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A B S T R A C T 

Concrete is known as one of the fundamental materials in construction with its high 
amount of use. Lightweight concrete (LWC) can be a good alternative in reducing the 

environmental effect of concrete by decreasing the self-weight and dimensions of the 

structure. In order to reduce self-weight of concrete artificial aggregates, some of 

which are produced from waste materials, are utilized, and it also contributes to de-

velop a sustainable material Artificial neural networks have been the focus of many 
scholars for long time with the purpose of analyzing and predicting the lightweight 

concrete compressive and flexural strengths. The artificial neural network is more 

powerful method in terms of providing explanation and prediction in engineering 

studies. It is proved that the error rate of ANN is smaller than regression method. 

Furthermore, ANN has superior performance over nonlinear regression model. In 

this paper, an ANN based system is proposed in order to provide a better understand-

ing of basalt fiber reinforced lightweight concrete. In the regression analysis pre-

dicted vs. experimental flexural strength, R-sqr is determined to be 86%. The most 

important strength contributing factors were analyzed within the scope of this study. 
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1. Introduction 

Concrete is known for its high standard of use as one 
of the essential building materials. It is widely used in 
buildings, hydraulic structures, and pavements (Calis 
and Yıldızel, 2019). Due to its high consumption, the nor-
mal weight aggregates (NWAs), such as granite and 
gravel, in construction concrete, natural stone deposits 
have decreased dramatically. Such amount of use caused 
non-recoverable damages to the natural environment in 
the past and goes on. Consequently, the need for sustain-
able materials has become apparent in recent years 
(Alengaram et al., 2013). 

Lightweight concrete (LWC) can be a good alternative 
in reducing the environmental effect of concrete by de-
creasing self-weight and dimensions of the structure. To 
reduce self-weight of concrete artificial aggregates, some 
of which are produced from waste materials, are utilized, 
and it also contributes to developing a sustainable material 

(Zi et al., 2014). LWC is defined as a versatile material, 
and it received great attention from the whole construc-
tion industry in recent years. LWC can be also utilized as 
structural concrete, which makes it important material 
in the modern construction industry. In this respect LWC 
has been able to solve durability and weight problems in 
many building and exposed structures (Jafari and 
Mahini, 2017). Oven dry density of LWC is at the range of 
300-2000 kg/m3 and compressive strength of a cube is 
from 1 to 60 MPa (Hamad, 2017). 

Strength of LWC is as important as it is for conven-
tional concrete. Hence, LWC is required to meet specific 
strength requirements which can be different depending 
upon the project. To increase properties of LWC, fibers 
are commonly used by the scholars. Influences of fiber 
on mechanical properties of LWC has been investigated 
by the researchers (Alengaram et al., 2017; Lv et al., 
2015; Zhou and Brooks, 2019). These fibers can be 
mainly divided in to 3 main type: metallic, synthetic and 
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natural. Carbon, glass, steel, rubber, waste cable steel 
and glass are widely used fibers. Among others steel fi-
bers (SF) are mostly used to increase the compressive 
strength of both normal and lightweight concrete (Wu et 
al., 2019). Recent studies report that compressive 
strength can be increased by adding SF. Furthermore, 
flexural strength and splitting tensile increase signifi-
cantly (Alengaram et al., 2017; Libre et al., 2011). LWC is 
known with its low shear capacity in comparison to nor-
mal weight concrete. Fiber addition can develop this weak 
property of LWC. The impact of steel fibers on LWC shear 
behaviour has been reviewed and concluded that; 0.5% SF 
addition increased shear resistance from 50.7 kN to 76.6 
kN which is 51%. Similarly, when SF addition is 1.0%, the 
shear resistance enhanced 68% (Mo et al., 2017). 

