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ABSTRACT  

The aim of the study is to predict compressive strength and the failure mechanism of concrete cubes 

considering the Tresca criterion for high-performance concrete reinforced with glass fibers and minibar 

basalt. The method of research includes experimental compression tests on 100 mm cubes at curing ages 

of 7, 14 and 28 days soft computing techniques such as linear regression ridge regression and polynomial 

regression implemented in Python using scikit-learn artificial neural networks developed with Python and 

NumPy to visualize cracks and failure patterns as pixels as well as the incorporation of the Mohr-Coulomb 

and Tresca criteria to model the plastic zone and pyramidal failure shape. The results demonstrate that 

polynomial regression provides the highest predictive accuracy for compressive strength achieving R2 

values greater than 0.99 for minibar basalt fiber-reinforced high-performance concrete and greater than 

0.93 for glass fiber-reinforced high-performance concrete while the artificial neural networks successfully 

identify and predict crack locations failure degree and pyramidal failure shapes and overall model 

performance is validated by a coefficient of determination greater than 0.97 with mean absolute error 

greater than 2.1 and root mean square error greater than 16.99 confirming strong agreement between 

experimental and predicted values. Therefore, the research's novelty lies in its use of artificial intelligence 

by taking into account the TRESCA criteria to precisely predict the properties of high-performance concrete 

and to understand the impact of its input factors, streamlining the process and providing useful tools for 

the real-world application of the model's capabilities in the field of civil engineering. 
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Introduction 

High-performance concrete is a high-tech concrete with special admixtures that improve 

mechanical properties, workability, and internal consistency. The extend ed lifespan, along 

with HPC's security features, makes it an appealing option for building projects. Despite the 

well-known remarkable compressive strength of regular concrete, its fundamental tension 

weakness has significant drawbacks. To solve these drawbacks, basalt fiber (BF) is used as 
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a reinforcing material [1]. It is also used as a building material due to its distinct mechanical 

properties and robust resistance to heat, alkali, and rust. Basalt fiber (BF) is a high-strength 

mechanical fiber [2]. As a result, BF is less expensive than other fibers because it requires 

only one processing step. Basalt fiber is used for a variety of purposes, including wiring, 

sports equipment, automotive parts, and fire prevention. Studies indicate growing interest 

in applying BF to other sectors, reflecting broader use for various objectives. Because BF 

improves mechanical, chemical, and thermal stability, it has become increasingly used as a 

building material [3–5]. Another justification for incorporating basalt fibers into high-

performance concrete is to improve its tensile, bending, and long-term performance [6,7]. 

The study found that basalt fiber-infused high-strength concrete outlasted regular high-

strength concrete in terms of durability. The notably higher bending and tensile strengths 

of HPC illustrate the advantages of incorporating basalt fibers [8–10]. Basalt fibers have 

cost benefits in addition to their desirable mechanical qualities [11]. Adding 0.4 to 1.8 % of 

basalt fiber to high-performance concrete alters its mechanical properties. Meanwhile, 

1.2 % of BF samples had high flexural strength [12,13]. Some studies investigated the 

addition of silica fume and BF to high-performance concrete. Adding silica fume to high-

performance concrete reduces the mix's porosity [14]. The consolidation of high-

performance concrete increases its strength. Similarly, several percentages of basalt fiber 

in high-performance concrete were examined and analyzed [15]. Another study showed 

that adding 1.33 % BF to high-performance concrete results in the flexural and tensile 

strengths reaching their maximum [16]. The tensile and compressive strengths of concrete 

were found to be positively influenced by fiber element lengths and sizes relatively than 

self-weight of fiber proportions with in the mix. 

To perform the study, a compression test has been undergone by a considering 

standard cubic samples in compliance with the requirements set forth by the American 

Society for Testing and Materials and the Russian Standard Code Design [17,18]. The 

conventional procedure, commonly referred to as the standard destructive test, is 

frequently used for testing concrete's mechanical properties. In the testing facility, various 

samples has to be taken to evaluate the concrete's compressive strength [19]. The standard 

destruction method may not provide accurate results for a variety of reasons, including the 

interfacial transition zone, the water-to-cement ratio, the fine aggregate modulus, the kind 

and size of the cement and aggregate, and so on. Taking all of these factors into 

consideration, various methods for predicting the mechanical properties of concrete were 

developed, including the use of nondestructive technologies to validate the results against 

established criteria [20]. As a result, a reliable prediction model for the mechanical 

properties of high-performance concrete structures based on artificial intelligence is 

necessary to broaden its application in construction while maintaining its performance. 

