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Abstract: In the present research, the authors have attempted to examine the compressive strength of
conventional concrete, which is made using different aggregate sizes and geometries considering
various curing temperatures. To this end, different aggregate geometries (rounded and angular)
were utilized in various aggregate sizes (10, 20, and 30 mm) to prepare 108 rectangular cubic spec-
imens. Then, the curing process was carried out in the vicinity of wind at different temperatures
(5 ◦C < T < 30 ◦C). Next, the static compression experiments were performed on 28-day concrete
specimens. Additionally, each test was repeated three times to check the repeatability of the results.
Finally, the mean results were reported as the strength of concrete specimens. Response Surface
Analysis (RSA) was utilized to determine the interaction effects of different parameters including
the appearance of aggregates (shape and size) and curing temperature on the concrete strength.
Afterwards, the optimum values of parameters were reported based on the RSA results to achieve
maximum compressive strength. Moreover, to estimate concrete strength, a back-propagation neural
network (OBPNN) optimized by a genetic algorithm (GA) was used. The findings of this study
indicated that the developed neural network approach is greatly consistent with the experimental
ones. Additionally, the compressive strength of concrete can be significantly increased (about 30%)
by controlling the curing temperature in the range of 5–15 ◦C.

Keywords: concrete compressive strength; appearance of aggregates; curing temperature; response
surface analysis; artificial neural network; genetic algorithm

1. Introduction

Concrete is a composite material made of small and large aggregates bonded with
a cementitious adhesive and hardened over time. Today, civil engineers are attempted
to use reinforced concrete to increase the static and cyclic strength of the buildings. For
example, large structures such as dams and multi-story car parking are made of reinforced
concrete. However, there are still old constructions all over the world that need conventional
concrete to be partially repaired. Therefore, trying to find practical and low-cost methods
to increase the strength of conventional concrete is still valuable and efficient. Recently,
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various fast and acceptable techniques, including data mining methods, such as different
types of regression methods and their extended models [1,2] and Taguchi experiment
design technique [3,4], statistical approximations [5], artificial neural network, and machine
learning techniques [6–8] have been used instead of costly and time-consuming experiments
and finite element simulations due to computational costs.

Benidir et al. have investigated the influence of aggregate size on the concrete com-
pressive strength [9]. They found that the strength of concrete increases by raising the size
of the aggregate. However, the experimental results show that this trend is not permanent,
and the strength of concrete specimens with an aggregate size of 16 increases abruptly.
Additionally, a new algorithm for strength estimation of conventional concrete has been
presented based on the physico-mechanical properties of aggregate rock [10]. Different
types of aggregates are employed to construct concrete specimens. The experiment re-
sults reveal that the compressive strength of concrete increases by increasing both the
mechanical and physical properties of rock (elastic modulus, unit weight, and strength).
Additionally, Ahmad et al. have presented a novel algorithm based on the Kernel function-
regression models to predict the shear strength of rockfill materials [11]. Moreover, the
influences of the shape and size of test samples have been investigated on the static and
cyclic behavior of concrete [12]. It was shown that the sample shape was not effective
on the results of static compression tests. Additionally, the sample dimension ratio has a
great impact on the concrete strength (there is an inverse relationship between these two
independent and dependent parameters). Furthermore, the effects of the size and shape
of concrete specimens on the static strength are completely independent of the concrete
grade. Chopra et al. have predicted the concrete strength using Artificial Neural Network
(ANN) and Genetic Programming (GP) [13]. In this research, different materials of mix
designation (water-cementitious ratio, cement content, mix proportion between sand and
coarse aggregate, and curing time) are considered as input parameters. Additionally, the
failure stress of concrete samples under a static compression test is considered the output
parameter. They found that the ANN model with the Levenberg–Marquardt (LM) training
function is more accurate. Khademi and Behfarnia have estimated the static strength of the
28-day concrete using the multi-linear regression (MLR) technique and ANN [14]. They
reported that the MLR technique is most commonly used in the design of a preliminary
mix of concrete, and it is better to use the ANN technique to achieve optimal parameters in
relation to maximum strength. Nikoo et al. have employed the Self Organization Feature
Map (SOFM) method to predict the strength of concrete [15]. They reported that the most
effective parameter is the slump and water-cement ratio, respectively. After that, they
attempted to assess the concrete strength via the ANN prediction algorithm [16]. To this
end, firstly, the optimal network structure, which has a special capability in nonlinear
mapping, was determined using the genetic algorithm. Moreover, Khademi et al. have
investigated the effect of concrete raw materials on its compressive strength by utilizing
the fuzzy logic approach [17]. They found that the accuracy of the fuzzy logic approach is
lower than that of the ANN technique in estimating the compressive strength of concrete.
Recently, the concrete strength has been evaluated using mixture data and employing
machine learning methods [18]. Additionally, the optimal mixture for concrete has been
presented considering the cost analysis. Reza Kashyzadeh et al. have used various data
mining techniques, including multi-linear regression, Taguchi sensitivity analysis, and
decision tree analysis, to study the influence of aggregate shape and size and the drying
temperature on the concrete strength under compression loading [19]. They found that
aggregate size is the most important parameter to determine the strength of conventional
concrete under compression loading. However, the least effect is related to the aggerate
shape. In addition, they reported that the compressive strength of conventional concrete
with an aggregate size of 20 and the aggerate shape of sharp and round can be increased by
about 55% and 68%, respectively, if we dry the concrete using cold wind (T = 5 ◦C).

