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Abstract :  The main objective of this study is to investigate the possibility of applying Support Vector Regression (SVR) for predicting the compressive 
strength of cellular lightweight concrete. To this aim, a database of 177 experimental results on the compressive strength was used to construct and 
validate the SVR model using the training and testing datasets, respectively. A number of 100 simulations was performed in order to fully evaluate the 
accuracy of SVR, thanks to common statistical criteria. The results showed that the SVR algorithm was a good predictor in quick estimation of the 
compressive strength with a correlation between predicted versus actual data up to R = 0.9781. 
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1. INTRODUCTION 
THE use of cellular lightweight concrete has gained much 
interest from researchers due to many advantages such as 
light self-weight, low production cost and easy to construct. In 
civil engineering applications, lightweight concrete could be 
used as thermal or sound insulation materials, fire walls, 
backfill components, soil engineering or structures, 
foundations or panels. Besides, waste materials or industrial 
by-products could be used in the manufacturing process of 
lightweight concrete, making cellular concrete an eco-friendly 
materials. Furthermore, lightweight concrete presents several 
possibilities of using in road construction such as road 
embankment infills, or tunnel construction. Practically, they 
have been used in civil engineering applications in different 
countries in Europe, Asia. In general, cellular lightweight 
concrete can be manufactured in different manners and from 
different types of material. Aerated concrete, no-fines concrete 
or the replacement (partially or totally) of natural aggregates 
with lightweight aggregate are commonly applied for the 
fabrication process of lightweight concrete. Aerated concrete is 
a type of lightweight concrete in which either air or gas is 
injected into the mixture before it is created. No-fines concrete, 
in other words, a porous, permeable and cellular concrete, is a 
kind of porous concrete produced in limiting the content of fine 
aggregate, and the content of cement is only enough to fill into 
the coarse aggregate gaps and ensure the inter-connectivity 
between gaps. The third kind of cellular lightweight concrete, 
natural aggregates are partially or completely replaced with 
lightweight aggregates. Besides, different materials could be 
used in lightweight concrete, varying from pumice, perlite, 
vermiculite, clay, fly ash, silica fume, oil palm shell, recycled 
plastic or waste rubber. In the literature, an important number 
of studies has been performed and combined all the possible 
fabrication methods to produce another type of lightweight 
concrete, which is more effective via the use of foam and light 
aggregates, known as foam concrete or foamed concrete. 

Based on the investigation on the production method of foam 
concrete, researchers have pointed out that two methods 
could be used [1], [2]: the first one, the so-called pre-foam 
method, using stable foam made by foam agent, water, 
cement paste or mortar, and finally mixing all the components 
together. The second method, namely the mixed foaming 
method, where the foaming agent is added into the pre-
prepared mixture and a cellular structure in concrete is 
produced during the mixing process. The compressive 
strength of lightweight concrete is an important mechanical 
property, which need to be pre-defined before any further 
utilization. Several empirical approaches have been proposed 
in the literature, which pointed out that the mixture 
components and the corresponding proportions highly affected 
the compressive strength of cellular lightweight concrete [3]–
[5]. A design expert technology and the use of a response 
surface methodology (RSM) were utilized to provide a 
relationship between all the lightweight concrete constituents 
and the corresponding mechanical behaviors [6]. Besides, 
experimental approach was also conducted to study the 
compressive strength in function of time or the effect of foam 
content in the mixture, for instance the works of Bing et al. [7] 
or Liu et al. [8]. Overall, empirical equations or semi-analytic 
equations were developed but the values of several constants 
in such equations were required, making such approach 
difficult to use. In recent decades, soft computing techniques 
based on machine learning have paved the way to a great 
benefit, especially in using existing database to avoid 
unnecessary experiments. Many complex problems, difficult to 
deal using classical approaches have been solved thanks to 
machine learning algorithms, including structures [9]–[11], 
materials [12], [13] or soil mechanics [14]. Thus, it could 
strengthen the fact that these machine learning based 
algorithms should be applied and tested to various problems 
to evaluate the accuracy of such approach. 
In this study, the possibility in using a well-known support 
vector regression (SVR) was investigated and applied to 
predict the compressive strength of cellular lightweight 
concrete. The next parts of the paper are presented as follow: 
section 2 is dedicated to the introduction of SVR and the error 
criteria used in this study, section 3 presents the database for 
the training and validation of the SVR algorithm, section 4 is 
dedicated to present the results and discussion. Finally, 
several conclusions with perspective are given in section 5. 
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2 METHOD USED 
 
