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Abstract- The application of the support vector machine (SVM) and random forest (RF) 
algorithms to anticipate the compressive strength of fly ash-based concrete has been 
investigated in the study. A predictive performance comparison was performed for these 
two algorithms, where statistical metrics, such as coefficient of determination (R2), mean 
square error (MSE), root mean square error (RMSE), and mean absolute error (MAE), 
were used for the evaluation. The results reveal that the RF algorithm outperforms the 
support vector machine model in terms of predicting the compressive strength of concrete 
containing fly ash. The statistical checks and the investigation of k-fold cross validation 
also give confirmation of higher precision for the random forest model. The employed 
machine learning approaches successfully predicted the strength property of selected 
concrete and gives the indication that it can reduce the time, experimental efforts, and 
cost of the construction projects. 
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1. Introduction 
Portland cement is one of the most widely utilized ingredients in the concrete industry [1]. It is essential for developing 
the infrastructure required for social and economic growth but has a harmful influence on the environment [1, 2]. Cement 
manufacture results in substantial use of natural resources and substantial carbon dioxide (CO2) emissions [3, 4]. In 
addition, it is widely known that CO2 contributes to global warming. A few products or residues generated by various 
industrial sectors can react with calcium hydroxide to form calcium silicate hydrates similar to those formed during cement 
hydration [5-7]. These calcium silicate hydrates are referred to as pozzolans because they possess similar properties to 
Portland cement [8, 9]. The application of pozzolana in concrete can minimize the quantity of cement in it, which is one 
of the major causes of CO2 emission [10, 11]. Therefore, its use as a cement replacement appears to be a potential way to 
mitigate these issues [12] . The cement industry is responsible for around 8–10 percent of the world's anthropogenic CO2 

emissions [13]. As the demand for construction materials in the developing world continues to rise, this level of output is 
becoming increasingly troublesome, and future developments are required for the construction sector to become 
ecologically sustainable [14, 15]. 

Fly ash (FA), a byproduct of burning coal, is now frequently used as a cement component in concrete, along with other 
pozzolans [16-18]. FA is also acknowledged as an environmentally benign substance because the use of this material helps 
to reduce the cement industry's overall carbon footprint [19]. Application of FA in concrete material as a partial 
replacement of binding material plays a positive role in reducing the emission of CO2 gasses [20, 21]. This approach not 
only helps to produce an environmentally friendly concrete but also fulfill the strength and durability requirements of the 
concrete [22].  

Machine learning (ML) algorithms are widely using to forecast the strength properties of different types of concrete [23-
25]. The connection of artificial inelegance with the field of engineering is of great interest for the researchers [26]. This 
approach not only reduces the effort of experiments but also minimizes the cost of the project [27]. A variety of ML 
techniques such as bagging, decision tree, random forest (RF), multilayer perceptron, and gene expression programming 
are widely using for predicting the required outputs. 
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Investigating how well machine learning algorithms can predict outcomes is the purpose of this study. In order to forecast 
the compressive strength of selected concrete, both the support vector machine (SVM) and the RF approaches have been 
investigated. In order to validate the validity of the model, statistical checks and a method known as k-fold cross validation 
were incorporated. To estimate the compressive strength of fly ash-based concrete, this study makes use of two distinct 
kinds of algorithms—a single-label machine learning approach (SVM) and a multi-label machine learning ensemble 
technique (RF)—in order to break new ground. This approach is the primary innovation of the study. While individual 
techniques execute the model in the conventional fashion, an ensemble machine learning approach divides the actual 
models into a number of sub-models.  

2. Materials and method 
Python coding was introduced in the software for each employed ML technique to run the models. The data set used for 
the models was retrieved from the literature [24]. The comparison between the experimental result and the result obtained 
from the models was shown with the regression graphs, while the amount of difference between both the results was 
indicated with the error distribution graphs. The software automatically splits the data set into 80 percent for training the 
model and 20 percent for testing the model. However, k-fold cross validation approach was adopted for validation purpose.  
All the ingredients used to prepare the concrete materials were taken as the input parameters, and the result of the strength 
was taken as the output parameter. The descriptive statistics of the input parameters taken from the mentioned literature 
are listed in Table 1. However, the relative frequency distribution for the same parameters can be seen in Figure 1.  

Table 1. Descriptive statistics of the variables 

Parameters 
Cement 
(kg/m3) 

Fly ash 
(kg/m3) 

Water 
(kg/m3) 

SP 
(kg/m3) CA (kg/m3) FA (kg/m3) Age (days) 

Mean 282.13 77.29 180.95 5.45 1003.76 794.19 44.50 

Standard Error 3.78 2.46 0.72 0.21 2.90 2.71 2.34 

Median 252.00 100.40 185.70 5.70 1006.40 794.90 28.00 

Mode 213.50 0.00 192.00 0.00 968.00 613.00 28.00 
Standard 
Deviation 94.88 61.91 17.97 5.28 72.84 68.18 58.66 
Sample 
Variance 9001.86 3832.72 322.86 27.89 5305.62 4648.69 3441.28 