Mata has performed a comparative study on the behavior of a concrete dam under
environmental loads using different data mining techniques, including MLR and ANN [20].
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Bal and Buyle-Bodin implemented an artificial neural network to predict dimensional
variations of drying shrinkage. This approach can develop models for predicting shrinkage
as well [21]. Kaplan et al. have used a neural network to estimate the compressive
strength and interpreted some hardened concrete properties in this way (e.g., compressive
strength, ultrasonic pulse velocity, dynamic elasticity modulus, water absorption, and
penetration depth) [22]. They reported that the concrete strength increases when the
water-to-cement ratio decreases. Finally, they stated that the present ANN has the ability to
predict the compressive strength of the conventional concrete in terms of changes in various
parameters, including cement type, w/c ratio, and curing parameters, such as conditions
and time. In another study, the Adaptive Neuro-Fuzzy Inference System (ANFIS) and
ANN methodologies have been utilized to present the mathematical relationship between
compressive strength and ultrasonic pulse velocity [23].

In general, most of the research conducted on conventional concrete dates back to
previous years, and there are a limited number of scholars who use new methods such as
data mining techniques, neural network algorithms, hybrid optimization methods based
on the genetic algorithm, and machine learning techniques to evaluate the strength of
conventional concrete under compression and shear loading conditions. However, most of
the recent publications focus on improving the concrete strength by adding nanoparticles
or using different types of fibers, such as reinforcing concrete with long or short synthetic
or natural fibers. Moreover, this improvement can be carried out by employing fabric fibers
and wrapping them around the concrete parts (e.g., columns). According to the above-
mentioned literature, the authors found that in conventional concrete, the appearance of
aggregates, such as size and geometry, as well as the curing conditions, have significant
effects on the compressive strength. Therefore, in this study, the authors have attempted to
investigate the relationship between these parameters (i.e., the appearance of aggregates
and curing conditions such as wind temperature) and the strength of conventional concrete
by performing various experiments. In fact, this study follows the previous achievements
of the authors in this field. Therefore, the characteristics considered in this study, such as the
choice of aggregate size, aggregate shape, and temperatures studied for curing conditions,
are based on the authors’ previous published article (Ref No. 19) and experience in making
concrete in Iran and their region. Afterwards, a back-propagation neural network optimized
by a genetic algorithm and response surface analysis were used to assess the conventional
concrete strength with higher accuracy than the previously presented models. Eventually,
the best conditions for having strong concrete were reported.

2. Materials and Methods

To create conventional concrete and select the proportions of concrete elements, ACI-
211.1–91 instructions [24] were used, a w/c ratio of 50% was also applied, and finally,
2% of superplasticizer was added to the mixture. To achieve the purpose of the current
research, river stone with different aggregate appearances, such as various sizes in different
geometrical forms (angular and rounded [25]), were used to fabricate concrete specimens.
Figure 1 shows the geometries of the aggregates used in this research. Additionally, the size
of aggregates used in this study was determined based on the BS EN 13043 standard [26]
and by passing through various sieves (2.36, 4.75, 10, 12.5, 20, 25, and 32). Therefore, in
each specimen batches (rounded and angular aggregates), three sizes of 10, 20, and 30 mm
were used, as shown in Figure 2.

