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The aim of this study is to evaluate the effect of porosity on mechanical properties of cement mortar con-
taining micro and nano silica in two aspects of experimentation and modeling of prediction. For this pur-
pose, 32 mix designs were considered with various replacement percentages of nano silica (Ns) and micro
silica (Ms) in forms of alone and together. The microstructure effect of Ns and Ms on the mechanical
properties of cement mortar was investigated by Field Emission Scanning Electron Microscopy (FE-
SEM) analysis. Moreover, Artificial Neural Network (ANN) and Genetic Expression Program (GEP) models
are presented to predict the compressive and flexural strengths of cement mortar by focusing on the
effect of porosity in models. So, a comparative probe was carried out on two statuses. Once, porosity
wasn’t considered as input parameter, and, in the next step, it was considered as input parameter in
developing ANN-I or GEP-I and ANN-II or GEP-II models, respectively, in order to specify the sensitivity
of the models to select the proper input parameters for accurate prediction. The results showed that the
use of simultaneous Ns and Ms led to a decrease in the porosity and an increase in the flexural and com-
pressive strengths. This is due to the synergistic effect on the microstructure of cement paste. The current
modeling results showed that the ANN-II and GEP-II models have higher accuracy in the prediction of
mechanical properties considering porosity as an influential input parameter. Moreover, the validation
of proposed models was evaluated with the help of a collection of previous literature.

� 2019 Elsevier Ltd. All rights reserved.
1. Introduction admixtures [1–3]. Therefore, mechanical properties of cement
Cement mortar is a basic cementitious material with a compos-
ite structure that, creates diverse properties by utilizing various
mortars are not dependent on one parameter alone but under
the influence of the relationship among several parameters such
as water to cement ratio (W/C) [4], aggregate to cement ratio
(Agg/C) [5,6], age [7,8], and admixture [9,10] of specimens. For
instance, previous studies by Kim et al. [11] and Eskandari et al.
[12] investigated the effect of W/C and aggregate grading on
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mechanical properties of cement mortar, so that their results
showed that reduction of W/C and size of the aggregate particles
lead to the increase of compressive strength of cementitious mate-
rials. Nowadays, there are so many admixture materials to improve
physical and mechanical properties of cementitious materials,
while the pozzolanic materials can substitute cement in the mortar
and concrete [13–15]. The pozzolanic materials like nano silica
(Ns) or micro silica (Ms) are the effective components in the qual-
ity of cement mortar which can make a unique performance in
terms of strength, permeability, corrosion, resistance, and durabil-
ity [16–18]. There are two important reasons for using Ns and Ms:
a filler role due to small particle size and the pozzolanic reaction
with Ca(OH)2 in the cement mortar hydration process [19]. Hence,
cementitious materials properties can be affected by the amount of
Ns and Ms, so that determining their optimal percentage is still
under discussion [20,21].

On the other hand, size, volume, and distribution of pores are
efficient parameters in the macrostructure level which influence
the mechanical properties and porosity. The significant issue in
the investigated macro analysis is considering the accurate param-
eter in the basic constituent of cementitious materials and cemen-
titious replacement materials in mortar mixtures. In addition, the
microstructure study provides more details about internal struc-
tures and, following that, changes in macro-level properties. Mean-
while, many studies have been done to investigate the relationship
between porosity and pore size distribution on mechanical and
microstructural properties. For example, the effect of microstruc-
tural characteristics of nano-particles has been evaluated in the
compressive and flexural strengths of cement mortar, and the
results have been shown the supreme mechanical performance
of nano-particles through filling up the pores and activator role
to promote hydration products [22]. Li et al. [20] evaluated the
effect of Ms and Ns in the filling void to increase the density of
the cementitious materials in order to improve the microstructure.
In another study, Ozturk and Baradan [23] have investigated the
relationship between microstructure effects such as pore structure
and pore size distribution on cement strength properties. On the
other hand, due to the well-known relationship between porosity
and mechanical properties of cement mortar, porosity evaluation
is a priority in evaluating the properties of cementitious materials.

In recent years, the use of intelligence tools has been developed
in civil engineering problems [24,25], and Artificial Neural Net-
work (ANN) and Genetic Expression Program (GEP) are strong pre-
diction models among these [15]. These models are more popular
and efficient for complex problems due to classifying data and
learning the input and output data relation [26,27]. The prediction
of mechanical properties of mortar which have been made with
different mix designs depends on selecting suitable parameters
in order to achieve the acceptable model. In this regard, several
reports were published that show the use of ANN and GEP for pre-
dicting the compressive and flexural strengths of cement mortar
[28,29]. Even though these previous reports typically have had
acceptable results in predicting by their proposed models, some
of their models have indicated large errors in the performance of
their predictions. For instance, Yuan et al. [30] and Gupta [31] pre-
dicted compressive strength of concrete which is containing
Table 1
Properties of Portland cement, micro silica and nano silica.

cementations materials Chemical Analysis (wt %)

SiO2 Al2O3 Fe2O3 CaO MgO SO3 Na2O K2O

C 52.5 21 4.7 3.52 64.18 1.93 2.53 0.32 0.65
Ns 23.6 0.13 0.07 0.07 0.05 0.1 9.3 0.12
Ms 89.6 – – – – – 0.11 0.3
admixture for data that was gathered from previous literature by
ANN and GA-ANN for compressive strength specimens at age of
28 days. Their results show that some results did not fit well, and
large errors may occur which are related to not considering the
input parameters in their proper form. It is known that the
mechanical properties such as compressive and flexural strengths
depend on water to cement ratio, aggregate to cement ratio, and
alternative additives to cement ratio, while in these studies param-
eters are separately presented and weighted. Moreover, due to the
above mentioned reasons, regarding the effect of porosity on
mechanical properties has considered in none of these predicted
models as an input parameter.

The present study is focused on porosity effect of macro and
microstructure properties of cement mortar containing Ns and
Ms with different replacement percentages on compressive and
flexural strengths. In addition, ANN and GEP models have been
employed in two different states (with and without considering
porosity as input parameter) in identifying the performance
change in proposed models. Finally, the proposed models are ver-
ified with the help of collected data from the previous literature.

