrete. ANNs learn from
data and establish nonlinear relationships between input parameters and output properties. Previous studies
have demonstrated their application in predicting compressive and flexural strength of concrete reinforced with
carbon nanotubes and nanofibers [1]. More broadly, ANNs have been widely employed to estimate concrete
properties [2, 3], using input parameters such as cement content, aggregates, mineral admixtures, fibres, water—
cement ratio, water content, chemical admixtures, density, and slump values [4]. For instance, ANN models
have been developed to predict axial compressive strength, flexural strength, and splitting tensile strength of
specimens incorporating metakaolin and silica fume, achieving an average relative error of 6.8% [5]. Other
studies reported that compressive strength remains a fundamental property in design codes and standards, with
ANN-based models showing high prediction accuracy. In one investigation, training was terminated when the
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root mean square error reached 0.001, and among 30 architectures studied, relative percentage errors of 7.02%
(training) and 12.64% (testing) were achieved [6].

Further research has applied ANNS to predict the strength of concretes containing fly ash, ground granu-
lated blast furnace slag, and other supplementary materials, even when data availability was limited [7, 8]. Com-
parative studies have also employed alternative machine learning techniques such as random forest regression,
k-nearest neighbours, Gaussian process regression, and adaptive neuro-fuzzy inference systems, highlighting
the versatility of computational approaches in predicting compressive strength [9-12]. Genetic programming
has likewise been explored, with input parameters including mix design variables, sand coefficients, and aggre-
gate size [13]. Artificial neural networks have become significant tools for modelling and assessing the intricate
behaviour of fibre-reinforced cementitious composites. Research on PVA-reinforced engineering cementitious
composites demonstrates that ANNs can effectively predict mechanical properties, offering a data-driven alter-
native to traditional regression methods [14]. In addition, the study on polypropylene fibre concrete combines
ANN with noncontact microwave non-destructive testing, offering a hybrid method that improves material
evaluation and reliability. Collectively, these findings emphasise ANN’s adaptability in both predictive model-
ling and non-destructive evaluation, highlighting its increasing relevance in sustainable, performance-focused
concrete research [15].

Recent developments in computational modelling have significantly enhanced the ability to predict
mechanical properties in various types of concrete. The effectiveness of machine learning algorithms in fore-
casting the mechanical performance of 3D-printed concrete, illustrating the flexibility of data-driven methods
in contemporary construction [16]. Utilized ANNs to model the mechanical properties of high-performance
concrete, highlighting the strength of ANN frameworks in managing complex, nonlinear relationships [17]. The
predictive capabilities of multilayer perceptron neural networks for estimating concrete strength have been
demonstrated, with the application of ANNs to fibre-reinforced high-strength concrete, achieving dependable
predictions for both compressive and flexural strength [18, 19]. The hybrid ANN models are used to capture
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Figure 1: Research methodology.
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the mechanical behaviour of silica fume-modified HSC, emphasising the potential of hybrid approaches to
enhance prediction accuracy [20].

The adaptability of ANN-based modelling has been further explored through various reinforcement
and modification techniques. ANN methods are used to predict split tensile strength in steel fibre-reinforced
HSC, while flexural strength in metakaolin-based HSC, demonstrating the versatility of neural networks with
different material compositions [21, 22]. Performed a comparative analysis between ANN and random forest
models, revealing that ANN outperformed in most predictive scenarios [23]. The use of ANNs to slag and
fibre-modified HSC, affirming its reliability in predicting compressive strength [24]. Lastly, the sustainability
aspect of applying ANN to eco-friendly high-strength concrete illustrates the contribution of intelligent mod-
elling to the advancement of green construction practices. Together, these studies demonstrate that ANN and
machine learning serve as effective instruments for forecasting mechanical properties across a diverse range of
concrete varieties and alterations [25]. The use of waste tea ash and sugar beet ash demonstrates their ability to
enhance the performance of eco-friendly concrete [26]. Additionally, we utilised machine learning techniques to
predict compressive strength, underscoring the effectiveness of data-driven prediction strategies. Collectively,
these studies underscore the combined importance of waste valorisation and intelligent modelling in the devel-
opment of sustainable, high-strength concrete technologies [27].

