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In this study, two different Artificial neural networks (ANN) and two different adaptive network-based fuzzy
inference systems (ANFIS) models were constructed to predict the compressive strength of 7 different cement
mortar samples with or without pumice and/or diatomite on different days. Five parameters including day, PC,
pumice, diatomite and water were employed as the inputs, and the compressive strength was used as the output
variable. The compressive strengths used in the model construction were obtained from laboratory experiments
accounting for a total of 168 data. Statistical methods such as RZ2, RMS and MAPE preferred in the literature were

used to compare the four different models. According to the test results obtained from R%, RMS and MAPE, ANN
and ANFIS models were able to make very good predictions performance. For this reason, it can be said that these
cement mortars’ compressive strength can be estimated with a very small error and in a short time with both

ANN and ANFIS models.

1. Introduction

The harmful effects of cement industries on the environment are
well-known fact. Recent studies have shown that Portland Cement (PC)
production in the cement industries consumes 5% of the industrial en-
ergy and causes 7% release of CO, emissions worldwide. It is stated that
the emission CO, causes approximately 65% of global warming [1,2].
Therefore, to reduce COy emissions and the high carbon footprint
originating from the construction industry, there is required to reduce
cement production amount. To reduce the amount of cement produc-
tion, alternative environmentally friendly binding materials should be
used in the construction industries [3]. These materials such as zeolite
[4], pumice [5], diatomite [6], fly ash [7], silica fume [8], blast furnace
slag [9], rice husk ash [10], locally available in many countries, have
been widely used as supplementary cementitious material (SCM) in
many research in cement and concrete technology. The main advantage
of SCMs is that they decrease the CO, emissions released into the at-
mosphere during cement production by reducing the amount of cement
by 5-30% [11,12]. Also, SCMs are pozzolanic materials. Moreover,
substituted SCMs into cement or concrete, the mechanical strength and
durability of concrete are increased [13-16]. Therefore, using SCMs is a

good choice to reduce the amount of cement in concrete and enhance
concrete strength and durability.

In this context, pumice and diatomite are used intensively in the
construction sector due to the improvement effect of cement mortar and
concrete properties. The mechanical properties of concrete and cement
mortar do not exhibit a strong linear structure as they are derived from
the different parameters involved in their composition. For this reason,
it can be said that a tool that can help quantitatively in the optimum
design of cement-based mortars and concretes has not yet been deter-
mined, despite a lot of research on these materials. Therefore, it has been
tried to develop analytical formulas for the estimation of the mechanical
properties of cement mortars and concretes by using deterministic
methods. In these studies, it is emphasized that approaches such as
artificial intelligence, machine learning, multiple nonlinear regression
and multiple linear regression have been successfully applied [17-23].