2. Experimental plan

2.1. Materials

The Portland cement with the grade of 52.5 MPa was used in
this study. Ms and Ns were replaced as supplementary cementi-
tious materials in mix designs with different percentages of 0%,
4%, 9%, 13% and 0%, 1.4%, 2.8% and 4.2%, respectively. The sum-
maries of chemical and physical properties of cement, Ms and Ns,
are presented in Table 1. The size distribution of sand was in accor-
dance with ASTM C778 [32], and the maximum dimension of sand
was equal to 4.75 mm.

2.2. Mix design, sample preparation, and testing

The used cement mortar contains Ns and Ms with 32 different
mix designs. Each mix design consists of cement (C), sand (S),
and binder (C + Ns + Ms); the details of all 32 mix proportions are
listed in Table 2. Also, the various values of Ms and Ns as the partial
cement replacement are applied in the cement mixture lead to
achieving the optimal range of Ns and Ms values according to the
previous literature [13,14]. The specimens which have been
employed for compressive and flexural strength test are the cubes
specimens with a dimension of 50 � 50 � 50 mm3 and the pris-
matic specimens with dimensions of 40 � 40 � 160 mm3 ,respec-
tively. The cubes and prisms are immersed in the water tank at
25 ± 1 �C till time of testing. It is worth noting that cubes and
prisms are de-molded after 24 h curing in the molds, then the spec-
imens are cured in a water tank for 3, 7, 14, 21 and 28 days. The
number of compressive and flexural tested specimens are 480
and 96, respectively, while the reported values are average of three
specimens for each mix design. The porosity is obtained based on
the weight variation of specimens on each age’s dataset (3, 7, 14,
21 and 28 days). At first, the specimens were placed in an oven
at 105 ± 5 �C to reach the stable weight (Wd). Then, the weight of
Physical Analysis

LOI F.CaO C3A C3S Specific Gravity (ton/m3) Blaine Test (cm2/gr)

1.2 1.2 6.5 57.85 3.15 3600
– – – – 1.2 –
3.8 – – – 1.9 220,000



Table 2
Mix design.

NO. C (gr) W/C S/C Ns/C Ms/C W/B

1 1200 0.500 2.667 0.000 0.000 0.50
2 1152 0.521 2.778 0.000 0.042 0.50
3 1092 0.549 2.930 0.000 0.099 0.50
4 1044 0.575 3.065 0.000 0.149 0.50
5 1183.2 0.507 2.705 0.014 0.000 0.50
6 1166.4 0.514 2.743 0.029 0.000 0.50
7 1149.3 0.522 2.784 0.044 0.000 0.50
8 1135.2 0.529 2.819 0.015 0.042 0.50
9 1118.4 0.536 2.861 0.030 0.043 0.50
10 1101.3 0.545 2.906 0.046 0.044 0.50
11 1075.2 0.558 2.976 0.016 0.100 0.50
12 1058.4 0.567 3.023 0.032 0.102 0.50
13 1041.3 0.576 3.073 0.049 0.104 0.50
14 1027.2 0.584 3.115 0.016 0.152 0.50
15 1010.4 0.594 3.167 0.033 0.154 0.50
16 993.3 0.604 3.222 0.051 0.157 0.50
17 1200 0.400 2.667 0.000 0.000 0.40
18 1152 0.417 2.778 0.000 0.042 0.40
19 1092 0.440 2.930 0.000 0.099 0.40
20 1044 0.460 3.065 0.000 0.149 0.40
21 1183.2 0.406 2.705 0.014 0.000 0.40
22 1166.4 0.412 2.743 0.029 0.000 0.40
23 1149.3 0.418 2.784 0.044 0.000 0.40
24 1135.2 0.423 2.819 0.015 0.042 0.40
25 1118.4 0.429 2.861 0.030 0.043 0.40
26 1101.3 0.436 2.906 0.046 0.044 0.40
27 1075.2 0.446 2.976 0.016 0.100 0.40
28 1058.4 0.454 3.023 0.032 0.102 0.40
29 1041.3 0.461 3.073 0.049 0.104 0.40
30 1027.2 0.467 3.115 0.016 0.152 0.40
31 1010.4 0.475 3.167 0.033 0.154 0.40
32 993.3 0.483 3.222 0.051 0.157 0.40

C = Cement, W/C = Water to Cement ratio, S/C = Sand to Cement ratio, Ns/C = Nano
silica to Cement ratio, Ms/C = Micro silica to Cement ratio and W/B = Water to
Binder ratio.
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the immersed specimens underwater (Ww) and also the saturated
surface dry condition (Wssd) were measured. The calculated poros-
ity value using following equation:

P ¼ Wssd �Wd

Wssd �Ww
� 100 ð1Þ
2.3. FE-SEM image

In order to specify the effect of porosity values on the
microstructure in different phases of cement mortar, the Field
Emission Scanning Electron Microscope (FE-SEM) image was
applied on specimens (with a volume of less than 1 cm3). For this
purpose, the small pieces were taken from virgin cement mortar
specimens which were cured for 28 days and then soaked in etha-
nol for over a week to stop the chemical reactions. The image scan-
ning was done by (Hitachi-S-4160, Japan) apparatus in 1000�
magnification and 20 kV voltage.

3. Experimental results

3.1. Porosity

Figs. 1 and 2 show the results of porosity for 32 mix designs
which are containing various percentages of Ns and Ms at different
ages (3, 7, 14, 21, and 28 days) with W/B ratio of 0.50 and 0.40,
respectively. It is worth noting that the porosity values have been
measured by the Archimedes’ principle (Eq. (1)) .Fig. 1a shows that
the porosity of control mortar (0% Ms + 0% Ns) is by 20% at the age
of 3 days, and it decreases to 15% while the Ns is increased up to
4.2%. It can be observed from Fig. 1a that simultaneous increase
of Ns and Ms in mix designs led to a reduction in porosity com-
pared to the mixture merely containing Ns. For instance, the poros-
ity of mixtures which are containing by 4%Ms + 2.8% Ns and 9%Ms
+ 2.8% Ns are lower than the mixture containing by 2.8% Ns. Fig. 1a
shows that the lowest porosity is by 13.5% in mixture of 9% Ms
+ 2.8% Ns. It can be indicated by increasing the age of specimens
from 3 to 28 days, along curing time of specimens, the hydration
process is complete with the water existence in specimens. More-
over, the space which is belonging to water and pores with forma-
tion calcium silicate hydrate (CASAH) and calcium hydroxide (CH)
led to a reduction in the porosity. In fact, it is confirmed by other
studies that increasing specimen’s age containing Ns and Ms would
form a denser structure due to hydration process between cement
and pozzolanic materials [33]. It is noted in Fig. 1e that the 28-day
porosity values have decreased significantly compared to the
respective early age values. For example, the 28-day porosity with
4% Ms + 4.2% Ns is by 8.5%, while the porosity amounts of 14 and
3 days for respective mixture are by 12% and 16.5%, respectively.
Among all mixtures, the lowest value of 28-day porosity for 9%
Ms + 2.8% Ns is by 7%. The current study results have confirmed
the findings of previous studies [34-36].