Against this background, the present study aims to predict the mechanical properties of high-strength
concrete using an ANN model developed in MATLAB. A total of seventy-two mix proportions were designed
with varying steel and glass fibre contents and different water—cement ratios. The mechanical properties, includ-

Table 1: Chemical properties of cementitious materials.

COMPONENTS | CEMENT | SILICAFUME | FLYASH

Si0, 24.62 58.76 92.47

ALO, 4.87 25.67 0.86
Fe,0, 3.42 6.04 0.46

Ca0 61.38 0.57 1.54

MgO 0.47 0.64 0.46

S0, 2.46 0.22 0.004

Na,0 0.27 0.34 0.44

LOI (%) 136 2.82 227

Table 2: Physical properties of all materials.

PROPERTIES/MATERIALS | CEMENT | SILICAFUME | FLYASH | FA CA SF GF
Specific gravity (g/cm?) 3.10 2.28 2.54 2.68 | 272 7.12 2.62
Consistency (%) 4.52 - - - - - -
Initial setting time (Min) 48 - - - - - -
Final setting time (Min) 356 - - - - - -
Fineness modulus 4.62 3.47 2.84 387 | 6.73 - -
Water absorption (%) - - - 1.37 | 0.53 - -
Tensile strength (MPa) - - - - - 1250 | 1300
Modulus of elasticity (GPa) - - - - - 200 74
Diameter (mm) - - - - - 0.60 0.52
Length (mm) - - - - - 50 40
Aspect ratio (L/D) - - - - - 83.34 | 76.93

Note: SF — Steel fibre; GF — Glass fibre; CA — Coarse aggregate; FA —Fine aggregate.



ey | VEDANAYAGAM, M.; RAMHARRACK, V,; VEETTIL, L.A,, et al., revista Matéria, v.31, 2026

Cement
<X ><2
Hydal --§§\“::;:gfffifé= :
A7 ol

S

Silica fume

Fine aggregate
Mechanical properties
Coarse aggregate

Superplaticizer e g AetN—
22NN
s TN
=S N\
o Ty R

Water content

Steel and glass fibre

Input Hidden Output

Figure 2: Structures of the ANN.

Output

Figure 3: General layout of the ANN.

ing compressive strength, split tensile strength, and flexural strength, were predicted using the ANN model, and
the results demonstrated a strong correlation with the experimental findings. This study is novel in its simultane-
ous prediction of multiple mechanical properties of fibre-reinforced high-strength concrete using an ANN model
trained on an extensive experimental dataset, achieving high accuracy and demonstrating practical applicability
for mix design and performance evaluation.

All experimental data utilized for ANN training and validation were produced under rigorous quality
control protocols. Mechanical tests were performed on calibrated equipment in accordance with applicable
Indian standard standards, and calibration records were kept throughout the research. Each test was conducted a
minimum of three times to guarantee consistency, with average values reported alongside standard deviations to
reflect typical measurement errors. Data entry and processing underwent cross-checking for precision, ensuring
complete traceability from raw measurements to final datasets. This focus on repeatability and standardized
procedures bolsters confidence in the reliability of both the dataset and the outcomes of the ANN model. The
research methodology adopted in this study is illustrated in Figure 1.

2. EXPERIMENTAL PROGRAM

2.1. Cement

In this study, Ordinary Portland Cement (OPC) 53 grade was used 1. The chemical composition and physical
properties of the cement are given in Tables 1 and 2.

2.2. Aggregate

Fine and coarse aggregates were used in high-strength concrete mixtures. The fine aggregate particles passed
through a 4.75 mm sieve, while the coarse aggregate particles used in this study were of size 10 mm. The phys-
ical properties of the aggregates are presented in Table 2.
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Figure 4: ANN model for compressive strength of high-strength SFRC. (a) Validation of performance; (b) Training data;
(c) Error histogram; (d) Regression analysis.

2.3. Mineral admixture

The fly ash and silica fume are used as mineral admixtures in this study; their chemical and physical properties
are shown in Tables 1 and 2. Silica fume and fly ash are used in concrete mixtures. Silica fume is a byproduct
of the production of silicon or ferrosilicon alloys, and it is composed of very fine particles of silicon dioxide.
Fly ash is a byproduct of burning coal, and it is composed primarily of silica, alumina, and iron. The incorpo-
ration of silica fume and fly ash into concrete mixtures can enhance the strength and durability of the concrete.
Silica fumes enhance the concrete’s ability to reduce permeability, making it ideal for use in structures that
require high durability and resistance to environmental factors. Fly ash improves the workability of concrete
and reduces the heat of hydration.