Artificial neural networks (ANN) and adaptive network-based fuzzy
inference systems (ANFIS) have been developed as popular artificial
intelligence modeling techniques that can solve many engineering
problems in recent years. Since these models can be created using a
limited number of data sets during the training phase and their ability to
predict responses in complex systems, they have been successfully used
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in many studies to predict the mechanical properties of concrete and
cement mortar. Chithra et al. (2016) created models with ANN and
multiple regression analysis (MRA) to predict the compressive strength
of high-performance concrete of cement mortars containing copper slag
and nano silica. In their laboratory studies, they used cement mortars
containing 0, 10, 20, 30, 40 and 50% ratios of copper slag as partial fine
aggregate replacement as well as containing 0, 0.5, 1, 1.5, 2, 2.5 and 3%
ratios of nano silica as partial cement replacement. 264 samples were
prepared with these mortars, and their compressive strengths were
determined at age of 1, 3, 7, 28, 56 and 90-days. Using the data ob-
tained, different ANN models were created and the data obtained from
these models were compared with the data obtained by MRA. As a result,
it was stated that the results obtained from the ANN model were closer to
the real results and had a higher correlation [24]. Behnood et al. (2015),
on the other hand, developed models using ANN, non-linear regression
(NLR) analysis, M5’ model tree (MT) and support vector machine (SVM)
techniques to estimate the tensile strength of steel fiber-reinforced and
unreinforced concretes. They used error measures to compare the per-
formance of the developed models and the different models developed
by other researchers. They used error measures to compare the perfor-
mances of their developed models and the different models developed
by other researchers. As a result, they stated that ANN provides superior
results compared to other model analyses [25]. In another study, Kocak
and Gulbandilar (2016) tried to estimate the compressive strengths of 63
samples of 7 concrete types produced with zeolite and diatomite, which
they were exposed to the effect of MgSOy, at age of 2, 56 and 90-days
with ANFIS. In the study, the results obtained from the models and
the experimental results were statistically compared. According to these
results; They pointed out that the experimental results and the predic-
tion results are very close to each other and that the model created with
ANFIS is powerful and useful [26]. Armaghani and Asteris (2021) tried
to estimate the mortars’ compressive strength produced with metakaolin
substituted cement with ANN and ANFIS in their study. For this, they
compared the ANN and ANFIS models, which they created using the
experimental results they obtained from the literature. They used met-
akaolin/binder ratio, hydration age, water/binder ratio, maximum
aggregate diameter, binder/sand ratio, and superplasticizer values as
inputs, compressive strength values as output in the models. To deter-
mine performances of the values they obtained, they compared the best
ANFIS and the best ANN model by using statistical methods such as
RMSE, R?, al0 index, VAF and MAE. They stated that both ANFIS and
ANN models gave very good results according to the data determined by
statistical methods, but the results obtained with ANN were closer to the
real results [27]. In another study, Amin et al. (2021) tried to estimate
the mortars’ compressive strength produced with natural volcanic ash
by creating models with ANN and ANFIS techniques. They used around
150 data from the literature for training and testing the models. They
also produced mortar samples containing different ratios of volcanic
ash, and determined the compressive strength of these samples. They
used this data to confirm the results obtained from the models. Ac-
cording to the results obtained, they stated that the R? values of the
models created with both ANN and ANFIS were above 0.9, and therefore
the compressive strength values could be estimated well and accurately
[3].

The cement mortar samples’ compressive strength can be expressed
as one of the most important parameters among the determining factors
in cement production. Due to the cost and time-consuming nature of
performing compressive strength tests, many researchers are trying to
develop models to predict compressive strength simply and accurately
with artificial intelligence-based applications. For this reason, there are
many studies in the literature describing the compressive strength esti-
mation of various cementitious composites. However, it is known that
the compressive strength results differ according to the properties of the
cement and supplementary cementitious material used. For this reason,
it is thought that different physicochemical properties of cement,
pumice and diatomite used in the study will contribute to the literature.
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For this purpose, the compressive strengths of cement-based mortar
samples with or without pumice and diatomite have been examined
developing two different ANN and two different ANFIS techniques in
this study. Compressive strength results of 168 cement mortar samples
have been used to improve ANN and ANFIS models. Based on this
database, five parameters including age of samples (days), PC, pumice,
diatomite and water, were used as input parameters, while the value of
compressive strengths was used as output parameter. According to the
obtained data, it has been concluded that the developed ANN and ANFIS
models exhibit high reliability and very successful.

2. Experimental study

In the preparation of mortar samples, PC, pumice, diatomite, stan-
dard sand and water were used. PC is CEM I 42.5 R type cement pro-
duced at the Eskisehir GIMSA Plant (Turkey) compliant with TS EN 197-
1 standard [28]. [17]. Pumice and diatomite used as supplementary
cementitious materials in the preparation of the mortar samples were
provided from Isparta Betas and EP mineral commercial companies,
respectively. The pumice has been grounded in a ball mill for 30 min.

Microstructure analyses of PC, diatomite and pumice were deter-
mined with an FEI Quanta FEG 250 model device. The XRD patterns of
the materials were conducted with Rikagu SmartLab XRD device using
Cu Ka (A = 1.54 A°) radiation with the 26 range of 5° to 70°. FT-IR
analyses were determined with Shimadzu IRPrestige 21 device.Chemi-
cal analyses of PC, pumice and diatomite were performed by ARL 9900
Intellipower X-ray Analyzer. Specific gravity by Quanta Chrome MVP-1,
Blaine by Toni Technik 7202, and fineness determination by Hosokawa
200 LSN (air jet sieve) were performed.