According to Fig. 2a, for W/B ratio 0.40 the porosity of the con-
trol mortar (0% Ms + 0% Ns) is altered from 16% to 12% when Ns
increases up to 4.2%. As similar to Fig. 1a, the porosity value of mix-
ture containing by 4% Ms + 1.4% Ns and by 9% Ms + 1.4% Ns is lower
than the mixture with merely 1.4% Ns as shown in Fig. 2a. With the
change of W/B ratio from 0.50 to 0.40 and, following that, the
reduction of water value, the denser structure has appeared with
the better formation of hydration products and it has led to pre-
vent the porous structure; consequently, the porosity values got
reduced [36]. Also, Qian et al. [37] reported that the presence of
the replacement cementitious material in cement mixtures has
decreased the proportion of unhydrated cement in mixtures, so
that, a larger volume of C-S-H gel make much more compact’s
cement mortar matrix. Nevertheless, the porosity trend of the mix-
tures with W/B of 0.50 is the same as W/B of 0.40, but the porosity
values for W/B of 0.40 are significantly lower than W/B of 0.50.

3.2. Compressive strength

Relations of Fc with four different percentages of Ms (0%, 4%, 9%
and 13%) and Ns (0%, 1.42%, 2.8% and 4.2%), considering ages of
specimens (3, 7, 14, 21, and 28 days), are shown in Figs. 3 and 4
while the W/B ratios are 0.50 and 0.40, respectively. Figs. 3 and 4
show that the lowest compressive strength has appeared in the
control mortar (0% Ms + 0% Ns); it doesn’t have any pozzolanic
materials, so it has the highest values of porosity. Fig. 3 shows that
the compressive strength of control mortar with W/B of 0.50 is
altered from 18 MPa to 50 MPa while this increased strength, due
to a reduction in porosity value, has been observed in Fig. 1 from
20% to 9%. In a similar trend, Figs. 2 and 4 show that the changes
of compressive strength and porosity for W/B of 0.40 are from
25 MPa to 57 MPa and from 16% to 6.5%, respectively. It is clear
that decreasing mortar porosity, increasing the age of specimens
and completing the hydration process led to an increase in com-
pressive strength [38]. Increasing Ns in the mixtures which are
containing merely Ns causes an increase in compressive strength
as shown in Figs. 3 and 4. For instance, in W/B of 0.50 and 0.40,
the 3-day compressive strength was respectively altered from
18 MPa to 33 MPa and from 25 MPa to 37.2 MPa, while the Ns
was altered from 0% to 4.2%. The effect of the simultaneous
increase in Ms and Ns is higher on the early age specimens. For
example, the highest 3 and 28 day compressive strength (9% Ms
+ 2.8% Ns), compared to respective control mortar (0% Ms + 0%
Ns), for W/B of 0.50, was growing up approximately about 145%
and 54%, respectively, while the porosity reduction values were



Fig. 1. Relation of porosity with Ms% and Ns% in W/B of 0.50 for different ages: (a) 3, (b) 7, (c) 14, (d) 21 and (e) 28 days.
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by 32.5% and 22.2%, respectively. In this regard, Jalal et al. [39]
investigated the effect of Ns and Ms on cement-based materials.
Their results indicated that the simultaneous presence of Ns and
Ms has the better effect on cementitious materials. The current
results show that the simultaneous increase in Ms and Ns has
improved compressive strength, while the highest compressive
strength of 28 days for W/B of 0.50 and 0.40 had appeared in 9%
Ms + 2.8% Ns. Moreover, the compressive strength of mortar is a
function of W/B ratio that affects the porosity values so that the
lower W/B ratio is the larger compressive strength [20].
3.3. Flexural strength

Fig. 5a and b show the flexural strengths of cement mortar spec-
imens containing various percentages of Ns and Ms at the age of
28 days while the W/B ratios were equal to 0.50 and 0.40, respec-
tively. Fig. 5 shows that flexural strength of the control mortar (0%
Ms + 0% Ns) is the lowest amount because it approximately has the
highest porosity in comparison to the other mixtures. The flexural
strength of mixtures which was merely containing Ns for W/B
ratios of 0.50 and 0.40 was altered from 7.5 to 10.8 and 8.6 to
12.2, respectively, and also the porosity values were altered from
9% to 7.5% and 6.5% to 5%, respectively. The simultaneous increase
of Ms and Ns increases the flexural strength of the mixture with
merely Ns, while higher flexural strength has appeared in the low-
est W/B ratio and porosity [20]. For instance, the flexural strengths
of mixtures containing by 9% Ms + 1.4% Ns and 13% MS + 1.4% Ns
for W/B of 0.50 are 10.5 MPa and 10.2 MPa, respectively, while
these values for W/B of 0.40 are 12 MPa and 11.5 MPa, respectively.
The highest flexural strengths for W/B of 0.5 and 0.40 were
11.6 MPa and 12.8 MPa in mixture of 9% Ms + 2.8% Ns. In fact,
the porosity value in W/B of 0.40 is lower than W/B of 0.50, thus
the maximum flexural strength has appeared in the W/B ratio of
0.40. From Fig. 5 it is generally concluded that the simultaneous
increase of Ms and Ns reduces the porosity values, and the flexural
strength has been improved ultimately.
3.4. FE-SEM analysis

The FE-SEM images of cement mortar specimens which are con-
taining by 0% Ms + 0% Ns, 13% Ms + 0% Ns, 0% Ms + 4.2% Ns, and 9%
Ms + 2.8% Ns with W/B of 0.50, and 0.40 are shown in Figs. 6 and 7,
respectively. It can be seen from Figs. 6a and 7a that the control
mortar (0% Ms + 0% Ns) has an approximately loose microstructure
due to fairly huge crystals and voids. Still some huge crystal is
formed in the mixture with the only presence of Ms or Ns, but
the fewer voids and smaller crystal size led to the formation of
the more compact microstructure, as shown in Figs. 6b-c and 7b-
c. This fact by Qing Y et al. [40] is pointed out that the Ms plays
two roles in cement mortar microstructure, (1) a chemical inert fil-
ler and (2) pozzolanic reaction. Their results have shown that the
chemical inert filler properties led to improve the physical struc-
ture and provide nucleation sites for hydration products while
the pozzolanic reaction leds to chemical act with CH gel that