Destructive testing on existing concrete structural members is costly and risky due 

to the properties of the material [21]. If destructive testing using core samples is not 

feasible, nondestructive testing (NDT) can be used as an alternative or in conjunction with 

destructive testing techniques to assess concrete strength in existing structures 

quickly [22,23]. As a result, a reliable prediction model for mechanical properties of high-

performance concrete structures based on artificial intelligence is necessary to broaden 

its application in construction while maintaining its performance.  
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Recent developments in artificial intelligence have made machine learning 

techniques a fascinating modeling tool that may be used to many scientific fields, such as 

material and structural engineering. Therefore, it is currently popular to predict concrete 

characteristics using artificial intelligence by taking into account TRESCA criterion 

techniques. These programs can be used for a variety of tasks, including linear regression, 

ridge regression, polynomial regression etc. [23–34]. Concrete compressive strength relies 

on statistical relationships between nondestructive factors and test parameters, 

necessitating extra processes for nondestructive variables utilized in classical regression 

analysis [35–37]. The equations and algorithms may be converted from classical 

programming to computer programs using predictive techniques, which are an alternative 

and efficient way that can save time and money [16]. An algorithmic programming method 

was developed as part of nondestructive methods to forecast concrete compressive 

strength at various curing ages [38]. In general, the research indicates that the laboratory 

test results closely match the expected compressive strength of the developed method 

across all conventional concrete curing timeframes. As a mechanical property prediction 

technique that accounts for mixed design attributes, artificial neural networks (ANNs) may 

also be used [39,40]. The results of the investigation demonstrated the validity of the ANNs' 

predictions by demonstrating how closely the outcomes correspond with the results of the 

experiment. The original concrete mixture's concrete strength was investigated using the 

multiple linear regression (MLR) method [40–42]. The study's findings proved that the MLR 

estimation method for the first concrete was effective. 

Different types of data mining and machine learning, such as the strength of 

concrete and the shape and dimension of aggregates, are applied [31,43]. The size and 

shape of aggregates can be considered hyperparameters in Artificial neural network 

programming. Artificial neural networks and Fuzzy Logic (FL) techniques were examined 

independently for forecasting the composition of concrete with increased fly ash [32,44]. 

To predict concrete compressive strength, the investigator focused on aggregate 

diameter as a hyperparameter. Considering their results, the R2 value is 0.9 [31,43]. For 

example, another researcher found that the R2 value of 0.98 for Gaussian process 

regression GPR prediction accuracy. However, they studied Machine learning techniques, 

such as ensemble learning (EL), support vector machine regression (SVMR), and Gaussian 

process regression (GPR) [16,33–38,45–48]. 

According to studies that used machine learning to predict concrete mechanical 

properties, Polynomial Regression (PR) can accurately predict mechanical properties 

(R2 > 0.99). To forecast the mechanical characteristics of cement, this study used soft 

computing, machine learning, and artificial neural networks (ANNs). High-Performance 

Concrete (HPC) reinforced with minibar basalt fibers and glass fibers was the subject of the 

study. The mechanical behavior of HPC was modeled using a logistic function. Additionally, 

the compressive strength of HPC with minibar basalt and glass fibers was estimated using 

linear, ridge, and polynomial regression. By analyzing pixel data and mathematical 

formulae, artificial neural networks (ANNs) were used to investigate the failure mechanism 

of concrete cubes in addition to strength prediction. The ANN effectively replicated fracture 

patterns using Python. In order to validate the results, performance measures including the 

correlation coefficient (R2), mean absolute error (MAE), and root mean square error (RMSE) 

were used to evaluate the prediction models' accuracy.  
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Materials and Methods 

Experimental findings on fiber-reinforced high-performance concrete 

To find the optimal performance of basalt fiber-reinforced high-performance concrete 

(BFC), concentrating primarily on maximizing the ratios of minibar basalt fibers (MBF) and 

supplemental glass fibers (GF), the current points have been studied: 

1. HPC's remarkable mechanical qualities were preserved if basalt fibers were added, 

significantly increasing its tensile strength, flexural capacity, and durability. 