There is limited number of researches on the utiliza-
tion of glass fiber in LWC. However, it is reported that 
LWC, which contains 0.06% glass fiber, show 7-11% 
higher compressive strength than 0% glass fiber added 
LWC (Hamad, 2017). The compressive strength differ-
ence increases by higher level of GF addition. Similarly, 
another study shows that with GF usage of 0.00 to 0.06%, 
the compressive strength increases remarkably from 
57.85 MPa to 66.01 MPa (Hilles and Ziara, 2019). Also, it 
is determined that when the amount of GF is higher than 
0.06%, the increase of compressive strength is insignifi-
cant. Splitting tensile, on the other hand, has increase 
trend with the increase of GF from 0.00% up to 1.2%. The 
increase on splitting tensile is higher than compressive 
strength.  

Researchers (Fashandi et al., 2018) investigated the 
effect of carpet wastes in LWC. It was observed that com-
pressive strength reduces 5.39 %, 8.49% and 14.76% 
with the use of carpet waste with 1%, 2% and 3%. Flex-
ural strength shows similar trend with the compressive 
strength. Change in dry density determined to be from 
4% up to 14%. Therefore, utilization of carpet wastes 
has negative impact on both compressive and flexural 
strength of the concrete. Water absorption of carpet 
waste added samples is at the range of 6.8% and 9.3%. 
Obviously, water absorption of concrete is due to high 
porosity of carpet wastes and this leads the increment.  

The Abrams’ water-to-cement (binder) ratio (w/c) 
formula is world-wide accepted by the scholars. The con-
cept of the Abrams’ formula indicates that when w/c ra-
tio decreases the strength of concrete increases, when 
w/c increases strength decreases. This approach does 
not consider the other ingredients that can impact con-
crete strength though (Yeh, 1998). It was proved that 
other ingredients such as silica fume and fiber additions 
have also impacts on concrete specimen strength 
(Bhanja and Sengupta, 2005). The current empirical 
equations compute compressive strength (CS) by inves-
tigating the test results without considering supplemen-
tary cementitious materials. However, the impact of these 
supplementary materials such as fibers, fly ash, basalt fur-
nace on compressive strength should also be reviewed 
(Bhanja and Sengupta, 2005; Yildizel and Calis, 2019). 
Concrete properties are also influenced by other param-
eters: quality and quantity of aggregate, cement type 
(Chopra et al., 2019) .In order to get better understand-
ing regarding the nature of the concrete and optimise the 

concrete design, concrete composition should be inves-
tigated in deep (Castelli et al., 2013). Fiber distribution 
in concrete mixtures makes difficult to understand and 
predict compressive strength of concrete mixtures (Al-
tun et al., 2008). Traditional approaches used to deter-
mine effect of the parameters on concrete mechanical 
properties based on analytical equation which fails to get 
a deep view of it (Getahun et al., 2018). Therefore, the 
need for generating better solution has grown. In this 
study basalt fiber added lightweight concrete compres-
sive and flexural strength is investigated by modelling 
artificial neural networks. 

Neural networks have been employed in various 
fields including structural and engineering problems 
(Altun et al., 2008). These networks aim to model human 
brain and perform some of its actions. Neural networks 
(NN) originally come from mathematical neurobiology. 
NN are beneficial in predicting and classifying problems. 
In fact, for these types of problems regression models or 
some other statistical techniques are also used (Paliwal 
and Kumar, 2009). NN was investigated in terms of sta-
tistical aspects and classified as type of flexible nonlinear 
regression method. NN is capable of recognizing patters 
from the past data when it is properly structured and 
trained (Lenard et al., 1995). Multiple regression, discri-
minant analysis and logistics regression are the tradi-
tional techniques that widely used in prediction and clas-
sification problems. NN have gained importance in the 
recent years, and consequently become alternative solu-
tion to the traditional methods in prediction and classifi-
cation problems (Ripley, 1994). 