Fig. 2. Relation of porosity with Ms% and Ns% in W/B of 0.40 for different ages: (a) 3, (b) 7, (c) 14, (d) 21 and (e) 28 days.
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appeared during hydration of cement and eventually improved the
paste-aggregate bond. The silica pozzolanic reaction between Ns
and calcium hydroxide led to developed more CASAH gel and
decreased the calcium leaching rate of cement mortar, which is
in agreement with previous studies [40,41]. This is due to the fact
that Ns is approximately 100 times smaller than cement particles,
so it is able to fill remaining voids and eventually form more uni-
form and dense microstructure [42]. As shown in Figs. 6b-c and
7b-c, the Ns has the better modification effect compared to Ms
due to its larger surface area, so a smaller value of nano silica addi-
tive in mixtures such as 0%Ms + 4.2%Ns has more effective influ-
ence against the mixtures containing higher values of Ms.
Moreover, Figs. 6d and 7d indicated that the presence of both Ms
and Ns exhibits much fewer huge crystals, and also the dense com-
pact texture has appeared. It is vindicable that the overlapping
effect of nano silica and micro silica on the filling of voids so that
Ms particles would have filling role between cement particles, also
the Ns particles would play this role between the cement particles
and Ms. In this way, the best utilization of Ms and Ns is due to the
best performance of Ms on filling voids and high reactivity poz-
zolanic performances of Ns. This is while other studies have
pointed out the synergistic presence of Ms and Ns would allow
the further increase strength, sulfate resistance, and carbonation
resistance than that adding Ms or Ns alone [21]. These observa-
tions reveal the synergetic effect of Ms and Ns which leads to den-
sify the microstructure, fill the pore structures, and induce the
higher forms of CASAH gel due to the dense structure [20].
4. Artificial neural networks methods

Artificial Neural Network (ANN) is a mathematical or computa-
tional model which is similar to human brain that uses an inter-
connected series of neurons for information processing based on
a connectionist approach to prediction. Moreover, ANN model is
able to learn highly complex and nonlinear data in an instant,
the data which is usable in our approach with experimental and
statistical data. The fundamental strategy for the development of
ANNmodel is trying to make progress on experimental output data
in material behavior. If the experimental results include informa-
tion which is related to material behavior, training ANN with suf-
ficient information of materials behavior could provide a
qualified model [43]. Network training with more samples
increases the number of iteration and leads to prevention of early
convergence and hits lower error [44]. A general ANN model con-
sists of three main layers: input, hidden, and output layers. In
the input and output layers, the number of neurons is equal to
the number of input and output parameters, while the number of
neurons in the hidden layer depends on the type of problem.
4.1. Data preparation of ANN

A model feed-forward neural network is used in this study. The
activation functions are nonlinear for neurons’ hidden layer and
the neuron outputs. The fundamental principle of the developing



Fig. 3. Relation of Fc with Ms% and Ns% in W/B of 0.50 at different ages: (a) 3, (b) 7, (c) 14, (d) 21 and (e) 28 days.
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neural network in this research has been carried out on two mod-
els by Alyuda NeuroIntelligence tools [45]: (1) ANN-I model is
without considering porosity as input parameter and (2) ANN-II
model is with considering porosity as an input parameter. There-
fore, the ANN-I model consists of one input node less than the
ANN-II. Since in composite materials like cement mortar, the result
accuracy of the ANN model depends on data quality, in order to do
an accurate and qualified prediction, the effective variable ratios
between materials such as W/C, S/C, Ns/C, Ms/C are expressed,
not the individual variables such as water, sand, nano silica, micro
silica, and etc. The hyperbolic tangent (tanh) functions are adopted
for both input and output functions after normalizing the original
data, while the applied output learning rate and iteration number
were equal to 0.1 and 1000, respectively [46].

The input parameters in compressive and flexural strength
method, considering the porosity are 7 and 6 and without consid-
ering the porosity are 6 and 5, respectively (specimen’s age in the
flexural method is 28 days). Therefore, considering these input
nodes and one hidden layer, the target node is the compressive
and flexural strengths of specimens, respectively. The used neural
network architecture in this study was called ANN Ni-Nh-1, where
Ni and Nh are the numbers of input and hidden layer nodes, respec-
tively, and the third part is described as the number of output as
shown in Table 3. The architecture of ANN models for prediction
of compressive and flexural strengths, is illustrated in Fig. 8 with
or without considering porosity.
4.2. Error estimation

In order to evaluate the ANN model performance, these are
used: criteria for selecting of minimum errors of MAPE, RMSE
and best adaptation of ANN predicted results with actual results
on the basis of the coefficient of determination (R2). If we assume
that the actual and predicted values for ith data from the total
number of data (n) are respectively Ai and Pi , then, Mean Absolute
Percentage Error (MAPE) and Root Mean Square Error (RMSE) have
been used to evaluate the accuracy of the ANN model according to
Eqs. (2) and (3), respectively.

MAPE ¼ 1
n

Xn
i¼1

Ai � Pi

Ai
� 100

����
���� ð2Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

Ai � Pið Þ2
vuut ð3Þ
5. Genetic algorithm programing

John Holland [47] showed how an evolutionary process can be
used to solve various problems. These problems are solved using
a strongly-parallel technique that is now called the Genetic Algo-
rithm (GA). GA is a string of numbers which has been made in



Fig. 4. Relation of Fc with Ms% and Ns% in W/B of 0.40 at different ages: (a) 3, (b) 7, (c) 14, (d) 21 and (e) 28 days.
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order to develop Genetic Program (GP) that was proposed by Koza
in 1992 [48]. In fact, GP is an evolutionary algorithm that inspired
Darwin’s theory which set people with a different feature to a new
collection of individuals who have different and specific features.
The early pioneers in GP found that it is able to solve or approxi-
mately solve problems which are based on Darwin’s principle of
reproduction and analogs of naturally-occurring genetic operations
such as selection, mutation, and crossover [49]. GPs are a computer
programs to solve problems which have been expressed in a func-
tional programming language and embodied as tree structures
[50]. Fig. 9 shows the GP flowchart solve problems. There are three
steps in GP as the following:

(1) Set an initial population of individuals with fixed-length
strings randomly. In fact, there has been initial population
for the parents from the first generation.