2. The dependability of compressive concrete for a concrete cube sample has been 

examined as per the universal material testing standards. 

The curing periods in this study were 7, 14, and 28 days. The following stages were 

taken in the mixing and preparation process: 

1. Mixing procedure: in accordance with the designated concrete mix design, a 133-liter 

SB small mixer was used to combine the two aggregate types for two minutes. Concrete 

chemical powder was added after water, and cement and aggregates were mixed for more 

than 2 min. The mixer operated at a steady 48 rpm (Fig. 1(a)). 

2. Concrete cubes are molded into 100 mm cubes. To start the hydration process, freshly 

cast samples were submerged in water at 20 °C for 48 h. 

3. Moist vuring: Specimens were moved to a wet-curing chamber maintained at 15 °C for 

7, 14, or 28 days after demolding (Fig. 1(c)). 

4. Preparing for testing: cube surfaces were cleaned and dried to remove any 

imperfections before the compression testing (Fig. 1(d)). The removal ensured reliable, 

consistent measurements of compressive strength. 

 
 

 

 

(a) (b) 

 

 

(c) (d) 
 

Fig. 1. Mixing and molding apparatuses, procedure, and cube specimens: (a) pan mixer; (b) concrete 

formwork; (c) moist cabinet; (d) samples cleaning process  
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With a maximum load capacity of 1300 kN, a C025N compression testing machine 

was used to assess the materials' compressive strength and stress-strain behavior. Precise 

measurements of failure loads and deformation properties under axial loading were 

possible with this testing machine. The following materials were used to make BFC: 

ordinary Portland cement (OPC), tap water, quartz flour, microsilica, crushed granite, 

quartz sand, superplasticizer, tap water, glass fiber, and basalt fiber (minibar). Table 1 

displays the configurations of glass and basalt fibers used in this experiment based on 

their specific characteristics. 
 

Table 1. Basalt fibre and glass fiber characteristics 

Type Cut length, mm Diameter, mm Tensile strength, MPa Elastic modulus, GPa 

Basalt Fibre 18 1.2 1080 44 

Glass fiber 18 1.2 3420 72.4 

 

Crushed granite was used as aggregate to increase compressive strength; micro 

silica was added to fill voids between the cementitious and BF. In practical applications, 

the BF can improve the mechanical properties of high-performance concrete, particularly 

its tensile and flexural strengths. Table 2 shows the basalt fiber percentages and mixture 

percentages for high-performance concrete. Six types of concrete samples with different 

percentages of basalt fiber (0, 0.6, 0.8, 1.2, 1.5, and 1.8) have been added to high-

performance concrete. Meanwhile, the cement-to-water ratio was 0.375, the cement-to-

aggregate ratio was 0.315, the plasticizer was 12.5 kg/m3, the quartz flour was 100 kg/m3, 

and the micro silica was 125 kg/m3.  
Table 2. The compositions, mixture design and percentages of basalt fiber concrete 

                                                            Mix Code BFC BFC-6 BFC-9 BFC-1.2 BFC-1.2 BFC-1.8 

Water-cement ratio 0.375 0.375 0.375 0.375 0.375 0.375 

Cement per aggregates (sand + gravel) ratio 0.315 0.315 0.315 0.315 0.315 0.315 

Micro silica, kg/m3 125 125 125 125 125 125 

Plasticizing, kg/m3 12.5 12.5 12.5 12.5 12.5 12.5 

Quartz flour, kg/m3 100 100 100 100 100 100 

Fiber dosage, % - 0.6 0.9 1.2 1.5 1.8 

 

In the present study, 1.2 % basalt fiber added to concrete could yield the mix's 

maximum mechanical strength. The compressive strength of glass and basalt fiber-

equipped high-performance concrete minibars can be observed in Table 3 and Fig. 2. 
 