The shape of 28-day concrete laboratory specimens is in the form of a column with
a square cross-section with a side length of 50 mm and a height of 150 mm (dimensions
were selected in accordance with ISO 1920-3 standard [27]). For more details on sample
preparation and raw material proportions, the reader is referred to Table 1 of Ref. No. 19,
the previous work carried out by the corresponding author. In total, 108 specimens were
prepared, and proximity to wind with different temperatures in the range of 5 to 30 degrees
Celsius and a temperature interval of 5 ◦C was considered for curing conditions. Eventually,
to name the specimens for ease of work and prevent operator error during testing and
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recording results data due to the great variety of specimen types, the following template
(Figure 3) was used. For example, 20S-R-5T codding indicates that the concrete specimen
was made of rounded aggregate with an aggregate size of 20 mm and dried in the presence
of 5 ◦C air.
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Table 1. Initial neural network settings.

Parameters Title 2

Number of hidden layers 1
Number of neurons in hidden layer 6
Transition function of hidden layer Tansig

Transition function output layer Tansig
Input Data form [−1,1]

Goal error MSE
Training algorithm LM

Testing performance R, MSE, RMSE, MAE
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3. Experimental Data

The Amsler brand axial device was used to perform mechanical testing on the concrete
and to obtain the compressive strength (Figure 4). In this device, the necessary force
(maximum 60 tons) is supplied by the hydraulic system. Additionally, two thick steel plates
are placed on both sides of the specimen to act rigidly under applied loads, which are
responsible for compressing the concrete specimen. In fact, these plates are used to apply
uniform pressure to the cross-section of the sample. All experiments were performed at a
temperature of 20 ◦C and under controlled environmental conditions, including pressure
and humidity, in accordance with the ISO 17025 standard in one of the laboratory centers
in Iran (Sharif University of Technology, Tehran, Iran). Additionally, during the test, a
compressive load at a constant rate of 1000 N/s was applied continuously in accordance
with the ISO standard 1920-4 [28]. To achieve the results with acceptable reliability and
check the reproducibility of the responses, the test of each sample was repeated three times,
and the average compressive load was reported as the concrete bearing load in each of the
codding (Appendix A).
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Figure 4. The employed static test facilities.

The maximum compressive load borne by the concrete is considered the strength
of the concrete, and the results of mechanical testing for concrete specimens made using
rounded and angular aggregates are reported in Figure 5a,b, respectively. From Figure 5, it
is clear that for both aggregates geometry, the compressive strength of concrete increases
with increasing aggregate size. This increase is greater when the aggregate geometry is
angular than when rounded aggregate is used. In addition, the results show that the com-
pressive strength of concrete decreases with increasing curing temperature. Additionally,
it is observed that this decrease in strength in terms of curing temperature while using
both geometric shapes of aggregate in sample construction has the same trend. In other



Buildings 2022, 12, 438 6 of 17

words, it can be inferred from laboratory results that the effect of aggregate geometry
on the relationship between compressive strength of concrete and curing temperature is
insignificant or negligible.
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Next, Figure 6 shows the compressive strength of concrete in terms of aggregate size.
In this diagram, blue and red colors indicate the use of rounded and angular aggregates,
respectively. As expected in previous reports by other researchers, as well as the authors’
findings in their previous paper [19], the compressive strength of concrete specimens with
rounded aggregates is far greater than the compressive strength of concrete specimens
with angular aggregates (blue dots are always located higher than red dots). On the other
hand, it is clear that as the size of the aggregate increases, the strength of the concrete also
increases. Additionally, the results presented in Figure 6 show that the range of changes
in concrete strength in terms of the curing temperature is not large when the grain size is
10 mm. In other words, as the grain size increases, the effects of curing temperature on
the compressive strength of concrete are greater. In addition, in some cases, it is observed
that there was no uniform trend between the results (for example, the square symbol is not
everywhere at the top of the chart), which could be due to human error during testing or
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other factors, such as problems in making samples. However, since the tests were performed
in a reputable laboratory following the ISO standard, this hypothesis is diminished; the
samples are made with high accuracy, and the operator has a lot of experience in this
field. Therefore, the main reason can be considered heterogeneity in the arrangement or
location of aggregates in concrete. Additionally, even two samples that have exactly the
same aggregate and size, with the same angle and the same aggregate properties, have a
thought-provoking location in the concrete sample and uniform distribution throughout
the sample, which is still a mystery to researchers. Therefore, in order to equalize the
conditions, three samples were made from each test, and the average results were reported,
which leads to the observed differences. Perhaps in such cases, testing more samples per
batch can provide more accurate results.
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The reason for proposing the use of aggregates with rounded geometry instead of
angular geometry, as its name implies, is the existence of angles. Since these aggregates
have three faces, in which there are three angles, the small angles make the tip of the
aggregate sharper, which, in practice, acts as a concentration point in the mortar, and when
the uniform compressive load is applied on the sample, it is not evenly and homogeneously
distributed in the material, and the maximum stress will be locally at the interface between
the mortar and the sharp points of the aggregate. In other words, the presence of an angle
plays a key role as the stress concentration in the mortar. In this regard, two parameters
are important:

1. The number of small angles (less than 90 degrees) in concrete. As the size of the
aggregate increases, the number of these angles decreases, which can greatly help
increase the compressive strength of the concrete as the stress concentration points
in the mortar are reduced. On the other hand, if the mechanical properties of the
aggregates are suitable, the failure mode will be based on the formation of cracks in
the mortar, which according to the cases mentioned above, these cracks will occur
in different places, and the concrete sample will collapse at once. In other words, it
can be said that the concrete sample is hollow from the inside and cannot withstand
the load. Although many scientists have suggested the use of nanoparticles, fibers
and the manufacture of composite concrete with the aim of strengthening the mortar
and sometimes increasing the adhesion between the mortar and the aggregate, which
leads to obtaining acceptable results.



Buildings 2022, 12, 438 8 of 17

2. The size of a small angle (between zero and 90 degrees) in concrete. Quadrilateral
aggregates with angles close to 90 degrees should be used as much as possible to
create the smallest stress concentration in the mortar. In other words, the closer the
aggregate angle is to zero, the higher the concentration intensity in the mortar and the
lower the compressive strength of the concrete sample.

The above-mentioned well justifies the results obtained from the experimental study
of the effect of aggregate size and its geometry on the compressive strength of concrete. In
addition, by placing concrete specimens in the presence of hot air (higher temperature), the
moisture inside the specimens evaporates; in other words, the sudden release of moisture
from the mortar causes drying, which leads the mortar to show a completely brittle behavior,
and by increasing the curing temperature, this brittle behavior becomes more intense. In
other words, when a compressive load is applied, the specimen does not show any load-
bearing in terms of internal or general deformation, and it breaks immediately. Hence, the
laboratory results also show that the compressive strength of concrete decreases when the
curing temperature increases. It should be noted that it does not mean that a lower curing
temperature is better. However, the optimal temperature must be determined. In Figure 5,
it is clear that the 10 ◦C curing temperature results in the highest compressive strength in
concrete specimens for both aggregate shapes. Finally, this temperature (10 ◦C) is more
efficient than 5 ◦C. On the other hand, it is observed that the 15 ◦C curing temperature has
caused a more drop in the compressive strength of the concrete. As a result, it seems that
the optimum temperature for the curing operation is in the range of 5–15 ◦C.