(2) Repeat the following steps to create termination criteria.
(2-1) Population fitness must be measured, then fitness value
will be assigned to individuals. In fact, Fc and Ff of cement mor-
tars are assigned to the individuals as fitness valuable.
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Table 3
Neural network parameters.

Parameter ANN model

ANNFc-I ANNFc-II ANNFf-I ANNFf-II

number of specimens 480 96
number of input layer neurons (Ni) 6 7 5 6
number of hidden layer neurons (Nh) 1 1
number of output layer neurons 1 1
number of iteration 1000 1000
activation function hyperbolic tangent hyperbolic tangent
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Fig. 8. ANN architecture for prediction of compressive and flexural strength: (a) ANNFc and (b) ANNFf.
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(2-2) A new population of strings is made with the following
three genetic steps.
(i) Existing individual strings are copied up to cause the repro-

duction of population.
(ii) Crossover operation at the crossover point randomly formed

the two new strings from the two existing strings by genetic
operation.

(iii) Random mutations can build the new string from previous
string while the position in the string is chosen randomly.

(3) The string that is analyzed as a result by genetic method is
run that might be a solution to the problem.

The GA and GP are similar to each other in many aspects; how-
ever, the individual representation clearly shows the distinctions
between them. In fact, the individuals in the GA and GP are strings
of binary digits with fixed lengths and derives parse trees with dif-
ferent size and shapes, respectively.

5.1. Theory of genetic expression programs

In the following extension of GA and GP, Genetic Expression
Program (GEP) was introduced by Ferreira [51]. GEP is the com-
puter program based on an evolutionary algorithm. The GEP, due
to having linear and nonlinear chromosomes, is alike GA and GP,
respectively [51]. Individual GEP is similar to GP in that they are
both considered as represented trees (expression trees), but con-
trary to GP, there are empty spaces (tails) in GEP for each gene after
encoded parts (head). The encoded chromosomes which have
branch structures are named Expression Trees (ETs). In ETs, the
head of gene is decoded; the program is converted the linear input
to nonlinear output by the used element that fills the tails. Eventu-
ally, the linking of genes is accomplished using linking functions to
the formation of chromosomes [52]. Due to empty space and the
genetic reliance on lisp, Karva language is considered as one of
the GEP benefits. The above-mentioned content is shown in
Fig. 10 [53]. Generally, the task of algorithm processing and oper-
ation in GEP is similar to GA and GP.
5.2. Genetic expression programming structure and parameters

In this study, to evaluate the effect of porosity and various per-
centages of nano and micro silica in cement mortar’s strength, the
GEP modeling has been applied by software GeneXpro Tools 5.0
[54]. It’s noted that the GEP modeling has been done in two
approach addition and multiplication, while compressive and flex-
ural strengths were considered as output parameters. The input
parameters in GEP modeling were W/C and S/C ratios, Ns/C and
Ms/C ratios, cement weight, age of specimens, and porosity. The
fundamental principle of the developed GEP model in this research
has been carried out on two model: (1) GEP-I model is without
considering porosity as an input parameter and (2) GEP-II model
is with considering porosity as an input parameter. The details of
GEP-I and GEP-II models are presented in Table 4 for addition
and multiplication approach.

In each compressive and flexural model, 130 and 26 data num-
bers are respectively used for training, and 30 and 6 data numbers
are respectively used for testing.

While the model is generated to achieve minimum error, the
individual converge with the best fitness has appeared on chromo-
somes. There is a mathematical relationship between the final
chromosomes of the expression tree, which specifies the relation
between input and output variables. The training and testing
parameters which have been used in GEP-I and GEP-II models, both
addition and multiplication approaches, were mentioned in
Table 5.



Fig. 10. Chromosomes representation tree in LISP (a), mathematical formulation (b) [51].
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6. Modeling results

6.1. ANN models

Figs. 11 and 12 show the comparison between experimental
and ANN predicted results in the form of ANN-I and ANN-II models.
Fig. 11 indicates that ANN-I model has significant dispersion
between experimental and predicted results, due to ignoring
porosity as an input values. The performance of ANN-I model for
compressive and flexural strength results show that ANN-I model
predicts the compressive and flexural strengths of cement mortar
without considering porosity, while the pair of compressive and
flexural training R2 and compressive and flexural testing R2 values
were (0.9301, 09232) and (0.8961, 0.8699), respectively.

The ANN-I model indicated that the dispersion of data and the
error values were almost high between experimental and pre-
dicted data due to neglecting the porosity in the model perfor-
mance as shown in Fig. 11. For better perception, one must note



Table 4
GEP input parameters.

Model GEP
Approach Addition and Multiplication
Model GEPFc-I GEPFf-I GEPFc-II GEPFf-II
Input parameters W/C, S/C, Ns/C, Ms/C, C, Age W/C, S/C, Ns/C, Ms/C, C W/C, S/C, Ns/C, Ms/C, C, Age, P W/C, S/C, Ns/C, Ms/C, C, P

Table 5
Parameters of GEP models.

Parameter Definition GEP-I / GEP-II

P1 Function set +, �, *, /, sqrt, Exp, Ln, 3Rt, sin, cos, Arc
tan, x2, x3

P2 chromosomes 30
P3 Head size 10
P4 Number of gene 4
P5 Linking function Addition and Multiplication
P6 Mutation rate 0.002
P7 Inversion rate 0.005
P8 One-point

recombination rate
0.003

P9 Two-point
recombination rate

0.003

P10 Gene recombination
rate

0.003

P11 Gene transposition rate 0.003
P12 Constant per gene 10
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the fact that each cement mixture has a different porosity, and it’s
clear that the porosity affects both compressive and flexural
strengths, so neglecting to consider porosity as an input parameter
causes a significant error. Therefore, in order to evaluate the sensi-
tivity of porosity in the model performance, the ANN-II model was
proposed, while the porosity values were considered as the input
parameter.
0

20

40

60

80

100

0 20 40 60 80 100 120

C
om

pr
es

si
ve

 st
re

ng
th

 (M
Pa

)

Series

Training R² = 0.9301Experimental

ANNFc-I

(a)

(b)

6

8

10

12

14

0 2 4 6 8 10 12 14 16 18 20

Fl
ex

ur
al

 st
ee

ng
th

 (M
Pa

)

Series

Training R2 = 0.9232Experimental

ANNFf-I

Fig. 11. Evalution of experimental and predicted results: (a) com
Fig. 12 shows the ANN-II model of the experimental and pre-
dicted strengths of cement mortar. The models with the low RMSE
and MAPE and high R2 values are able to predict the compressive
and flexural strengths with high accuracy. From the figure it can
be seen that there was close dispersion data and so less error in
the ANN-II model, while the pair of compressive and flexural train-
ing R2 and compressive and flexural testing R2 values were (0.9965,
09843) and (0.9467, 0.9702), respectively.