2.4. Chemical admixture

In this study, Conplast SP430 is used as a chemical admixture, a superplasticiser that is chloride-free, and is also
used in the concrete mixture to reduce the water content. The advantages of the Conplast SP430 include reducing
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Figure 5: Compared the experimental and ANN model of compressive strength of high-strength SFRC. (a) Predicted com-
pressive strength vs error; (b) Comparison of experimental vs predicted results; (¢) Error histogram of network; (d) Predicted
compressive strength vs residual.

the high-level water content in concrete mix, providing excellent strength gain at an earlier age, increasing the
workability of concrete without additional water content, enhancing durability, and reducing permeability and
improving the strength of concrete.

2.5. Steel and glass fibre

Steel and glass fibres are two types of materials used in this study to produce the high-strength concrete mix.
Steel and glass fibre are available in different lengths and diameters. The physical properties are listed in
Table 2. Steel and glass fibres can enhance the tensile strength to resist cracking in concrete.

2.6. Artificial neural networks

MATLAB is used to develop the artificial neural network model. The neurons in this model are referred to
as processing elements, nodes, and neuron units, and they are analogous to biological neurons in the human
brain. Artificial neural network structures can typically be divided into input, hidden, and output layers [28]. If
the experimental data contains significant information about material behaviour, training a neural network on
the outcomes of a series of experiments using that material is the primary technique for constructing a neural
network model for material behaviour. The trained neural network will contain enough knowledge about mate-
rial behaviour to qualify as a material model. However, training a network with a few data tuples frequently
results in early convergence. To improve accuracy, increasing the number of training data tuples, minimising
error, and increasing the number of epochs can be considered.
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Figure 6: ANN model for split tensile strength of high-strength SFRC. (a) Validation of performance; (b) Training data;
(c) Error histogram; (d) Regression analysis.

2.7. Development of artificial neural networks

The artificial neural network model has several features, such as generalization and simplicity, that aid in
modelling complex systems [29]. It can also predict the mechanical properties of high-strength concrete. The
artificial neural network comprises data preprocessing, initial synaptic weights, learning rate, and the number
of hidden layers. The hidden layer has multiple neurons, output layers, and training epochs [30]. The Leven-
berg-Marquardt (LM) algorithm is utilized in artificial neural networks to forecast the experimental mechan-
ical properties of high-strength concrete. Figure 2 represents the structures of the present project. Figure 3
illustrates the general layout of the ANN. A total of eight input variables are provided: cement, fly ash, sil-
ica fume, fine aggregate, coarse aggregate, water content, superplasticiser, and steel and glass fibres, respec-
tively. The target date is specified based on mechanical properties, including compressive strength, split
tensile strength, and flexural strength, at 28 days. The preliminary training in running is based on the previous
experimental literature. Based on a trial-and-error approach, the optimum parameters were identified, and the
mechanical properties of the high-strength concrete were predicted. Input and target data help to predict the
output data.
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Figure 7: Compared the experimental and ANN model of the split tensile strength of high-strength SFRC. (a) Predicted split
tensile strength vs error; (b) Comparison of experimental vs predicted results; (¢) Error histogram of network; (d) Predicted
split tensile strength vs residual.