2.1 Support Vector Regression 
Support vector regression (SVR) is a literal translation of 
support vector machine (SVM) but use to solve regression 
problems. The main idea of SVR is to find a hyperplane to 
classify the data points. This hyperplane could have N 
dimensional space, where N represents the number of 
features of the problem. In order to separate two groups (or 
more than two groups) of data points, many possibilities of 
hyperplanes could be found. The principle of SVR is to find a 
hyperplane that maximize the distance between the data 
points of the two groups, which is also called the maximum 
margin. This fact provides a support for additional data points 
(if any), which can be accurately separated. The hyperplanes 
could be considered as decision boundaries that separate 
groups of data points. Each side of the hyperplane divides the 
data points into different groups. The dimension of the 
hyperplane depends on the number of features of the problem. 
If there are two features, the hyperplane has one dimension, 
or it is a line. If the number of features is three, then the 
dimension of the hyperplane is two or a two dimensional 
plane, and so on. Support vectors are literally the data points 
(or vectors) which close to the hyperplane. They are directly 
influential to the position as well as the orientation of the 
hyperplane. Support vectors are used to control (or maximize) 
the margin, which useful in building the SVR algorithm. 
Besides, the maximization process of the margin between the 
data points and the hyperplane is performed with the help of 
the loss function. For the development and implementation of 
SVR, the readers could referred to the literature [15]. 
 
2.2 Performance criteria  
After being constructed, the accuracy in predicting given 
output(s) need to be evaluated. In this study, three 
performance criteria widely used in the literature were used, 
namely the root mean square error (RMSE), the Pearson 
correlation coefficient (R) and mean absolute error (MAE). The 
closer the absolute values of R, the better the accuracy. On 
the other hand, the lower the values of RMSE and MAE, the 
better the accuracy of machine learning algorithms. The 
readers could referred to the literature for the formulations of 
these criteria [16], [17]. 
 

3 DATA USED 
In this study, data of typical type of cellular lightweight 
concrete, foamed concrete, was collected in the available 
literature [18] and used for the development and validation of 
the SVR model. A number of 177 samples was used, including 
input parameters such as the density, water to cement ratio 
and sand to cement ratio, whereas the 28 days compressive 
strength was the single output of the problem. For the ranges 
of the input variables, the minimum value of density was 
430.3, the maximum value was 2009.48, with a standard 
deviation of 290.87 and average value of 1658.32. The 
minimum value of water to cement ratio was 0.26, the 
maximum value was 0.83, with a standard deviation of 0.1 and 
average value of 0.41. The minimum value of sand to cement 
ratio was 0, the maximum value was 4.29, with a standard 
deviation of 0.57 and average value of 1.17. The minimum 
value of the output in this study, the 28 days compressive 
strength of foamed concrete, was 1.50, the maximum value 

was 48.88, with a standard deviation of 12.27 and average 
value of 26.43. The unit used in this study for density was 
kg/m

3
, and the compressive strength was expressed in MPa. 

 
4 RESULTS AND DISCUSSION  
For the development of the SVR model, the dataset containing 
177 samples was divided into 2 main parts. The first part, the 
training dataset contained 70% of the total data. This part was 
used for the learning phase of SVR algorithm. The second 
one, the testing dataset contained 30% of the remaining data. 
This part was used for evaluation of the accuracy of the 
trained SVR model. The evaluation process used the three 
criteria for assessment of the performance, which are 
mentioned in the previous section. 
 
4.1 Performance of SVR 
To fully evaluate the performance of the proposed SVR 
algorithm, a number of 100 simulations was performed in 
shuffling the sample indexes to build the training dataset. It is 
well-known that the presence of different samples (from the 
original dataset) will affect the accuracy of machine learning 
algorithm. Thus, it is necessary to perform as many 
simulations as possible for a complete assessment of the 
robustness of SVR. The results of the three criteria are plotted 
in Fig. 1 for R, in Fig. 2 for RMSE and in Fig. 3 for MAE. It is 
worth noticed that only results from the testing datasets were 
presented, as they are the factors that represent the accuracy 
of given algorithm. With respect to R, the SVR algorithm 
showed satisfactory results with a high concentration between 
R = 0.9 and 1. Only 4 cases of R < 0.85 were obtained, 
showing the high efficiency of SVR in predicting lightweight 
concrete compressive strength. The maximum frequency of 
SVR was obtained in the range of R = 0.95-0.96. Similarly, the 
RMSE and MAE values showed a great effectiveness of SVR, 
where these values were concentrated at those close to 0. 
Besides, only 4 cases were obtained, in both RMSE and MAE, 
as low accuracy cases. 