4. Response Surface Analysis

Performing tests always involves cost and time. Therefore, performing effective
tests that provide the most information with the least cost and time is the goal of every
engineer or researcher, and the cost and time increase as the number of factors increases.
Therefore, there is a need for a method in which the most information about the process
can be obtained with minimal cost and time, logical conclusions can be presented, and
documentary evidence about the process can be obtained. The method that best meets
these goals is called the Design of Experiments (DOE). This technique is one of the most
popular methods of quality improvement that was introduced in the 1980s and 1990s as a
competitive advantage in Western countries and Japan. The proper use of these statistical
techniques can facilitate the design and production of new products and improve existing
products. These principles have been applied in most industries such as electronics and
semiconductors, aerospace, automobiles, medical equipment, food, pharmaceuticals, and
chemical industries. Additionally, the results of research conducted in the industry field
indicate that this tool can be well used for the intended purpose and meet the demands
or needs [29]. In this regard, various methods have been performed by researchers to
investigate the effect of process parameters on the system’s response. In general, these
developments have been based on three main objectives: (1) increasing the accuracy of
examining the effect of parameters on the system response; (2) reducing the number
of tests required to examine the effect of different parameters on the system response;
(3) considering the simultaneous effects of several parameters on the system response
because, in most methods, only the effect of one parameter on the response was focused
and the value of the other parameters is assumed to be constant. Therefore, each of the
methods presented or developed by researchers has advantages over other methods, and
of course, it should be noted that in each of them, there are limitations. Therefore, it
is necessary to select and apply the appropriate method in designing the experiment
according to the purpose of the research in order to achieve the best efficiency of this tool.
For example, among all the methods proposed in the field of experimental design, the
Taguchi method provides the least number of experiments to examine the effect of input
parameters on the response [30,31]. Additionally, using this algorithm, the most effective
and least effective parameters can be specified quantitatively (percentage of effect on system
response) [32]. In addition, the Taguchi prediction algorithm can be used to estimate the
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system response for new cases (new values for input parameters). However, one of the
disadvantages of this method is that it does not investigate the interaction effect of several
parameters simultaneously. In other words, it is not possible to see the effect of changes in
more than one parameter at a time, and this method looks at it only one dimensionally. In
order to simultaneously investigate the changes in two input parameters on the system
response, the response surface method is one of the most popular experimental design
techniques. In this technique, the output is a three-dimensional diagram that plots the
changes in the two input parameters to the output as a three-dimensional shell [33]. In this
way, the effects of two-way input parameters on the response can be observed. Additionally,
the diagrams provided by this method can be used to determine the range of optimal values
for various parameters, and finally, using the response surface optimization tool, the most
optimal case can be extracted and reported [34].

In the present paper, the response surface method was used. For this purpose, three
parameters—aggregate size (S), aggregate geometry (G), and curing temperature (T)—were
considered input parameters. Additionally, the maximum compression force brone by
concrete (strength) was considered the output. In this analysis, the linear effects of each
parameter and the effects between them were considered (S, G, T, SG, ST, GT). In the
statistical analysis performed in this study, the parameter of aggregate geometry was
considered qualitatively, and as a result, a separate response surface analysis was performed
for each of them. In other words, only the simultaneous interaction of two quantitative
parameters of aggregate size and curing temperature is investigated. To achieve this
goal, the aggregate size parameter has three levels (10, 20, and 30 mm), and the curing
temperature parameter has six different levels (5, 10, 15, 20, 25, and 30 ◦C).

5. Neural Network and Genetic Algorithm

In the present study, a back-propagation neural network (BPNN) with three inputs,
including aggregate size, aggregate shape, and curing temperature, and one output (i.e.,
compressive strength) was used. The whole framework of prediction by the BPNN-GA
(BPNN and genetic algorithm) is shown in Figure 7. To prepare the neural network, the
data are randomly divided into three categories: training data (70% of data), test data (20%
of data), and validation data (10% of data) [35,36].

Buildings 2022, 12, x FOR PEER REVIEW 10 of 19 
 

various parameters, and finally, using the response surface optimization tool, the most 
optimal case can be extracted and reported [34]. 

In the present paper, the response surface method was used. For this purpose, three 
parameters—aggregate size (S), aggregate geometry (G), and curing temperature (T)—
were considered input parameters. Additionally, the maximum compression force brone 
by concrete (strength) was considered the output. In this analysis, the linear effects of each 
parameter and the effects between them were considered (S, G, T, SG, ST, GT). In the sta-
tistical analysis performed in this study, the parameter of aggregate geometry was con-
sidered qualitatively, and as a result, a separate response surface analysis was performed 
for each of them. In other words, only the simultaneous interaction of two quantitative 
parameters of aggregate size and curing temperature is investigated. To achieve this goal, 
the aggregate size parameter has three levels (10, 20, and 30 mm), and the curing temper-
ature parameter has six different levels (5, 10, 15, 20, 25, and 30 °C). 

5. Neural Network and Genetic Algorithm 
In the present study, a back-propagation neural network (BPNN) with three inputs, 

including aggregate size, aggregate shape, and curing temperature, and one output (i.e., 
compressive strength) was used. The whole framework of prediction by the BPNN-GA 
(BPNN and genetic algorithm) is shown in Figure 7. To prepare the neural network, the 
data are randomly divided into three categories: training data (70% of data), test data (20% 
of data), and validation data (10% of data) [35,36]. 