Table 3. The static compressive strength of glass and mainbars basalt fiber high-performance concrete 

Mix code 

Compressive strength, MPa 

Glass fiber  

high-performance concrete 

Minbars basalt fiber  

high-performance concrete 

BFC 101.43 101.43 

BFC-06 92.78 101.4 

BFC-09 92.68 105 

BFC-1.2 102.3 90.5 

BFC-1.5 97.06 89.5 

BFC-1.8 95.68 92.3 
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Fig. 2. Compressive strength of glass and mainbars basalt fiber high-performance concrete 

 

High-performance concrete 

A lower binding agent-to-water ratio and a higher fine aggregate volume can improve 

concrete's mechanical properties. Furthermore, microsilica can enhance the mechanical 

properties and durability of concrete. Adding fibers to concrete reduces the workability 

of both the concrete and the cement. In addition, fiber length and amount are related to 

concrete workability [49,50]. Numerous findings about the impact of basalt fibers have 

been made in the extent to which cementitious composites in compressive strength.  

As per other research, cementitious composites that contain basalt fibers exhibit  

a decrease in compressive strength at all dosages when compared to the control 

sample [51]. According to the current study, the best proportions for glass and minibar 

basalt fibers are considered as 1.2 and 0.9 %, respectively, and these values provide us 

the maximum compressive strength of the concrete mix [52,53]. 

 

Mohr-Coulomb and Tresca criteria 

Using the Mohr-Coulomb (M-C) fracture criteria, the ductile fracture of materials without 

isotropic fissures is examined. This criterion has been widely applied in rock and soil 

mechanics because it accurately accounts for both the Lode angle parameter and the 

effects of hydrostatic pressure. The ability to forecast the fracture surface orientation 

uniquely is another benefit of the M-C fracture model. In the M-C criteria, it is 

demonstrated that the direction of the cosine of the unit normal vector to the fracture 

surface depends on the friction coefficient. It is quite possible to apply the 

phenomenological and physical M-C sound criteria as an engineering tool to anticipate 

ductile fracture using the Mohr-Coulomb equation [54,55]. 

𝜎1(1 − 𝑠𝑖𝑛 𝜑) − 𝜎3(1 + 𝑠𝑖𝑛 𝜑) = 2𝑐 𝑐𝑜𝑠 𝜑.          (1) 

The Tresca and Mohr-Coulomb criteria use different methods, even though they are 

used to predict material failure. The Tresca criterion emphasizes a material's ultimate 

shear stress, whereas the Mohr-Coulomb criterion accounts for both normal and shear 

stresses in assessing failure. The Tresca yield criterion does not describe the effect of 
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hydrostatic pressure on an item. This criterion is applicable to concrete only as a 

simplification. This study considers Eq. (2), which defines the Tresca criterion: 

𝜎𝑦 =
1

2
(𝜎1 − 𝜎3),              (2) 

In principal-stress space the four classical yield criteria differ by the shape of the 

surface and by whether failure depends on hydrostatic pressure. The Tresca and von Mises 

criteria are independent of the mean stress: their surfaces are prisms (cylinders) aligned with 

the hydrostatic axis 𝜎1 = 𝜎2 = 𝜎3. In the deviatoric 𝜋 -plane Tresca is a regular hexagon, 

whereas von Mises is the circle that circumscribes or is inscribed in that hexagon.  

The Mohr–Coulomb and Drucker–Prager criteria are pressure-sensitive: their surfaces are 

cones that open along the hydrostatic axis, so the admissible shear stress increases with 

confinement. In the 𝜋 -plane Mohr–Coulomb is an irregular hexagon, which produces the well-

known tension–compression asymmetry of concrete; Drucker–Prager is a circle and is 

therefore a smooth conical approximation to Mohr–Coulomb. Figure 3 compares the Tresca 

prism and the Mohr–Coulomb cone in this representation. Here 𝜃 is the Lode (deviatoric polar) 

angle, which locates the stress state on the hexagonal section, and 𝜑 is the internal friction 

angle, which controls the opening of the Mohr–Coulomb cone and vanishes for Tresca. 