 Artificial neural networks can be considered as 
purely data driven model that through training itera-
tively transition from a random state to a final model 
(Smith and Mason, 1997). Even combination of various 
algorithms can be used via NN (Behnood and Golafshani, 
2018; Yan and Lin, 2016; Yildizel et al., 2020). The recent 
study reviewed some features of cost estimation model 
namely; stability, ease and performance in a car manu-
facturing industry. These features have been investi-
gated by using regression analysis method and neural 
networks. According to the results, NN have certain ben-
efits in handling data which do not comply with general 
low order polynomial forms or, which do not have the 
appropriate cost estimation relationships (CER) for re-
gression modeling with data for which a prior is not very 
knowledgeable. When sufficient cost estimation rela-
tionship data is available, regression models are signifi-
cantly advanced in predicting (Smith and Mason, 1997). 
In the other study (Lee et al., 2005), the relationship be-
tween welding parameters and geometry of the back-
bead in arc welding was investigated. Numerous ANN’s 
along with regression analysis methods were utilized in 
order to perform prediction of the relationship. It was 
concluded that the error rate predicted by ANN is 
smaller than the prediction of multiple regression analy-
sis. Scholars concluded that ANN is more powerful in 
terms of providing explanation and prediction. Further-
more, ANN easily explores the relationships between the 
data that cannot be understood by the traditional meth-
ods (Dvir et al., 2006). In other study, the factors that 
have impact on the object-oriented (OO) component size 
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and source code documentation was questioned. Author 
reviewed the performance of both nonlinear artificial 
neural networks predicting model and linear regression 
model. According to the results obtained in the study, 
when variable returns to scale economies exist between 
multiple inputs and multiple outputs, ANN has superior 
performance over nonlinear regression model (Pen-
dharkar, 2006). 

Researchers utilized artificial neural networks to un-
derstand hybrid steel systems (Allahyari et al., 2018). In 
their study 90 records was reviewed. The data classified 
under 2 classes namely training and test. The “train” da-
taset which has 76 out of 90 records, is utilized in updat-
ing the network weight and biases, and computing the 
gradient. The error of test dataset is not used in the train-
ing process, and yet it is still useful to compare different 
models (Lee and Lee, 2014).  

ANN and genetic algorithm in risk optimization of 
supply chain management were also investigated (Neza-
moddini et al., 2019). In that study a typical supply chain 
structure that contains; supplier, manufacturing plant, 
distribution center and end user/market was reviewed, 
and genetic learning algorithm and ANN was used. Non-
linear chance-constrained model in which the uncertain-
ties in center disruption, demand, transaction times, ca-
pacity failure, price were taken in to account. The objec-
tive function was to maximize net profit by minimizing 
the initial costs and increasing the market demand.  

GEP is an advanced algorithm which includes the idea 
that the single linear chrome is of a fixed length used in 
genetic algorithms as well as the structure of the tree, in 
various sizes and shapes, used for genetic programming. 
GEP can be considered as a new subarea of GP, which ba-
sically contains function set, fitness function, control pa-
rameters, terminal set, and termination condition. The 
main difference between GP and GEP is the way solution 
is represented in (Jafari and Mahini, 2017).  

In other study it was (Tanyildizi and Cevik, 2010) 
aimed to get empirical genetic programming formulas to 
predict both compressive and splitting strength of light-

weight concrete contains silica and exposed to high tem-
perature. The formulas have been produced by training 
sets. In their study, properties of genes and functions 
such as length, number, type of lining, have been selected 
for each problem. During the solution process, the user 
is able to start with a single-gene chromosome and then 
in the later stage this can be increased (Tanyildizi and 
Cevik, 2010). 

 A new structured was developed to for prediction of 
TBM jamming risk in squeezing ground by using Bayes-
ian and ANN (Hasanpour et al., 2019). As part of neural 
network transaction method if any error occurs in the 
training this goes backward. This is called backpropaga-
tion which is mainly useful in minimizing errors. 

Sahar and others (Mohammadi and Nazemi, 2020) 
studied in management area and analyzed a whole port-
folio of projects in terms of value, uncertainty of returns 
and value by using ANN. Zhang established a model to 
asses investment risks (Zhang, 2020) and other studies 
reviewed the prediction of compressive strength of con-
crete (Duan et al., 2013; Getahun et al., 2018), the other 
study investigates predicting of lightweight foamed con-
crete by using ANN (Yaseen et al., 2018). 