 
Figure 7. The general framework of neural network and weight correction by genetic algorithm. 

The initial neural network was selected using the trial-and-error method according 
to Table 1. Additionally, different evaluation indexes were considered to assess the per-
formance of neural networks: the correlation coefficient (R), mean square error (MSE), 
root mean square error (RMSE), and mean absolute error (MAE) [37–39]. These statistical 
criteria are calculated using the following equations: ܴ ൌ ∑ ሺ௙ಶ೉ು,೔ିிതಶ೉ುሻሺ௙ಲಿಿ,೔ିிതಲಿಿሻ೙೔సభට∑ ሺ൫௙ಶ೉ು,೔ିிതಶ೉ು൯మ൫௙ಲಿಿ,೔ିிതಲಿಿ൯మሻ೙೔సభ   (1) 

ܧܵܯ ൌ 	 1݊෍ሺ ஺݂ேே,௜ െ ா݂௑௉,௜ሻଶ௡
௜ୀଵ  (2) 

ܧܵܯܴ ൌ ටଵ௡∑ ሺ ஺݂ேே,௜ െ ா݂௑௉,௜ሻଶ௡௜ୀଵ ܧܣܯ (3)   ൌ ଵ௡∑ ห ஺݂ேே,௜ െ ா݂௑௉,௜ห௡௜ୀଵ   (4) 

Figure 7. The general framework of neural network and weight correction by genetic algorithm.

The initial neural network was selected using the trial-and-error method according
to Table 1. Additionally, different evaluation indexes were considered to assess the per-
formance of neural networks: the correlation coefficient (R), mean square error (MSE),
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root mean square error (RMSE), and mean absolute error (MAE) [37–39]. These statistical
criteria are calculated using the following equations:

R =
∑n

i=1
(

fEXP,i − FEXP
)(

fANN,i − FANN
)√

∑n
i=1

((
fEXP,i − FEXP

)2( fANN,i − FANN
)2
) (1)

MSE =
1
n

n

∑
i=1

( fANN,i − fEXP,i)
2 (2)

RMSE =

√
1
n

n

∑
i=1

( fANN,i − fEXP,i)
2 (3)

MAE =
1
n

n

∑
i=1
| fANN,i − fEXP,i| (4)

The genetic algorithm, which is based on selection and the theory of genetics, opti-
mizes the problems. Basically, the genetic algorithm operates by exploring and exploiting
based on the encoding method, which includes three principal steps: selection, crossover,
and mutation [40,41]. On the other hand, neural networks contain various parameters, in-
cluding network topology, learning rate, and initial weights, and correctly selecting affects
the prediction accuracy [42]. Nowadays, because the genetic algorithm uses the global
search method, a lot of effort has been made to combine neural networks with genetic
algorithms [43–47]. In this study, the genetic algorithm was used to improve weights
between layers. To this end, the parameters of the applied genetic algorithm are given in
Table 2. Moreover, the fitness function was based on the prediction errors that the fitness
value of each chromosome ( f j) and the selection operator (Pj) [48]:

f j =

[
1
n

m

∑
j=1

n

∑
i=1

e2
ij

]
(5)

Pj =
fi

∑ fi
(6)

Table 2. Genetic algorithm settings for BPNN-GN.

Parameters Value

Population 100
Crossover factor 0.7
Mutation factor 0.2

6. Results and Discussion

The output contours of the response surface analysis are shown in Figure 8. In this
figure, the direction of the arrows indicates an increase in the value of the parameters of
each of the vertical and horizontal axes. Red color also means a critical condition to indicate
the area where the concrete specimens have the lowest compressive strength. Additionally,
since the main purpose of this research is to improve the compressive strength of concrete,
the main focus is on purple and blue colors.

At first glance, it seems that the range of variation is the same for both rounded and
angular aggregates. Of course, this general view is true, but they differ from each other
in some details that must be carefully interpreted. However, the most important results
extracted from the contours of Figure 8a,b are:

1. The results obtained from the response surface analysis for both aggregate geome-
tries (rounded and angular) show that when the curing temperature increases, the
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compressive strength of the concrete decreases. Additionally, increasing the size of
aggregate leads to the compressive strength of the concrete increasing. As a result, the
appearance of the aggregate has no effect on this overall trend. This is fully consistent
with the analysis of the data in Figure 6 and the justifications stated at the end of
Section 3, which also demonstrates the accuracy of the response surface analysis.