The statistical values of the training and testing sets of the ANN-
I and ANN-II for both compressive and flexural strengths are pre-
sented in Table 6. The closest values of R2 to 1 and the less value
of error (MAPE and RMSE) are the best ANN model, so the ANN-II
was the best proposed model while the triplet value of compres-
sive training R2, MAPE, and RMSE were equal to 0.9965, 1.415,
and 0.862, respectively, and the flexural testing values were equal
to 0.9883, 0.914, and 0.801, respectively.

6.2. GEP models

6.2.1. Addition and multiplication models of GEPFc-I and GEPFf-I
The mathematical non-linear formulations for predicted rela-

tions between mechanical properties and input variables from
trees (GEPFc-I and GEPFf -I) were shown in Eqs. 4–7 while they have
been considered both addition and multiplication approach. For
instants, the ETs of the formulation in the Eq. (4) is shown in
Fig. 13 for the GEPFc-I.
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Table 6
Statistical values of ANN-I and ANN-II models.

Model Condition R2 MAPE RMSE

Training Testing Training Testing Training Testing

ANN-I Compressive strength 0.9301 0.8961 6.372 8.025 3.946 4.725
Flexural strength 0.9232 0.8699 3.390 6.766 0.444 0.697

ANN-II Compressive strength 0.9965 0.9467 1.451 5.182 0.862 3.558
Flexural strength 0.9843 0.9702 1.537 1.725 0.221 0.272
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Fig. 12. Evalution of experimental and predicted results: (a) compressive strength and (b) flexural strength by ANN-II models.
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Fig. 13. Expression tree of GEPFc-I model.

20 S.A. Emamian, H. Eskandari-Naddaf / Construction and Building Materials 218 (2019) 8–27
All of the obtained results from the experimental and predicted
studies using the training and testing results of GEPFc-I model at
the age of 3, 7, 14, 21, and 28 days and GEPFf-I model at the age
of 28 days are given in Figs. 14 and 15. The equation and R2 of lin-
ear least square fit line had shown the training and testing values.
The experimental results were compared with predicted training
and testing results as shown in Figs. 14 and 15. There are two
major parts in data series, which are related to training and testing
data, including 0–130 and 130–160 series (compressive strength)
and 0–26 and 26–32 series (flexural strength), respectively. It is
clear that addition linking function has better performance than
the multiplication approach of GEP-I in the training phase, while
the R2 values of GEPFc-I and GEPFf-I are equal to 0.9349 and
0.9280, respectively. As it can be seen from the Figs. 14 and 15,
the training and testing values in GEP-I models, with both addition
and multiplication approaches, have noticeable dispersion
between the experimental and predicted results because of ignor-
ing the porosity as the input parameter in GEP-I model.

6.2.2. Addition and multiplication models of GEPFc-II and GEPFf-II
Eqs. (8)–(11) show the mathematical non-linear formulation

between input and output parameter for both addition and multi-
plication approaches (GEPFc-II and GEPFf -II) while the equations
are obtained from trees. For example, Fig. 16 shows the ETs formu-
lation of Eq. (8) for GEPFc-II.
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Fig. 14. Comparison and correlation of experimental results with predicted values of addition GEP-I approach model: (a) Compressive strength and (b) flexural strength.
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Figs. 17 and 18 show the training and testing values in GEP-II
model with both addition and multiplication approaches. The
GEP-II models have the closest dispersion of experimental and pre-
dicted results, and also the training set result indicated that the
non-linear relationship between input and output parameters
was efficiently well learned with proposed models and it has the
high correlation and approximately low error values because of
considering porosity as input parameter. All of the models’ results
exhibit that addition linking function in GEP-II model has respec-
tively the best performance among all GEP-II models with R2 val-
ues of 0.9601 and 0.9452 for training compressive and flexural
strength (GEPFc-II and GEPFf-II).

The statistical parameters’ performance of the training and test-
ing sets of the GEP-I and GEP-II with both addition and multiplica-
tion approach models are presented in Table 7. It shows that the
best GEP models for predicting Fc and Ff is addition GEP-II model,
because of the least error and the highest R2 among both GEP-I
and GEP-II models. The highest training value of R2 and lowest val-
ues of MAPE and RMSE in the GEPFc-II (compressive strength) mod-
els are equal to 0.9601, 4.852, and 2.967, respectively, and also in
the GEPFf-II (flexural strength) models, these values are equal to
0.9452, 2.483 and 0.3252, respectively.

All of the GEP models show that the suitable proposed model
based on performance models and statistical values is addition
GEP-II due to the fact that the effect of porosity is considered as
the input parameter in mechanical properties of cement mortar.

The current study model compared with the previous literature
models in terms of the selection of correct input parameters for
predicting mechanical properties. In this regard, Deepa et al. [55],
Erdal et al. [56], and Yeh and Lien [57] have used intelligence tools
(ANN and GEP) for predicting the mechanical properties of cement-
based materials. Nevertheless, the models didn’t consider all
effective input parameter such as porosity. The current study is
proposed a new ANN and GEP model for predicting the strength
properties of cement mortar which is containing Ns and Ms simul-
taneously. In fact, the simultaneous presence of small particles
such as Ns and Ms create unique properties in cement mortar or
concrete that considering them help to predict the properties of
cement-based materials with all effective input parameters accu-
rately. Table 8 provides a comparison review of some previous lit-
erature on strength properties prediction.