The images of PC, pumice and diatomite are shown in Fig. 1a, 1b and
1c, respectively.

As can be seen from Fig. 1(a, b and c), PC, pumice and diatomite
contain porous structures. Moreover, while pumice has an irregular
plate shape and irregular morphology, diatomite has micropores struc-
tures of different sizes and shapes (Fig. 1-b and c). As seen from Fig. 1c,
the micropores of diatomite are usually connected, and intergranular
micropores have non-uniform shapes as their walls are composed of
haphazard spaced diatom frustules, detrited quartz and non—uniform
deposits of other mineral substances [29-31].

The XRD patterns of PC, pumice and diatomite are shown in Fig. 2.

According to XRD pattern of PC, the main components are 3Ca0SiO3
(C3S), 2Ca0SiO3 (C2S), 4Ca0. Aly03 3Fez03 (C4AF) and 3Ca0.Aly03
(C3A), (Fig. 2-a). Pumice has an amorphous structure consisted amor-
phous quartz (SiO3) material at 20 = 20-32°. And also, it has some
crystalline phases as calcite (CaCOs), anorthite (CaAl,Si;Og) and albite
(NaAlSi3Og) [29,32] (Fig. 2-b). The wide reflection in the range of 26 =
15-38° seen in diatomite shows that it also has an amorphous structure.
Furthermore, peaks at 20 = 34.86°, 27.61° and 21.76° are related to
quartz (Fig. 2-¢) [31,33].

The FT-IR patterns of PC, pumice and diatomite are shown in Fig. 3.

In FT-IR spectrum of PC, the strong band at 507 cm ™! related to the
Al-O bond appearing along with Si-O was observed. The peak at 902
cm ! is attributed to Si-O bond in cage structures. The peaks at 735 and
1124 cm™! are related to the existence of SO bonds, displaying the
plaster in PC. Band at 1413 cm™! is represented the CO¥ (Fig. 3-a)
[34-36]. As detected from the spectrum of pumice, the small band at
1424 cm™! is assigned by CH bonds. Strong peak at 997 em™! is asso-
ciated with symmetric stretching vibration of Si-O-(Si, Al) bonds.
Weaker peak at 708 cm™! can be allocated with Si-O bending strength
vibrations of amorphous quartz. The peaks at 542 and 435 cm™! can be
attributed to Al-O bond appearing along with Si-O (Fig. 3-b)
[29,37,38]. The peaks at 3388 cm ! and 1633 cm ™! seen in Fig. 3-c are
associated with the O-H group of water in diatomite. The strong peak at
1066 cm ™! indicates the stretching vibration of Si-O-Si group. The peak
at 798 cm ! are related the vibration of SiO-H group. The peaks at 448
and 551 cm ™! represent the bending vibration of Si-O (Fig. 3-c). These
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Fig. 1. The images of PC, pumice and diatomite viewed by electron microscope.

characteristic peaks indicate that diatomite is mainly composed of SiO5
[30,39,40].

Chemical and physical specifications of the PC, pumice and diato-
mite are given in Tables 1 and 2, respectively.

By the chemical compositions of PC, the chief components are CaO
and SiO., respectively. Furthermore, the PC contains Al;O3, SO3, FezOs,
MgO, and traces of Ky0, NayO, respectively. The chief components of
pumice are SiO; and AlyOs, respectively. Additionally, the pumice
contains K30, Naz0, CaO, Fe;03, and MgO and traces of SOs. The chief
components of diatomite are SiO». The high silica content indicates that
diatomite has pozzolanic activity. Also, the diatomite contains AlO3
and traces of FeyOs, CaO, MgO, NayO, K;O and SOs (Table 1).
Furthermore, the mass fractions of S + A + F for pumice and diatomite
are 76.76% and 88.75, respectively. This shows that pumice and diat-
omite comply with the specified conditions (S + A + F > 70%) to be
defined as natural pozzolan [41].