2. According to the contours presented in the response surface analysis, it is clear that
in order to have the maximum compressive strength of the concrete, the largest size
of aggregate should be selected. Although it is clear that the color spectra of angular
aggregates are greater than the color spectra of rounded aggregates (dark violet is not
present in Figure 8a). This means that the ranges of compressive strength changes are
more sensitive to the angular aggregate geometry. On the other hand, it is clear that
the boundary lines separating the color spectrum are curved, which can be considered
a segment of the elliptical geometric shape, which is necessary to obtain the optimal
states. It is necessary to calculate and consider the minimum in the local coordinates
of the curvature lines representing the best state.

3. If the maximum aggregate size is used, the results for both aggregate geometry
(rounded and angular) show that in order to have the maximum compressive strength,
the curing temperature should be in the range of 5–15 ◦C (dark blue and dark purple in
Figure 8a,b, respectively). This issue is exactly in line with the interpretation provided
in the last paragraph of Section 3 of this article.

4. From the compressive strength intervals presented in the results of the response
surface analysis, it can be clearly seen that in the best conditions, the maximum
compressive strengths for rounded and angular aggregates are equal to 101 and
130 MPa, respectively. In other words, using rounded aggregates with maximum
aggregate size and considering the best curing conditions (5 < T < 15) leads to a 30%
increase in compressive strength of concrete with similar conditions and the use of
angular aggregates.

Next, the appropriate structure of the primary neural network was found using the
trial-and-error method, and then the correlation between the results of the train and test data
with the results of the primary neural network is demonstrated in Figure 9. Furthermore,
to improve the performance of the prediction, the neural network and genetic algorithm
were combined to decrease MSE. The comparison results of the predicted and experimental
data for BPNN-GA are illustrated in Figure 10.

As mentioned earlier, different statistical criteria (i.e., R, MSE, RMSE, and MAE) were
utilized to evaluate the performance of the neural networks. The values of these parameters
for the training data, test data, and all data are reported in Table 3. The results of different
criteria show that the performance and confident predictions of BPNN-GA are more than
BPNN. Moreover, by comparing Figures 9b and 10b, related to testing the presented models
without and with optimizing the neural network structure with the genetic algorithm,
visually, it is clear that by using the genetic algorithm, the laboratory data fit better on
the prediction line. In other words, the prediction accuracy increases by using the neural
network optimized by the genetic algorithm.

Table 3. Performance criteria for neural network evaluation.

Criteria

BPNN BPNN-GA

Training
Data Test Data All Data Training

Data Test Data All Data

MSE 0.006 0.059 0.0162 0.0014 0.0021 0.0017
R 0.976 0.972 0.977 0.998 0.996 0.997

RMSE 0.076 0.243 0.127 0.037 0.046 0.041
MAE 0.054 0.189 0.086 0.026 0.036 0.028
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7. Conclusions

In this study, the response surface analysis and a newly developed back-propagation
neural network optimized by the genetic algorithm were applied to determine the effect of
aggregates’ size and shape and curing conditions such as wind temperature on the strength
of conventional concrete. According to the results, the following conclusions are derived:

• Concrete specimens with rounded aggregates possess much higher compressive
strength compared to concrete specimens with angular aggregates;

• With increasing the aggregate size, the compressive strength of concrete increases;
• An increase in the curing temperature leads to a decrease in the compressive strength

of the concrete;
• An increase in aggregate size increases the effects of the curing temperature on the

compressive strength of the concrete;
• The observed nonuniformity trend between the results is related to the heterogeneity

in the arrangement or location of aggregates in concrete;
• The presence of an angle plays a key role as the stress concentration and the formation

of cracks in the mortar, which greatly depends on the number and the size of small
angles (less than 90 degrees) in the concrete. The closer the aggregate angle is to zero,
the higher the concentration intensity in the mortar and the lower the compressive
strength of the concrete sample;

• The ranges of compressive strength changes are more sensitive to the angular aggre-
gate geometry;

• The highest compressive strength in concrete specimens for both aggregate shapes is
achieved with a 10 ◦C curing temperature;

• Neural network optimized by algorithm genetic provides more accurate results, i.e.,
the laboratory data fitted better on the prediction line.
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Appendix A

Table A1. Results of the uniaxial mechanical test under compression load and the details of data used
in each stage of the neural network structure.