This study aims to analyze flexural and compressive 
strength of basalt fiber added lightweight concrete con-
taining ground calcium. In the laboratory part various con-
crete specimens were tested. The obtained data from the 
laboratory tests were computed in ANN. In this study 170 
samples were prepared, and 17 number of various mix-
ture design were prepared and tested in the laboratory. 

2. Materials and Method 

2.1. Materials 

In the experimental study fine aggregate (FA), also 
known as river sand, Pumice Aggregates (PA), Betocarb 
(GCC) and CEM I 42.5 R Cement were utilized. The parti-
cle size distributions of the combined aggregates can be 
seen in Fig. 1.

 

Fig. 1. Fuller curve and aggregate gradation.

Physical properties of the used aggregates (pumice 
aggregate PA, fine aggregate FA) and the fibers (basalt 
fiber BF) are shown in Tables 1 and 2. 6mm length BF 
was used with the volume of 0.25%, 0.5%, 0.75% and 1% 

in the experimental study. Physical properties of beto-
carb (GCC) is shown in the Table 3. Polycarboxylic type 
hyper plasticizer was included in all mixtures at the rate 
of 1.25 % of cement by weight. 
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Table 1. Properties of fiber. 

Aggregates/property FA PA 

Particle size (mm) 0- 4 2-12 

Particle density (g/cm3) 2.73 2.21 

Table 2. Material properties of BFs. 

Technical property  

Elasticity module, MPa 90 

Tensile strength, MPa 4832 

Melting point, °C  1452 

Application temperature, °C -220/+980 

Chemical composition 
Percentages 

(%) 

SiO2 51.2-58.9 

Al2O3 14.5-18.2 

Fe2O3 5.7-9.6 

MgO 3.0-5.4 

FeO + Fe2O3 9.2-14.0 

TiO2 0.8-2.25 

Na2O + K2O 0.8-2.25 

Others 0.08-0.14 

Table 3. Physical properties and chemical compositions 
of cement, PA and Betocarb® (GCC). 

Material property Cement PA 
Betocarb® 

(GCC) 

Fe2O3, % 3.52 1.5  

CaO, % 60.21 0.2  

SiO2, % 20.19 75.84  

MgO, % 2.32 0.4  

SO3, % 2.61 0.5  

Al2O3, % 4.32 12.54  

Free CaO, % 1.7 -  

Loss on ignition 2.85 5.63  

Specific gravity 3.12 2.35  

Specific surface (cm2/g) 3,618 - >30,000 

Blue value - - <3 

d50% - - 3 

 

Compressive strength tests were performed on the 
Ø100/100 mm cylindrical specimens according to ASTM 
C469 standard. Flexural strength tests were conducted 
with 100 x 100 x 500 mm prismatic samples according 
to the EN 14651. The specimens for flexural strength 
(FS) were prepared 100 x 100 x 500 samples then cut 
into 5 pieces to carry out flexural strength tests. The 
sample can be seen in Fig. 3.  

 

Fig. 2. SEM photo of lightweight concrete. 

 

Fig. 3. Lightweight concrete sample. 

2.2. Neural network 

In the neural networks 5 variables namely; grounded 
calcium carbonate (GCC), basalt fiber (BF), Cement (C ), 
fine aggregate (FA), pumice aggregate (PA) are utilized 
as utilized as input while compressive strength (CS) and 
flexural strength (FS) are used targets in separate neural 
networks. Neural network structure is shown in the Fig. 
4. The neural network consists of; a scaling layer, a neu-
ral network and unscaling layer. The green circles repre-
sent scaling neurons, the blue one’s perceptron neurons 
and the orange one unscaling layers. Input values were 
selected based on the previous experimental test result 
(Yildizel and Calis, 2019). Levenberg-Marquardt ap-
proach were used in this study. This method was de-
signed to reach second - order training speed without 
having to determine the Hessian matrix (Gavin, 2013). 
Optimization algorithm is given in Table 6. 