The Blaine of PC, pumice and diatomite are 3822, 2645 and 6112
cm?/g, respectively. The specific weight of PC, pumice and diatomite are
3.18, 2.70 and 3.18 g/cm?, respectively. The residue on the 45 pm sieve
of PC, pumice and diatomite are 3.2%, 40.5%, and 0.1%, respectively.
Also, the residue on 90 um sieve of PC, pumice and diatomite are 0%,
7.8%, and 0%, respectively (Table 2).

In the study, a total of seven different cement were used. These types
of cement have been produced by substituting pumice and/or diatomite
at the ratios of 0%, 5%, 10%, 5 + 5%, and 10 + 10%. The properties and
codes of the mortar mixtures prepared with these types of cement are
given in Table 3.

The cement mortar samples, which prepared according to the
mixture amounts in Table 3, were poured into three gang prism molds of

size 40x40x160 mm, and then each mold was placed in the jolting
apparatus and jolting according to the principles in TS EN 196-1 [42].
These mortar samples obtained were kept in the laboratory for 24 h.
After 24 h, these samples were taken out of the molds and placed in the
curing pool at a temperature of 20.0 + 1.0 °C. These samples were
removed from the curing pool at age of 2, 7, 28 and 90-days, dried with
the help of a cloth and properly broken from halves of the prism. A total
of 168 compressive strength results obtained from six half-prism mortar
samples for each cement and hydration day were determined under the
principles in the TS EN 196-1 standard [42].

3. Artificial neural network

ANN is one of the most generally used statistical models configured
from simulating organizational principles of the nervous system func-
tions [27,43]. ANN is developed by getting inspired by the real nervous
system and consists of series of interconnected neurons which are ar-
ranged in layers like the human brain [43,44]. ANN determines the
relationship between input—-output through a series of data structures
connected with a few neurons [43]. The ANN structure can either be
feed-forward or back-propagation neural network, and, every type of
ANN has its advantages and disadvantages for different data sets [3,43].
Feedforward neural networks utilize one-way link to establish relation
between input parameters and target values, and neurons in different
layers are also bonded with one-way setups [3]. Back propagation
neural network occurs of three main layers which are input layer, one or
a few hidden layers, and output layer. In these networks, signals are
obtained at the input layer and transferred to the first hidden layer for
processing. The values from every input neuron are then multiplied by
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Table 1
Chemical compositions of PC, pumice and diatomite.
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Materials Chemical composition, (% of oxides by weight)
SiO, Al,03 Fe,03 CaO MgO SO3 NaO K>0 Cl” LOI Free CaO
(O] (GY) (F)
PC 20.36 4.6 2.56 62.57 1.53 3.32 0.26 0.66 0.018 2.38 1.78
Pumice 56.32 16.51 3.93 4.84 1.87 0.23 5.18 5.09 0.01 2.65 -
Diatomite 85.69 2.1 0.96 0.54 0.32 0.03 0.25 0.18 0.013 9.97 -
Table 2 1
) N . . . y; =f(net) = ———=—— @
Physical specifications of PC, pumice and diatomite. 1+e > wyxitb

Specific gravity, g/cm® Blaine, cm?/g Range dimension

Materials (over sieve), %
>45 pm >90 pm
PC 3.18 3822 3.2 0.0
Pumice 2.70 2645 40.5 7.8
Diatomite 2.58 6112 0.1 0.0
Table 3
Properties and codes of the mortar mixtures.
Cement PC, Pumice, Diatomite, Water, Standard w/b
codes g g g g sand,
g
R 450 0 0 225 1350 0.5
P10 405 45 45 225 0.5
P20 360 920 90 225 0.5
D10 405 0 0 250 0.55
D20 360 0 0 270 0.6
P5D5 405 22.5 22.5 240 0.53
P10D10 360 45 45 250 0.55

every of the connection weights which are linking the input layer neu-
rons to hidden layer neurons [45]. Then, the input values for each
neuron of the hidden layer are summed, and a bias value is added
[43,46]. The calculated weighted sum is then passed through the acti-
vation function and presented to the output layer. Based on the feed-
forward and the back-propagation (Fig. 4), the outputs can be calcu-
lated as a sigmoid of logistic transfer function using Eq. (1) [21,25].