Experiment
No.

Specimen
No. Repeat No. Strength (N) Mean

Results (N)
Training
(ANN)

Testing
(ANN)

Validation
(ANN)

1
10S-R-5T

1 71,327.1
71,664.82 2 70,251.4

3 3 73,415.9
4

10S-R-10T
1 68,492.3

68,967.45 2 68,587.2
6 3 69,822.7
7

10S-R-15T
1 66,861

67,674.98 2 66,286.7
9 3 69,877
10

10S-R-20T
1 59,114.7

60,510.311 2 58,673.5
12 3 63,742.7
13

10S-R-25T
1 49,395.2

51,235.914 2 49,842.1
15 3 54,470.4
16

10S-R-30T
1 46,067.5

43,76117 2 45,249.1
18 3 39,966.4
19

20S-R-5T
1 98,550

98,928.220 2 98,285.3
21 3 99,949.3
22

20S-R-10T
1 99,417.8

98,894.723 2 99,813.5
24 3 97,452.8
25

20S-R-15T
1 94,039.16

94,939.326 2 94,668.3
27 3 96,110.44
28

20S-R-20T
1 92,579.9

91,000.529 2 93,036.8
30 3 87,384.8
31

20S-R-25T
1 76,488.8

78,499.332 2 77,212.5
33 3 81,796.6
34

20S-R-30T
1 69,372

66,37235 2 68,044.9
36 3 61,699.1
37

30S-R-5T
1 110,808.3

110,295.638 2 112,549.1
39 3 107,529.4
40

30S-R-10T
1 116,790.2

115,963.141 2 113,983.4
42 3 117,115.7
43

30S-R-15T
1 105,251.8

106,306.744 2 108,002
45 3 105,666.3
46

30S-R-20T
1 103,123.3

101,249.147 2 99,897.5
48 3 100,726.5
49

30S-R-25T
1 92,283.1

89,866.650 2 95,732
51 3 81,584.7
52

30S-R-30T
1 69,846

73,665.853 2 72,198.2
54 3 78,953.2
55

10S-A-5T
1 65,210.49

65,561.756 2 64,937.1
57 3 66,537.51
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Table A1. Cont.

Experiment
No.

Specimen
No. Repeat No. Strength (N) Mean

Results (N)
Training
(ANN)

Testing
(ANN)

Validation
(ANN)

58
10S-A-10T

1 63,802.5
63,308.459 2 63,489.4

60 3 62,633.3
61

10S-A-15T
1 61,651.54

62,49862 2 61,073.1
63 3 64,769.36
64

10S-A-20T
1 54,939.68

56,391.165 2 55,791.3
66 3 58,442.32
67

10S-A-25T
1 46,586.07

48,500.468 2 45,985.7
69 3 52,929.43
70

10S-A-30T
1 43,243.46

40,844.771 2 40,013.68
72 3 39,276.96
73

20S-A-5T
1 71,668.45

72,082.274 2 70,882.4
75 3 73,695.75
76

20S-A-10T
1 70,673.23

71,245.577 2 71,964.9
78 3 71,098.37
79

20S-A-15T
1 68,035.75

69,020.580 2 67,145
81 3 71,880.75
82

20S-A-20T
1 61,283.04

63,010.983 2 62,435.6
84 3 65,314.06
85

20S-A-25T
1 57,222.39

55,022.986 2 55,998.2
87 3 51,848.11
88

20S-A-30T
1 49,231

45,94989 2 40,379.6
90 3 48,236.4
91

30S-A-5T
1 102,781.5

103,360.992 2 101,729.5
93 3 105,571.7
94

30S-A-10T
1 106,382.9

107,317.595 2 105,097.8
96 3 110,471.8
97

30S-A-15T
1 101,490.2

100,298.298 2 103,727.6
99 3 95,676.76

100
30S-A-20T

1 94,583.05
96,700.9101 2 90,389.1

102 3 105,130.5
103

30S-A-25T
1 89,030.25

86,299.6104 2 84,037.54
105 3 85,831.02
106

30S-A-30T
1 66,212.73

70,529.1107 2 62,824.3
108 3 82,550.27

The black background indicates in which part of the neural network, including training, testing, and validation,
the sample information was used.
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