Range 405.30 200.10 88.00 28.20 324.00 351.00 364.00 

Minimum 134.70 0.00 140.00 0.00 801.00 594.00 1.00 

Maximum 540.00 200.10 228.00 28.20 1125.00 945.00 365.00 

Sum 178026.90 48768.30 114176.60 3439.70 633370.90 501134.40 28082.00 

Count 631.00 631.00 631.00 631.00 631.00 631.00 631.00 
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Figure 1. Relative frequency dispersal of the variables used for running the models 

 

3.    Employed Algorithms 

 A linear model that can be used for classification and regression issues is known as an SVM [28]. It is effective for a wide 
variety of real-world challenges and can solve both linear and non-linear issues. The basic notion of SVM is as follows: 
The algorithm draws a line or a hyperplane that divides the data into the appropriate categories. In recent years, one of the 
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most effective machine learning approaches has been SVMs. SVMs have been successfully applied to numerous 
engineering related applications, including those of the petroleum and mining industries. 

RF is a type of classification technique that is made up of several different decision trees [29]. When building each 
individual tree, it employs bagging and feature randomness to try to produce an uncorrelated forest of trees whose 
prediction by committee is more accurate than that of any individual tree. This forest of trees would then be used to make 
a prediction. This is among the most important aspects of the RF Algorithm, as it can handle a data set containing both 
continuous variables, which is used in the case of regression and categorical variables for classification. This capability is 
one of the most significant characteristics of the Random Forest Algorithm. The outcomes of categorization issues are 
improved, as a result of its use. 

4. Result and discussion 

4.1. SVM algorithm’s outcome. 

The relationship between the experimental result for compressive strength (C-S) and the result obtained from the SVM 
model is depicted in the upper part of Figure 2 (a). The fact that the R2 value is equal to 0.95 demonstrates that the 
relationship is both reasonable and strong. Figure 2 (b), on the other hand, illustrates the disparity between the observed 
C-S data and the predicted data. The difference between these two values demonstrates that the highest value is equal to 
9.16 MPa, while the lowest value that was reported was equal to 0 MPa. 

 
 
 
 
 
 
 
 
 
 
 
 
 
(a) 
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(b) 

 

Figure 2. Regression and error’s graphs: (2a) Experimental and predictive result’s relationship of the C-S from 
SVM model; (2b) Difference of the predictive results and experimental C-S results from SVM model 

 

4.2. RF algorithm’s outcome. 

Figure 3 illustrates the relationship that exists between the actual C-S and the output that the model produces for the C-S. 
(a). When compared to the output of the SVM model, this relationship reveals a predictive result that is both more effective 
and accurate, as indicated by the R2 value, which is equal to 0.97. Figure b presents the error distribution that pertains to 
the RF model, which is another point of interest (b). This dispersal has a range of values, the lowest of which is 0.0092 
MPa and the highest of which is 8.32 MPa. 
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(b) 

 

Figure 3. Regression and error’s graphs: (3a) Experimental and predictive result’s relationship of the C-S from RF model; 
(3b) Difference of the predictive results and experimental C-S results from RF model 

 

5.     K-fold cross validation (CV) 

This method was used to validate the employed models. The legitimacy of the models was confirmed by the adoption of 
the CV approach. It uses nine out of ten subsets, with the exception of one subset that is utilized for the purpose of model 
validation. The results of the C-V analysis are evaluated using the root mean square error (RMSE), the mean absolute error 
(MAE), the mean square error (MSE), and the correlation coefficient (R2). In comparison to the SVM model, the RF model 
demonstrates a significantly lower result of the specified errors and a significantly higher result of R2. The average values 
of the MAE, MSE, RMSE, and R2 from the validation process for SVM models were 5.92 MPa, 8.14 MPa, 2.83 MPa, and 
0.89, respectively, as shown in Figure 3 (a). Similarly, the average results for the same parameters from the RF model 
during the validation process were noted as 5.17 MPa, 6.24 MPa, 2.46 MPa, and 0.90, respectively, as depicted in Figure 
3 (b). 
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(b) 

 

Figure 4. Validation results of the employed models (4a) K-fold CV for SVM algorithm; (4b) K-fold CV for SVM 
algorithm 

 

Table 2. Statistical metrics for SVM and RF models 

Algorithms MAE (MPa) MSE (MPa) RMSE (MPa) 

SVM 2.54 8.76 2.96 

RF 1.97 6.25 2.50 
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6.   Conclusions 

This study describes the comparative study of two ML algorithms towards the prediction of C-S of concrete containing fly 
ash. The SVM and RF approaches have been introduced for the required outcome. However, the following conclusion can 
be drawn from the study. 

 The RF model showed the affective predictive performance by giving an R2 value of 0.97 as compared to the 
SVM model’s R2 value of 0.95. 

 The lower values of the errors (MAE, MSE) also confirm the high accuracy of the RF model. 
 The K-fold cross validation method was adopted to validate the employed models and confirm their legitimacy 

towards the predicted C-S of the concrete. 
 The ML algorithms can be successfully applied to the selected data set to anticipate the required outcome. 

This research has the potential to benefit the construction industries by reducing the overall cost of the projects that are 
being undertaken. The utilization of such techniques to predict the performance of composite materials in a limited time 
period is beneficial. This not only reduces the physical effort on the tests in the laboratory, but it also saves the valuable 
time of the project, which is a significant advantage. 
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