 

 
 

Fig. 3. Yield surfaces in principle-stress space and in the deviatoric (𝜋) plane: the Tresca criterion (regular 

hexagon; prism along the hydrostatic axis) and the Mohr–Coulomb criterion (irregular hexagon; 

hexagonal cone). The von Mises and Drucker–Prager surfaces would appear as a circle in this plane (a 

circular cylinder and a circular cone, respectively) 

 

In Fig. 3, 𝜃 is the deviatoric polar angle, and 𝜑 is the friction angle of the material. 

The compressive strength of concrete 𝜎𝑚 can be explained with the expression of 

equation (3), and it is based on [52]: By simulating a self-limiting stress feedback loop 

that determines failure thresholds on the multi-axial Tresca-Mohr-Coulomb surface, the 

non-linear constitutive coupling unifies pressure-sensitive yield criteria as shown below. 

𝜎𝑚 = 𝜇𝜎𝑚(𝜎𝑡 − 𝜎𝑚),              (3) 

where 𝜇 is the friction or coupling Coefficient, 𝜎𝑡 is a total value, 𝜎𝑚 is the mean stress or 

microstructural stress. 



180 N.I. Vatin, M.H. Hematibahar, T.H. Gebre 

According to the ACI 318-191, the concrete strain is equal to 0.003 of the 

compressive strength of concrete based on [37], and it is expressed in Eq. (4): 

𝜎𝑚 = 𝜇 · 9 · 10−6(𝑓′
𝑐
),              (4) 

𝜇 =
𝑓′

𝑐

𝛿2 ,               (5) 

where 𝑓′
𝑐
 is the specified compressive strength of concrete, 𝛿   is the characteristic stress. 

Finally, the limitation equals the value in Eq. (4), as shown in Fig. 4. 

 

Failure method 

Concrete cubes tend to transfer compressive loading (σm) to tensile loading (σt) at the 

moment of failure. While reinforced fibers, such as basalt fibers, are resistant to tensile 

loading. At this moment, the plastic zone has been created due to the bridging effect of 

basalt fibers, as shown in Fig. 4. 

After compression loading, the cube shape transforms into a pyramidal shape. At this 

moment, the crack ratio is known as 𝜑, and the crack depth is 𝑑'; moreover, the length of the 

crack is L. Figure 5 shows the cracks happening in the cube under compression loads. According 

to Fig. 6, each element has deformation in the x and y directions, as expressed by Eq. (6): 

𝑑′ = (
𝜕𝑢𝑥

𝜕𝑢𝑦
𝑑𝑦𝑛) + (

𝜕𝑢𝑛−1

𝜕𝑢𝑛−1
𝑑𝑦𝑛−1) + ⋯ + (

𝜕𝑢1

𝜕𝑢1
𝑑𝑦1),          (6) 

 

 
Fig. 4. The bridge effect on the cube compression 

 

  

(a) (b) 
 

Fig. 5. The deformation of the failed concrete cross-section: 

(a) deformation path elements (b) deformed concrete cubes  

 
1 American Concrete Institute. ACI 318-19. Building Code Requirements for Structural Concrete (Inch-Pound 

Units). ACI; 2019. 

https://dwg.ru/dnl/15476
https://dwg.ru/dnl/15476
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Fig. 6. The algorithm of the current study 

 

Algorithm of study 

The experimental findings of high-performance concrete reinforced with basalt fiber 

served as the foundation for the current investigation [56]. Predicted yield behavior, 

failure mechanisms, and validation of the Tresca criterion are expected outcomes, based 

on the experimental BFHPC test results (uniaxial/triaxial compression, flexural testing). 

Based on earlier research and experimental investigations on the HPC, Eq. (4) was 

discovered [33]. Equation (4), also referred to as the boundary in the M-C and Tresca 

criteria, can predict compressive strength. The M-C and Tresca criteria were used in the 

current investigation to predict concrete compressive strength. Taking into account the 

experimental BFHPC test data (flexural, uniaxial/triaxial compression), as well as  

the AI-predicted failure mechanisms, yield behavior, and validation of the Tresca criterion.  

To validate the results, several evaluation indices were used, including the 

correlation coefficient (R), mean square error (MSE), root mean square error (RMSE), and 

mean absolute error [20]. As illustrated in Fig. 6, the current study's algorithm examines 

basalt fiber-reinforced high-performance concrete (BFHPC) using software programming, 

machine learning (ML) modeling, and artificial neural networks. It does this by predicting 

yield behavior, analyzing failures, and validating the Tresca criteria. 