6.3. Verification of ANN and GEP proposed model

In order to evaluate the validation of ANN and GEP proposed
model, the comparison process has been done with the last work
of Jalal et al. [39], Said et al. [58] and Haruehansapong et al. [59],
the collection data has been presented in appendix A. To achieve
this purpose, the data sets were gathered from aforementioned
studies and then applied in ANN and GEP current study, so current
and collection data sets are considered as the input parameters and
they are predicted by GEP-II and ANN-II proposed model as the
best models. In these models, the current data was considered as
training set, and the collection data weas considered as the testing
set in order to validate the proposed models’ performance. Figs. 19
and 20 show the validity and accuracy of the proposed ANN-II and
GEP-II model in predicting compressive and flexural strengths with
the help of a collection of collected data. Fig. 19 shows that the cor-
relation coefficient values (R2) of compressive and flexural ANN
collected data are equal to 0.9396 and 0.9614, respectively. Also
it shows the power of ANN proposed model to predict the result
of the collected data due to high R2. Fig. 20 illustrates the valida-
tion of GEP-II proposed model for both current and collected data.
The compressive and flexural training R2 values are equal to 0.9554
and 0.9429, respectively, and the compressive and flexural testing
R2 are equal to 0.9372 and 0.9689, respectively. Due to high R2
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Fig. 17. Comparison and correlation of experimental results with predicted values of addition GEP-II approach model: (a) Compressive strength and (b) flexural strength.

Fig. 18. Comparison and correlation of experimental results with predicted values of multiplication GEP-II approach model: (a) Compressive strength and (b) flexural
strength.
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Table 7
Statistical values of GEP-I and GEP-II models.

Approach Model R2 MAPE RMSE

Training Testing Training Testing Training Testing

Addition GEPFc-I 0.9349 0.9091 6.240 6.804 3.869 4.466
GEPFf-I 0.9280 0.9285 2.516 3.952 0.3822 0.4575

Multiplication GEPFc-I 0.9295 0.9385 6.404 5.423 3.935 3.554
GEPFf-I 0.9202 0.9314 3.274 3.048 0.4095 0.4150

Addition GEPFc-II 0.9601 0.9429 4.582 4.920 2.967 3.386
GEPFf-II 0.9452 0.9080 2.483 2.806 0.3252 0.3562

Multiplication GEPFc-II 0.9446 0.9337 5.177 5.450 3.488 3.612
GEPFf-II 0.9355 0.9061 2.893 3.260 0.3530 0.3863

Table 8
Comparison of R2 values for the current and previous ANN and GEP models.

Data Set Method R2

Current study ANN 0.9842
GEP 0.9568

Deepa et al. [53] ANN 0.6250
Erdal et al. [54] ANN 0.9088
Yeh and Lien [55] GEP 0.8669

ANN 0.9338
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values as shown in Fig. 20, the R2 values of collection data show
that the proposed GEP-II model has high accuracy to predict data.
In fact, both ANN-II and GEP-II proposed models have suitable, reli-
able, and valid performance in the prediction compressive and
flexural strengths of collected data.

Furthermore, a strong comparison procedure with the previous
formulations has been done to validate the ANN and GEP proposed
model. Smith [60] mentioned that the R > 0.8 has the appropriate
correlation between experimental and predicted values. Frank
and Todeschini [61] indicated that the minimum ratio of objects
Fig. 19. Validation of proposed ANN-II model with data set col
over the number of select variables is equal and>3 for model
acceptability. This ratio for compressive and flexural data in cur-
rent study are equal to 160/7 = 22.85 and 32/6 = 5.33, respectively.
Golbraikh and Tropsha [62] suggested the method for verification
of the GEP and ANN model based on one slope regression line (k
or k0) close to 1; moreover, the m and n criteria performance must
be lower than 0.1. Roy and Roy [63] offered performance indexes
for external predicted models (Rm) in which the satisfied condition
is at least 0.5. The squared correlation coefficient (Ro2 or Ro02)
should be close to 1 while Ro2 is squared correlation coefficient
between the predicted and experimental values, and Ro02 is
squared correlation coefficient between experimental and pre-
dicted values [64]. The considered validation criteria of ANN-II
and GEP-II model are presented in Table 9 for current and collec-
tion data. From the results, the proposed model is in accordance
with the required conditions, and the validation phase strongly
states that the proposed model is valid.

Consequently, this study presented proposed models to the pre-
diction of the compressive and flexural strength of cement mortar,
and it is well-known that cement mortar is as basic cementitious
materials such a concrete that its characteristics can effect on
lected: (a) Compressive strength and (b) flexural strength.



Fig. 20. Validation of proposed GEP-II model with data set collected: (a) Compressive strength and (b) flexural strength.

Table 9
Validation of ANN-II and GEP-II proposed model for current and collection data.

Item Formula Condition Current study Collection data

ANN-II GEP-II ANN-II GEP-II

Fc Ff Fc Ff Fc Ff Fc Ff

1 R R > 0.8 0.9921 0.9846 0.9782 0.9669 0.9693 0.9805 0.9680 0.9843
2

K ¼
Pn

i¼1
Ai�Pið ÞPn

i¼1
A2
i

0.85 < k < 1.15 0.9966 0.9924 1.0017 1.0001 0.9672 1.0010 0.9742 0.9797

3
K0 ¼

Pn

i¼1
Ai�Pið ÞPn

i¼1
P2i

0.85 < k0<1.15 1.0023 1.0071 0.9953 0.9989 1.0250 0.9972 1.0162 1.0189

4
Rm ¼ R2 � 1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2 � Ro2
��� ���r� �

Rm > 0.5 0.9143 0.7497 0.7608 0.6982 0.7371 0.7337 0.8640 0.6689

5 m ¼ R2�Ro2

R2
|m|<0.1 �0.0051 0.0530 �0.0438 �0.0698 �0.0494 �0.0396 �0.0065 0.0989

6 n ¼ R2�Ro02
R2

|n|<0.1 �0.011 0.4030 �0.0369 �0.0683 �0.0568 �0.0137 �0.0428 0.0854

Where

Ro2 ¼ 1�
Pn

i¼1
Pi�Ao

ið Þ2Pn

i¼1
Pi�Poið Þ2 ; A

o
i ¼ k� Pi

0.9893 0.9182 0.9990 0.9989 0.9860 0.9994 0.9432 0.8730

Ro02 ¼ 1�
Pn

i¼1
Ai�Poið Þ2Pn

i¼1
Ai�Ao

ið Þ2 ;P
o
i ¼ k0 � Ai

0.9951 0.9304 0.9924 0.9987 0.9930 0.9745 0.9773 0.8861

S.A. Emamian, H. Eskandari-Naddaf / Construction and Building Materials 218 (2019) 8–27 25
concrete properties. Hence, the proposed models can be extended
to concrete materials. Furthermore, the effect of new materials in
the model should be considered for the new cement-base
materials.
7. Conclusion

In this study, an extensive experimental program including 32
mix designs in different percentages of Ns and Ms in form of alone
(Ns or Ms) and together (Ns + Ms) was made for investigating the
dependence of mechanical properties on each mix designs’ poros-
ity. In addition, the effect of porosity was evaluated to predict
mechanical properties of cement mortar by ANN and GEP models.
The following conclusions may be drawn based on the experimen-
tal and modeling results:

1) The addition of Ms and Ns has a significant effect on decreas-
ing porosity and increasing the compressive and flexural
strengths at different ages, while the porosity effect is higher
at the age of 28 days specimens with lower W/B ratio, espe-
cially when Ns and Ms are combined together.