3. RESULTS AND DISCUSSION
3.1. Evaluation of the experimental results

The experimental results of the high-strength concrete mechanical properties, including compressive strength,
split tensile strength, and flexural strength, were compared to the predicted results of the ANN model. The com-
parison is listed in Table 3, and a total of seventy-two mixes were prepared for the experiment. Three algorithms
were used to develop the ANN model, and the LM algorithm was found to be the optimum algorithm based
on a trial basis. Figure 4a-d illustrates the validation of the performance, training data, error histogram, and
regression analysis of compressive strength at 28 days. The best validation of performance was 0.62 at epoch
42, and the training data was 2.97 at epoch 48. The R? values for training, validation, test, and overall were 0.99,
0.98, 0.94, and 0.98, respectively. The experimental and predicted compressive strength were compared and
are represented in Figure 5. Figure 6a-d illustrates the validation of the performance, training data, error histo-
gram and regression analysis of split tensile strength at 28 days. The best validation performance was 0.034 at
epoch 6, and the training data achieved 0.069 at the same epoch. The R? values for the regression analysis were
0.94, 0.92, 0.80, and 0.93, respectively, for training, validation, test, and overall datasets, corresponding to the
split tensile strength at 28 days. Figure 7 illustrates the experimental and predicted split tensile comparison
study. Figure 8a-d illustrates the validation of the performance, training data, error histogram and regression
analysis of flexural strength at 28 days. The best validation performance was 0.10 at epoch 6, while the training
data achieved 0.26 at epoch 12. The R? values for training, validation, test, and overall were 0.94, 0.82, 0.88, and
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Figure 8: ANN model for flexural strength of high-strength SFRC. (a) Validation of performance; (b) Training data; (c) Error
histogram; (d) Regression analysis.

0.93, respectively. Based on the ANN model, the optimum algorithm was identified as LM, and it was compared
to the experimental results [31, 32]. A comparative study of the experimental and predicted flexural strength
results is presented in Figure 9. The ANN model showed high correlation and agreement with the experimental
results. The statistical input variables and range data are reported in Tables 4 and 5.

5. CONCLUSIONS

This paper presents a prediction of the mechanical properties of high-strength concrete using an ANN model.
Based on the experimental and predicted results, the following conclusions are drawn:

1. The ANN model was developed using various algorithms, and the Levenberg-Marquardt algorithm was
employed to optimize the neural networks for predicting the mechanical properties of high-strength concrete.

2. The ANN model was also developed and empirically investigated with different parameters, such as the
number of hidden neurons, activation functions, and epochs, to optimize the neural network.

3. The ANN model predicted the mechanical properties of high-strength concrete, including compressive,
split tensile, and flexural strength.
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Figure 9: Comparison of the experimental and ANN model of flexural strength of high-strength SFRC. (a) Predicted flexural
strength vs error; (b) Comparison of experimental vs predicted results; (¢) Error histogram of network; (d) Predicted flexural
strength vs residual.

Table 4: Statistical details of the high-strength concrete.

PROPERTY R? RMSE (MPa) | MAE (MPa) | MAPE (%)
Compressive strength 0.98 0.85 0.62 0.68
Split tensile strength 0.93 0.15 0.13 1.75
Flexural strength 0.93 0.51 0.26 2.81

Table 5: Input variables, ranges, and physical meanings of the high-strength concrete.

INPUT VARIABLE RANGE PHYSICAL MEANING
Cement (kg/m?) 392-448 Contributes to strength and durability through hydration reactions.
Supplementary cementitious 49-51 Materials such as fly ash and silica fume improve long-term strength,
materials (kg/m?) durability, and sustainability.
Fine aggregate (kg/m?) 630-690 Influences workability, packing density, and surface finish.
Coarse aggregate (kg/m?) 1068-1186 Provides bulk, stiffness, and dimensional stability.
Fibre volume fraction (%) 0.20-1.60 Directly affects crack resistance, toughness, and post-peak behaviour.
Fibre type Steel & Glass Controls anchorage and crack bridging efficiency.
Curing age (days) 28 Longer curing improves strength development and durability.
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The compressive strength, with R> = 0.98 and very low error values (RMSE = 0.85 MPa, MAE = 0.62 MPa,
MAPE = 0.68%), demonstrates excellent reliability in estimating compressive strength.

The prediction of tensile strength achieves a strong correlation (R* = 0.93) and minimal errors (RMSE =
0.15 MPa, MAE = 0.13 MPa), confirming the model’s effectiveness in capturing tensile behaviour.

The flexural strength exhibits slightly higher error margins (RMSE 0.51 MPa, MAPE 2.81%), yet the correla-
tion remains high (R? 0.93), indicating dependable predictive capability across different mechanical properties.

The predicted results of the ANN model are in good agreement with and correlate to the experimental
results.

Scope for future work

The ANN is reliable within the studied mix-design domain, but predictions outside this scope require caution.
Dataset size, experimental variability, and interpretability constraints are acknowledged.
Broader validation and dataset expansion are planned to strengthen generalizability.

The current dataset size limits its application, but future work will incorporate ensembles once larger, multi-
source datasets are available.
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