 

  

(a) (b) 
 

Fig. 7. The artificial neural network: (a) biological neural network; (b) artificial neural network  

• Find the Deformation

• Pixels LocationsSoft Programming

• Linear, Rigid and Polynomial 
RegressionMachine Learning

• Prediction Pixels

ANN
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The compressive strength of unified concrete (BFC) was predicted using linear, stiff, 

and polynomial regression models. These regressions were implemented using a machine 

learning model in Python's "skylearn" package. Additionally, the current study looked at 

concrete failure. Python was used to create simulation code to run the equation-based 

results. The deformation of each crack and failure piece has been established using 

prediction pixels. Next, the ANNs were established to find the pixels. Equation (6) is 

considered soft programming, and an ANN can help plot and identify the pixels. Finally, the 

ANN was able to identify the pixels as cracks using "Numpy" commands, as shown in Fig. 7. 

 

Artificial neural network 

In the current study, neural network applications with various inputs were used to 

produce more accurate and user-friendly models by integrating basic computational tasks 

with parallel processes that simulate brain activity (compressive strength). Appropriate 

training and adaptation of neural networks will yield dependable outcomes. Artificial 

neural networks are information-processing models with predictive capabilities. Their 

purpose is to obtain knowledge from existing experimental, analytical, and theoretical 

data, as illustrated in Fig. 7. And it has been inspired by the neural network. The ANNs 

include inputs, hidden layers, and outputs, as shown in Fig. 7. The connections between 

elements are similar to synapses in neural networks, as shown in Fig. 7(b). 

A layer of nodes, comprising an input layer, one or more hidden layers, and an output 

layer, makes up an artificial neural network (ANN). Every artificial neuron or node has a 

threshold and a weight that are related to one another. A node is activated and transmits 

data to the network's next layer if its output exceeds the designated threshold value. 

Otherwise, no information is sent to the subsequent network layer. The input, hidden layer, 

and outputs are all part of the artificial neural network's operation, as shown in Fig. 8. 
 

 

Fig. 8. Artificial neural network 

 

This study established Python programming, and the ANNs were programmed using 

the Spyder plugin. The ANNs in the current study were coded using "NumPy," with more 

than 12 inputs, 144 hidden layers, and 5 outputs. Equation (7) was used to establish the 
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pixel parameters and displacements in this term, and as a result, it was able to forecast 

the location of each spot where a crack would occur: 

𝑦 = 𝑎𝑥 + 𝑏.               (7) 

Machine learning. The most popular technique in machine learning is regression 

analysis, which should be used to evaluate the predictive performance of machine 

learning (ML) algorithms using statistical indicators [45]. To create the model for 

forecasting the compressive strength of concrete, Ridge Regression (RR), Polynomial 

Regression (PR), and Linear Regression were typically taken into consideration. The Linear 

Regression (LR) algorithm's working formula is presented in Eq. (7). 

According to Eq. (7), a and b represent the slope and the intercept coefficient, 

respectively. The polynomial function can take on different values with different 

coefficients (𝑎𝑛). In addition, 𝑎0 is the constant value or width from the origin of the 

polynomial function defined in Eq. (8): 

𝑦(𝑥) = 𝑎𝑥𝑛𝑥𝑛 + 𝑎𝑛−1𝑥𝑛−1 + 𝑎𝑛−2𝑥𝑛−2 + ⋯ + 𝑎𝑛𝑥𝑛 + 𝑎0,         (8) 

where 𝑥 is a variable, 𝑦(𝑥) is the dependent variable to 𝑥 in Eq. (8), and 𝑎 is the polynomial 

function's coefficient. The key statistical method used for calibration was Ridge 

Regression (RR), also known as the Tikhonov regularization [57]. This regression method 

employs a penalized estimator equation (9) to purposefully induce bias into the 

coefficient estimate, minimizing the variability of the estimations [26]:  

∑ (𝑦𝑖 − 𝑋𝑖
𝑇𝐾 − 𝐾0)2 + 𝑀 ∑ 𝐾𝑗

2𝑃
𝑗=1

𝑛
𝑖=1 ,           (9) 

where 𝑦𝑖  represents the value of the dependent variable in the observation, 𝑋𝑖
𝑇  denotes 

the transposed value of 𝑋𝑖
 , 𝐾0 represents the intercept coefficient, and 𝐾 is the vector of 

regression coefficients.  