 
Fig. 1. Values of R for the testing dataset over 100 simulations 
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Fig. 2. Values of RMSE for the testing dataset over 100 

simulations 

 
 

Fig. 3. Values of MAE for the testing dataset over 100 

simulations passive layer. 
 

The values of RMSE were highly frequented at around 3, 
whereas those of MAE were around 2.6. A summary of the 
results over 100 simulations is presented in Table 1. As can be 
seen, the accuracy of SVR was, in average, 0.9350 for R, 
4.3342 for RMSE and 2.2113 for MAE. Overall, SVR model is 
a good predictor for predicting the compressive strength of 
lightweight concrete. 

 
Table 1. Summary of the prediction results for the training 

and testing datasets over 100 simulations. 
 Min Average Max St.D. 

Training     

R 0.8179 0.9391 0.9677 0.0233 

RMSE 3.1481 4.1988 7.1676 0.7116 

MAE 2.4860 3.0472 3.8312 0.3110 

Testing     

R 0.4379 0.9350   0.9781 0.0698 

RMSE 2.7580 4.3342 11.5334 1.5287 

MAE 2.2113 3.2552 7.5907 1.0247 

 
4.2 Representative result 
In this section, a typical result of SVR in predicting the 
compressive strength of foamed concrete is presented. The 
chosen one was the case in which the accuracy of SVR in 
predicting the compressive strength of foamed concrete was 
highest in terms of R, RMSE and MAE. Fig. 5 shows the 
results in function of the actual and predicted values for the 

testing dataset. It can be seen that the results predicted by 
SVR were in good agreement with the experimental values of 
compressive strength. Almost results were correctly predicted. 
To further quantify the error values for each single sample, Fig. 
6 shows the histogram of distribution of error in function of the 
frequency. For this typical case, the error mean was found as -
0.6715, the standard deviation was 2.9174 and the RMSE 
value was 2.9668. The errors observed from the histogram 
were in the [-5, 5] range, and higher concentration was found 
around the 0 value of error. Besides, the error distribution was 
likely follow a Gaussian distribution, plotted in blue 
discontinuous line (Fig. 5). In this case, the results showed 
that SVR could be a promising predictor to solve the 
compressive strength problem with high accuracy and low 
error. 

 
Fig. 5. Predicted versus actual values for the testing part. 

 

 
 

Fig. 6. Histogram of error for the testing dataset for the 

case of typical SVR result. 
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Fig. 7. Correlation analysis for the training dataset. 

 

 
 

Fig. 8. Correlation analysis for the testing dataset. 
 

Finally, two regression graphs are presented to demonstrate 
the regression capacity of SVR model for both the training and 
testing datasets of the typical result. Fig.7 and Fig.8 show 
such graphs for the training and testing parts, respectively. 
The regression values obtained were R = 0.9178 and R = 
0.9781 for the training and testing datasets, respectively. The 
higher value of R in the testing part could be explained by the 
data points appeared in both the training and testing part. Two 
equations that related the actual and predicted data were 
presented in each graph, where ―Y=0.88X + 3.4‖ was applied 
for the training dataset, and ―Y=0.87X + 3.8‖ was applied for 
the testing dataset. Overall, it can be concluded that the SVR 
algorithm is a promising model to deal with the problem of 
quick and accurately predicting the compressive strength of 
lightweight concrete. 
 

5 CONCLUSION 
In this work, the possibility of using support vector regression 
(SVR) in predicting the compressive strength of lightweight 
concrete was studied. A database containing 177 experimental 
results was used for the training and validation of the 
constructed SVR algorithm. Common statistical criteria were 

used to quantify the predicted error with respect to the actual 
data, namely the Pearson correlation coefficient, root mean 
square error and mean absolute error. A number of 100 
simulations was performed for fully assessment of the SVR 
algorithm in predicting the target of the problem. The results 
showed that SVR was a good predictor with an average value 
of R, RMSE and MAE over 100 simulations of 0.9350, 4.3342, 
3.2552, respectively. This study showed that SVR could be 
used to quick and accurately predict the compressive strength 
of lightweight concrete. The developed SVR model is thus 
helpful for engineers to forecast the target compressive 
strength and to avoid unnecessary experiments. 
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