2) The optimum replacement dose of cement with Ns and Ms is
obtained by 2.8% and 9% by weight of cement, respectively.

3) The presence of both Ns and Ms has the synergistic effect on
microstructure, and it is perceived that the simultaneous use
of Ns and Ms affected the densifying of cement mortar’s
microstructure.
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4) Among cement mortar containing Ns and Ms, ANN and GEP
are efficient for predicting the compressive and flexural
strengths. Comparison between ANN and GEP models in
terms of R2, RMSE, and MAPE showed that ANN-II and
GEP-II provide better results due to considering porosity as
input parameter which is relative to the ANN-I and GEP-I
modeling results.

5) The ANN model presents a more exact model based on the
correlation coefficient and error rate relative to GEP model;
instead, the GEP model provides a prediction formula based
on the defined parameters.

6) Moreover, the validation of proposed models was investi-
gated by collected data from previous literature. The valida-
tion results of the ANN-II and GEP-II models indicate the
high accuracy of the proposed model.

7) Accordingly, the porosity is very significant and effective fac-
tor in the formation of mechanical properties, and also the
Table A1
Data collection are used as validation sets.

Age (day) W/C C (Kg/m3) Aggregate (Kg/m3) Ns

7 0.38 400 1581 0.0
7 0.38 500 1581 0.0
7 0.40 380 1581 0.0
7 0.42 360 1581 0.0
7 0.45 340 1581 0.0
7 0.40 475 1581 0.0
7 0.42 450 1581 0.0
7 0.45 425 1581 0.0
7 0.39 392 1581 8.0
7 0.42 360 1581 0.0
7 0.43 352 1581 8.0
7 0.39 490 1581 10.
7 0.42 450 1581 0.0
7 0.43 440 1581 10.
28 0.38 400 1581 0.0
28 0.38 500 1581 0.0
28 0.40 380 1581 0.0
28 0.42 360 1581 0.0
28 0.45 340 1581 0.0
28 0.40 475 1581 0.0
28 0.42 450 1581 0.0
28 0.45 425 1581 0.0
28 0.39 392 1581 8.0
28 0.42 360 1581 0.0
28 0.43 352 1581 8.0
28 0.39 490 1581 10.
28 0.42 450 1581 0.0
28 0.43 440 1581 10.
3 0.40 390 1973 0.0
3 0.37 390 1958 23.
3 0.37 390 1936 46.
3 0.57 273 1938 0.0
3 0.53 273 1923 23.
3 0.49 273 1905 46.
7 0.40 390 1973 0.0
7 0.37 390 1958 23.
7 0.37 390 1936 46.
7 0.57 273 1938 0.0
7 0.53 273 1923 23.
7 0.49 273 1905 46.
7 0.65 0.800 2.2 0.0
7 0.67 0.776 2.2 0.0
7 0.69 0.752 2.2 0.0
7 0.70 0.746 2.2 0.0
7 0.74 0.704 2.2 0.0
28 0.65 0.800 2.2 0.0
28 0.67 0.776 2.2 0.0
28 0.69 0.752 2.2 0.0
28 0.70 0.746 2.2 0.0
28 0.74 0.704 2.2 0.1

W =Water, C = Cement, Ns = Nano silica, Ms = Micro silica, Fc = Compressive strength an
effectiveness of porosity should be considered in the pro-
posed models.
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Appendix. A

Table A1.
(Kg/m3) Ms (Kg/m3) Fc (MPa) Ff (MPa) Ref.

0 0.00 36.40 3.40 [37]
0 0.00 40.20 4.00 [37]
0 0.00 32.70 3.30 [37]
0 0.00 26.90 3.00 [37]
0 0.00 22.40 2.90 [37]
0 0.00 33.20 4.00 [37]
0 0.00 31.50 3.80 [37]
0 0.00 30.10 3.70 [37]
0 0.00 44.30 4.20 [37]
0 40.00 48.70 3.80 [37]
0 40.00 59.00 4.20 [37]
00 0.00 49.10 4.60 [37]
0 50.00 43.90 4.30 [37]
00 50.00 52.30 4.80 [37]
0 0.00 51.80 3.90 [37]
0 0.00 52.50 4.80 [37]
0 0.00 40.40 3.70 [37]
0 0.00 37.30 3.70 [37]
0 0.00 34.20 3.60 [37]
0 0.00 43.10 4.60 [37]
0 0.00 40.30 4.50 [37]
0 0.00 36.10 4.50 [37]
0 0.00 71.30 5.70 [37]
0 40.00 56.50 4.60 [37]
0 40.00 78.80 6.20 [37]
00 0.00 82.10 6.10 [37]
0 50.00 63.40 5.20 [37]
00 50.00 87.90 7.30 [37]
0 0.00 33.00 – [56]
40 0.00 36.00 – [56]
80 0.00 39.00 – [56]
0 0.00 27.00 – [56]
40 0.00 28.00 – [56]
80 0.00 31.00 – [56]
0 0.00 49.00 – [56]
40 0.00 51.00 – [56]
80 0.00 58.00 – [56]
0 0.00 39.00 – [56]
40 0.00 40.00 – [56]
80 0.00 44.00 – [56]
0 0.00 19.16 – [57]
0 0.02 19.27 – [57]
0 0.05 19.69 – [57]
0 0.05 20.24 – [57]
0 0.10 19.64 – [57]
0 0.00 23.52 – [57]
2 0.00 23.67 – [57]
5 0.00 24.92 – [57]
5 0.00 26.46 – [57]
0 0.00 25.61 – [57]

d Ff = Flexural strength.
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