The observation's vector of independent variables is represented by i, Xi; i represents 

the number of observations, n; the number of independent variables is represented by p; 

the order of the number of parameters is represented by j; and the j-th regression 

coefficient, within the total number of p, is represented by Kj. 

Verification. Three techniques are used in this study to assess the accuracy and 

dependability of forecasting algorithms. The correlation coefficient (R2) measures the 

model's ability to explain deviations in the desired characteristic (e.g., compressive 

strength) [52]. The average absolute deviation of anticipates from the experimental 

results is measured by the Mean Absolute Error, or MAE. The root mean square error 

(RMSE) for evaluating forecast errors significantly limits further deviations [20].  

The correlation coefficient (R2), as shown in Eq. (10), the mean absolute error (MAE), and 

the root mean square error (RMSE) were all evaluated to assess the forecast's validity. 

Considering Eq. (10), R2 is a measure of the percentage of variation in the dependent 

component (such as concrete strength) that can be predicted based on the given 

characteristics (such as fiber content and curing time): 

𝑅2 = 1 −
∑(𝑦−ˆ𝑦)2

∑ (𝑦−𝑦̅)2𝑛
 

,                       (10) 

where the actual, anticipated, and mean values are denoted by the letters 𝑦, 𝑦̅ and 𝑦́, 

respectively. MAE calculates the average error between the anticipated and actual values, 

providing a clear assessment of model performance. According to Eq. (11), the MAE 

equation is equal to the sum of the numerical variations in the data sets divided by the 

integers. The MAE equation is defined by Eq. (11) as follows: 
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𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦 − 𝑦̂|𝑛

 .            (11) 

In addition, RMSE indicates larger prediction errors by calculating the root mean 

square of the errors. RMSE measures the average deviation between each actual data 

point and its corresponding predicted value: 

𝑅𝑆𝑀𝐸 =  √
1

𝑛
∑ (𝑦 − 𝑦̂)2𝑛

 .            (12) 

 

Results and Discussion 

Data analysis 

The scatter plots shown in Fig. 9 represent the experimental and predicted compression 

strength test results, and the data analysis indicates that the experiment's outcomes and 

the forecast were pretty and similar. 

 

 
Fig. 9. Compressive strength prediction, and experimental results 

 

Analysis of the machine learning algorithms' R2, MAE, and RMSEs for each dataset 

reveals that the R2 value was greater than 0.97, the MAE was greater than 2.1, and the 

RSME was higher than 16.99. The current study's Taylor diagram is shown in Fig. 10. 

 

 
 

Fig. 10. Taylor diagram of the current study 
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Machine learning 

The correlation matrix shows that basalt fiber has an adverse effect on the compressive 

strength of high-performance concrete. The impact of glass fibers was less than 17 %, 

and the effect of minibars was less than 81 %. Basalt fiber minibars had the most negative 

impact on concrete (Fig. 11). 

 
 

Fig. 11. Correlation matrix between compressive strength and basalt fiber 
 

Figure 12 shows the LR and RR results of glass and minibars prediction. The results 

demonstrate that R2 was 0.72 for both regression types. Therefore, LR and RR are not 

suitable methods for predicting compressive strength. 

 

 
Fig. 12. Linear and Rigid regression results 
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Figure 13 displays the polynomial regression for glass fiber. The findings showed 

that the RSME was greater than 0.98, the MAE was greater than 0.21, and R2 was greater 

than 0.93. Thus, as illustrated in Fig. 12, the PR results for glass fiber were appropriate 

and validated. 