The scaling method for this layer is selected by the 
neural network. The following table shows the values 
which are used for scaling the inputs, which include the 
minimum, maximum, mean and standard deviation. Ta-
ble 4 represents scaling layer and can be seen below. 
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Fig. 4. Neural network. 

The size of the unscaling layer is 1, the number of out-
puts. The un-scaling method for this layer is the mini-
mum and maximum. The following table shows the val-
ues which are used for scaling the inputs, which include 
the minimum, maximum, mean and standard deviation. 
Data classification of ANN was carried out as proposed: 
80% of the data for training and 20% for testing. Unscal-
ing layer can be seen in Table 5. 

Basic statistics are very valuable information when 
designing a model, as they may alert the presence of spu-
rious data. It is necessary to check the correctness of the 
most important statistical measures of each variable. Ta-
ble 7 shows the minimums, maximums, means and 
standard deviations of all the variables in the data set. 
The scaling layer size is 5, which is the number of inputs. 

The norm of the parameters gives a clue as to the ac-
curacy of the predictive model. If the standard parame-
ters are small, the model will be smooth. On the other 
hand, if the standard parameters are very high, the 
model may become unstable. Also, it can be noted that 
the norm depends on the number of parameters. Pro-
posed parameters norms were obtained as 4.19 and 4.24 
for compressive and flexural strengths respectively. 

Table 4. Scaling layer. 

 Minimum Maximum Mean Deviation 

BF 0 1 0.588 0.318 

GCC 0 25.5 12 9.98 

Cement 145 170 158 9.99 

FA 741 891 812 58.8 

PA 40 450 358 101 

Table 5. Unscaling layer. 

Minimum Maximum Mean Deviation 

14.2 16.7 15.4 0.629 

Table 6. Optimization algorithm. 

Factors Description Value 

Damping parameter factor Damping parameter increase/decrease factor. 10 

Minimum parameters increment norm Norm of the parameters increment vector at which training stops.  0.001 

Minimum loss decrease Minimum loss improvement between two successive epochs. 1e-12 

Loss goal Goal value for the loss. 1e-12 

Gradient norm goal Goal value for the norm of the objective function gradient. 0.001 

Maximum selection error increases Maximum number of epochs at which the selection error increases. 100 

Maximum iterations number Maximum number of epochs to perform the training. 1000 

Maximum time Maximum training time. 3600 

Table 7. Data set distribution. 

 Minimum Maximum Mean Deviation 

BF 0 1 0.59 0.32 

GCC 0 25.50 12.01 9.98 

Cement 144.50 170 158 9.99 

FA 741 891 811.59 58.79 

PA 40 450 358.24 100.76 

CS 14.21 16.69 15.39 0.63 

FS 0.98 1.55 1.32 0.20 

 

3. Results and Discussion 

The compressive strength of lightweight concrete is 
vitally important as it is for conventional concrete. In  
 

addition to the environmental effects the ingredients of 
concrete namely: aggregate, cement, water to cement ra-
tio, existence of fiber, chemical additions, and cement re-
placement materials. Cement replacement material such 
as GCC, fly ash perform as filler material and reduce the 
porosity of concrete. Consequently, the inclusion of such 
material increases compressive strength (Yildizel and 
Calis, 2019). In this study it is also proven that GCC has 
significantly positive impact on the compressive strength 
of lightweight concrete. It is determined that the optimum 
amount of GCC is 17 kg for compressive strength as pre-
sented in Fig. 6. Cement amount and water to cement 
(w/c) ratios are another significant factor that impacts 
the mechanical and durability properties of lightweight 
concrete. Furthermore, fiber inclusion is another im-
portant factor over mechanical properties. Especially, 
the flexural strength of concrete can be increased by 
adding basalt fiber as it improves bonding strength. 