Feed forward

e
l <

Hidden
layer

Input
layer

Output
layer

Back-propagation

Fig. 4. Structure of backpropagation neural networks model [21].

InEq. (1), yjis the output signal, and f is the activation function in the
terms of the calculated network value (net). wy; is the connection weight
between neurons i and j in the lower and upper layers, respectively. x;
and b are the output of neuron i and bias value of the network,
respectively [25,46].

Among the ANN methods, backpropagation algorithms have been
commonly used to train neural network. Thus, feedforward back-
propagation neural network and Elman backpropagation neural
network have been used as the backpropagation algorithms in the study.

4. Adaptive network-based fuzzy inference system

ANFIS is a neural network based on the Takagi-Sugeno fuzzy system
that simulates human reasoning when dealing with complex nonlinear
problems where other classical approaches fail. ANFIS can take advan-
tage of both features in a single format by combining two separate
techniques as neural networks and fuzzy logic. In ANFIS, the reasoning
steps are performed with a fuzzy inference system, and the information
between the input and output variables of an engineering system are
defined as IF — THEN fuzzy rules [47-49]. Basic architecture of an ANFIS
algorithm for two input variables x and y depicts in Fig. 5.

The two IF-THEN rules stated in Eqgs. (2) and (3) are indicated
[47,50].

Rule 1- IF x is Aj, and y is By THEN fi=p; x+ q; y +r; (2)
Rule 2- IF x is A, and y is By THEN fo= ps x+ q2 y+ 12 3)

In Rules 1 and 2, A; and B; represent the membership functions for
inputs x and y, respectively, f; and f5 are the output function, and p;, qj,
and r; are the consequent parameters.

The expressions of these layers in the Fig. 5 can be stated as stated
below [3,47-511:

Layer 1: In this layer named fuzzification layer, the output of every
point is the membership degree value, which gives by the inputs of the
membership functions. In this layer, the required values such as mem-
bership functions in Egs. (4) and (5) are shown.

o1 = ,“A(i) (x),fori =12, ()]

o1 = UBi_2)(y),fori = 3,4 5)

In Egs. (4) and (5), i is the number of input variables, uA;anduB;_o)
are the membership functions for fuzzy set A; or B;.,, respectively. o;; is
shown in Eq. (6).

011 = pA;(x) S (6)
' ' 1+ [(x—c)/a: ]

In Eq. (6), a;, b; and c; are the variables that influence membership
functions.

Layer 2: Each node in this layer, which is called the rule layer, is
determined by the fuzzy extraction of a rule and the algebraic multi-
plication operator. 0;, is shown in Eq. (7).

012 = wi= pA;(x).puB;(y)igini = 1,2, ..n )
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Fig. 5. Basic architecture of an ANFIS algorithm for two input variables.

In Eq. (7), wj is firing strength of a rule.

Layer 3: Each node in this layer, which is called the normalization
layer, is determined by the ratio of each the node’s weight to the sum of
the nodes’ weights. 053 is shown in Eq. (8).

Wi

———————jcini=1,2,---.,n 8
W1+W2+"'+WW§ ' ()

03 =W =
In Eq. (8), w; is normalized firing strength.
Layer 4: Each node in this layer, which is referred to as the defuz-
zification layer, is determined by multiplying the node function with the
normalized output. Results obtained from this layer (0;4) is shown in Eq.

9).
014 = Wiy = Wi(pix + qix + ri)igini = 1,2, .,n ©

In Eq. (9), p;, q; and rj are consequent parameters.