 

 

Fig. 13. Polynomial Regression g fiber 

 

Figure 14 shows that the PR regression was based on minibar results. The findings 

indicate that the RSME exceeded 0.907, the MAE exceeded 0.25, and the R2 exceeded 

0.99. In general, the PR produced more inconsistent results than the LR and RR. 

 

 

 

Fig. 14. Polynomial Regression Minibar basalt fiber 

 

The Taylor diagram shows that the PR for minibars was closer to the references than 

for other regression types, as shown in Fig. 15. 
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Fig. 15. Taylor diagram of the machine learning 

 

Failure mechanism 

Traditional cement-based concrete may eventually be replaced by concrete incorporating 

glass fiber and minibar basalt fibers. Figure 16 displays the ANN's experimental and pixel 

prediction results. By determining the cracking degree and maximum deformation length, 

the ANN was able to identify and forecast cracks on concrete surfaces, as shown in 

Fig. 16(a). The cube's cracking progress is displayed by the yellow pixels. The cube's 

pyramidal failure is shown in Fig. 16(b). ANNs that fail are shown in yellow in Fig. 16.  

By treating plot pixels as failure and crack locations, ANNs can accurately forecast the 

cube's failure mechanism using Eq. (6). A numerical assessment of the model's 

performance showed distinct error metrics and a high degree of compatibility. 

Specifically, the Root Mean Square Error was found to exceed 16.99, and the Mean 

Absolute Error exceeded 2.1, indicating the average magnitude of prediction errors. 

However, the coefficient of determination (R²) was consistently greater than 0.97, 

indicating that the model explains over 97 % of the observed variance. The strong 

agreement between expected and real values was graphically evaluated using a Taylor 

diagram, which offered a clear statistical description of the fit between the predicted and 

experimentally measured compressive strength values. Among the numerous machine 

learning algorithms assessed, polynomial regression proved to be the most successful 

predictive model for this application. It demonstrated superiority by achieving high R² 

values for various composite materials, including over 0.93 for glass fiber-reinforced 

composites and over 0.99 for basalt fiber-reinforced composites. These findings highlight 

the model's outstanding accuracy, particularly in forecasting the compressive strength of 

basalt fiber composites.  
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Fig. 16. Experimental results and pixel results in different stages   
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This investigation compares several constituents in High-Performance Concrete and 

evaluates compressive strength prediction using machine learning, artificial neural 

networks, and soft computing. While this study found that basalt fiber affects compressive 

strength, previous research has shown that it can improve HPC durability [53]. Machine 

learning predicts that polynomial regression produces good results for glass fiber and 

crystalline basalt fibers, with R2 values of 0.93 and 0.99, respectively. Research was done 

to predict the characteristics of steel fiber-reinforced concrete beams under blast stress, 

and the results were compared [58]. The Gaussian Process (GP) regression they utilized 

has R2 of greater than 0.9, which is higher than R2 of 0.97 for PR. As an additional 

illustration, another researcher used machine learning to forecast structural behavior 

under explosion conditions [59]. They developed a program to model a reinforced 

concrete structure. Compared to the existing 99 % accuracy with PR for minibars and 

93 % with glass fibers, they achieved 96 %. 

 

Conclusions 

This study analyzed compressive strength prediction by using soft computing, artificial 

neural networks, and machine learning techniques. The data from high-performance 

concrete with basalt fibers was imported into Python for a comparative examination of 

glass fiber and minibar basalt fibers. The results show that artificial neural networks 

(ANNs) are effective in forecasting both fracture patterns and the collapse of concrete 

cube surfaces under stress. This study indicates that engineers in construction can 

consistently predict the compressive strength of high-performance concrete using soft 

computing, machine learning, and, in particular, artificial neural networks. The essential 

research findings are described below: 

1. The analysis demonstrated that the coefficient of determination (R²) was over 0.97. 

The error measurements, Mean Absolute Error (MAE) and Root Mean Square Error (RMSE), 

were measured at values greater than 2.1 and 16.99, respectively. A Taylor plot clearly 

shows that the experimental and predicted compressive strengths are very similar.  

2. Polynomial regression outperformed all other machine learning models tested in terms 

of accuracy. It produced high R² values, exceeding 0.93 for glass fiber-reinforced concrete 

and approaching 0.99 for combinations with crystalline basalt fibers.  

3. The failure test results indicate a significant correlation and high similarity between 

laboratory-recorded results and model predictions. 
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