 Calis et al. / Challenge Journal of Concrete Research Letters 12 (1) (2021) 12–19 17 

 

Regression charts are shown in Fig. 5. R-sqr values 
were obtained as 84.2% and 86% for estimated com-
pressive and flexural strength respectively, compared to 

the experimental test results. According to the presented 
results it is clear that the proposed, ANN model has a 
good classification and analysing capacity.  

 

Fig. 5. Experimental results vs. predicted compressive strength (CS) and flexural strength (FS).

Main effects plot for FS and CS are shown in Fig. 6. 
Samples containing cement content substituted by more 
than 10 per cent showed lower performance compared 
to other mixtures. BFs inclusions increased the flexural 

test results. Mechanical performance improvement of 
samples can be related to the filler effect of the addition 
of ground calcium carbonate and basalt fiber to the sam-
ple flexural behaviors.

 

Fig. 6. Main effects plot for FS and CS.

The mathematical expression represented by the neu-
ral network is shown in the appendix below. The inputs 
BF, GCC, Cement, FA, PA are used to compute the output 
FS. The information is used in propagation in a feed-for-
ward fashion through scaling layer, the perceptron lay-
ers and the unscaling layer. 

 

4. Conclusions 

The purpose of this study is to develop an ANN based 
system in order to provide a better understanding for 
basalt fiber reinforced lightweight concrete. The most 

important strength contributing factors were analyzed 
in this research. The outcomes of the research can be 
drawn as follows: 
 As proved earlier by the scholars, the ANN model also 

approves the strong correlation between the pre-
dicted flexural and compressive strengths and exper-
imental test results. In this study, the R-sqr is quite 
dependable with the value of 84% and 86%.  

 Further studies can be carried out with the obtained 
mathematical equation and applied to the other prop-
erties of lightweight concrete. 

 The study outcomes can be assessed by other artificial 
and mathematical systems for improving better ANN-
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based systems. More efficient R-sqr values can be ob-
tained by implications of other ANN based systems, 
which consequently improves the quality of predic-
tion structure. 

 Future actions can include the application of the pre-
sented methodology to other concrete technologies 
using the model with new correlation coefficients for 
estimating.

 

Appendix 

scaled_BF = 2*(BF-0)/(1-0)-1; 

scaled_GCC = (GCC-12.0147)/9.97515; 

scaled_Cement = 2*(Cement-144.5)/(170-144.5)-1; 

scaled_FA = (FA-811.588)/58.7868; 

scaled_PA = (PA-358.235)/100.762; 

y_1_1 = tanh (0.0152537+ (scaled_BF*-0.912022)+ (scaled_GCC*-2.50899)+ (scaled_Cement*1.40554)+ 
(scaled_FA*-0.997674)+ (scaled_PA*-2.3887)); 

y_1_2 = tanh (-0.178526+ (scaled_BF*1.28838)+ (scaled_GCC*-1.46236)+ (scaled_Cement*-0.472198)+ 
(scaled_Pa*0.54,089)); 

y_1_3 = tanh (2.18567 + (scaled_BF*1.55428)+ (scaled_GCC*0.130318)+(scaled_Cement*0.566491)+ (scaled_FA*-
1.3308)+(scaled_PA*0.492229)); 

y_2_1 = tanh (-1.40062+ (y_1_1*1.064444)+ (y_1_2*-1.30571)+ (y_1_3*0.467421)); 

y_2_2 = tanh(-0.367843+ (y_1_1*-1.65566)+ (y_1_2*2.37658)+ (y_1_3*-0.916468)); 

y_2_3 = tanh (1.80226+ (y_1_1*0.18265)+ (y_1_2*0.10069)+ (y_1_3*-0.916468)); 

scaled_FS = (-0.181899+ (y_2_1*1.56442)+ (y_2_2*1.60345)+ (y_2_3*1.72238)); 

FS = (0.5*(scaled_FS+1.0)*(1.55-0.98)+0.98);
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