Layer 5 (Output layer): This layer called summation layer consists of
a single node that generates the summation of all incoming signals from
preceding layers. Results obtained from this layer (o0;5) is shown in Eq.
(10).

o =Y Wifi = %@mi = 1,2,n 10)

5. Experimental design and model parameters

To model the cement mortar samples’ compressive strength, two
ANN and two ANFIS models were developed. In the models, the
following five parameters including age of samples (days), PC, pumice,
diatomite and water were considered as the input parameters of ANN
and ANFIS models. The cement mortar samples’ compressive strength is
the output. The input and output quantities used in ANN and ANFIS
models are given in Table 4. In these models, 168 data obtained from
experimental results were used for the training of the models. According
to the TS EN 196-1 standard, the compressive strength test result is
calculated as the arithmetic average of six different results obtained

Table 4
The range of variables of ANN and ANFIS models.
Variable properties Variables Minimum Maximum
Input Age of samples (days) 2 90
PC (g) 360 450
Pumice (g) 0 90
Diatomite (g) 0 920
Water (g) 225 270
Output Compressive strength, MPa 17.4 62.7

from six determinations made on three prism sets [42]. Therefore, 28
experimental data, which are determined by the average of six mortar
samples produced for each cement, were used for testing models.

Two statistical methods were used to analyse the effect of each input
variable of the ANN. In the first, the sensitivity levels of the input var-
iables are computed by using SPSS 22.0 software package and correla-
tions of the aforementioned variables are shown in Fig. 6. In the second,
correlations between model parameters and variance inflation factor
(VIF) values have been determined, and the results have been shown in
Table 5.

When Fig. 6 is examined, it is seen that the “time” variable has a very
important contribution to the output variables. It is also seen that the
contribution of other input variables is approximately equal.

According to Table 5, when the correlation between the input vari-
ables is examined, it can be stated that there is a significant relationship
between each other except for the diatomite variable (¢ < 0.8). How-
ever, it is seen that the degree of relationship between diatomite variable
and water is low (c = 0.996). According to the relationship between
compressive strength, which is the output variable, and the input vari-
ables, the highest correlation is between time variable (c = 0.835); the
lowest correlation is between diatomite variable (¢ = -0.172). When the
VIF is examined, it is seen that there is a one-to-one multicollinearity
relationship between the time input variable and the output variable
(Time VIF = 1), while there are nonlinear relationships between the
diatomite input variables (30 < VIF). These results show that the choice
of ANN, which is a model that does not consider linear relationships, is
correct. According to both statistical methods, it can be said that the
hydration age (day) input variable has a very important contribution to
the output variables.

ANN models, called ANN-1 and ANN-2, consists of a feedforward
backpropagation neural network (Fig. 7-a) and Elman backpropagation
neural network (Fig. 7-b), respectively. Training parameter values of
ANN models are given in Table 6.

To avoid overfitting, the training process was terminated at different
times during the training of the ANN models.

In the creation of ANFIS models, determining the properties of
membership functions is of primary importance for the success of the
model. To determine these features optimally, a literature review was
made, and studies on similar subjects were examined. As a result of the
research, different epochs and learning algorithms were tried by
choosing two different membership functions as “tri” (triangular-sha-
ped) and “Psig” (product of two sigmoidal). The shape of fuzzy sets is
preferred over the change of the crisp values and the membership
function degree of the set. For example, if the change is linear, a trian-
gular or trapezoidal membership function may be preferred. While
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Fig. 6. Degree of importance of the input variables.

Table 5
Correlations between model parameters with VIF values.
Pearson Correlation Compressive strength, MPa Time (day) PC Diatomite (g) Pumice (g) Water (g) Statistics (VIF)
@
Compressive strength, MPa 1.000 0.835 0.242 -0.172 —0.072 —0.166
Time (day) 0.835 1.000 0.000 0.000 0.000 0.000 1
PC(g) 0.242 0.000 1.000 —0.505 —0.505 —0.495 119.643
Diatomite (g) -0.172 0.000 —0.505 1.000 —0.489 0.996
Pumice (g) —0.072 0.000 —0.505 —0.489 1.000 —0.496 119.739
Water (g) —0.166 0.000 —0.495 0.996 —0.496 1.000 118.095
a. ANN-1
Hidden Layer 1 Hidden Layer 2 Output Layer
5
b. ANN-2

Fig. 7. The architecture of ANN models for compressive strength.

determining the shape of the fuzzy set, it is used according to empirical parameter values of the selected ANFIS 1 and 2 models are given in
data or professional experience. If the appropriate membership function Table 7. In addition, the membership functions of the inputs of the
is selected, the training performance will be high [52]. The total ANFIS-1 and 2 models are depicted in Figs. 8 and 9, respectively.
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Table 6

Training parameter values of ANN models.
Parameter values ANN-1 ANN-2
Input layer neuron numbers 5 5
Layer numbers 3 3
Hidden layer numbers 2 2
First hidden layer neuron numbers 10 10
Second hidden layer neuron numbers 5 5
Output layer neuron number 1 1
Epoch numbers 37 41
Learning cycle 0 6
Error after learning 6.13x10°1° 2.17

Table 7

The parameter values of ANFIS models.
Parameters ANFIS-1 ANFIS-2
Structure of fuzzy Sugeno Sugeno
Output membership shape Constant Constant
Input membership shape Tri Psig
Input numbers 5 5
Output number 1 1
Total parameter numbers 288 303
Nodes 524 524
Linear parameter numbers 243 243
Nonlinear parameter numbers 45 60
Training data pair numbers 168 168
Fuzzy rule numbers 243 243
ANFIS training start error 2.42 1.5
Error after learning 2.34 1.5
Epochs 300 300
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6. Results and discussion

In the training and testing stages, the comparison between the
compressive strengths data obtained from the experiments and pre-
dicted values obtained from the ANN-1 and ANN-2 models are depicted
in Figs. 10 and 11, respectively.

In the testing stages, the comparison between the compressive
strengths data obtained from the experiments and predicted values ob-
tained from the ANFIS-1 and ANFIS-2 models are depicted in Fig. 12.

The accuracy of the developed network models has been evaluated
with three performance indicators. The performance indicators are co-
efficient of determination (Rz), a root-mean squared error (RMSE) and
mean absolute percentage error (MAPE), and, they are calculated with
the following Equations [53,54].

RP=1— S i)

1)
Ziv:](rifym)z
RMSE—\/Ii( —r)? 12)
A Vi —Ti
mape =10 XN: i 13)
o n Py r;

In the Equations: N = total number data; y;
actual data; y,, = average of the actual data.

Statistical data calculated in the training and testing stages of ANN-1
and ANN-2 models are depicted in Figs. 13 and 14, respectively. Sta-
tistical data in the test stages of ANFIS-1 and ANFIS-2 models are
depicted in Fig. 15.

The RZ, RMSE and MAPE results of the ANN-1 (Fig. 13-a) and ANN-2
(Fig. 13-b) models in the training process were calculated as (0.9995,

predicted data; r; =
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Fig. 8. Shapes of membership functions for the input variables of ANFIS-1 models.
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Fig. 9. Shapes of membership functions for the input variables of ANFIS-2 models.
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Fig. 10. Comparison of predicted values obtained from ANN models with actual values during the training stages.

0.9995), (0.3101, 0.3016) and (0.0064, 0.0066), respectively. During
the testing process, the R%, RMSE and MAPE results of the ANN-1
(Fig. 14-a) and ANN-2 (Fig. 14-b) models were calculated as (0.9999,
0.9999), (0.1295, 0.1077) and (0.0024, 0.0025), respectively. The RZ,
RMSE and MAPE results of the ANFIS-1 (Fig. 15-a) and ANFIS-2 (Fig. 15-
b) models in the testing process were calculated as (0.9723, 0.9889),
(2.3271, 1.4777) and (0.0607, 0.0360), respectively.

Considering the R? value in the ANN and ANFIS models, it is seen
that these values are very close to one. It can be stated that the estimated
compressive strength values strongly reflect the truth, even in the

ANFIS-1 model which has the smallest R? (0.9723) value. When the
RMSE values in all models are taken into account, it is seen that these
values are very close to zero. This shows that the estimated results are
very close to the actual compressive strength values. The MAPE results
in both ANN and ANFIS models are below 10%, indicating that these
models have a “high accuracy” rating or can be classified as “very good™.
It can be stated that the cement mortar samples’ compressive strength
can be estimated with an accuracy of 99.75% with the ANN-2 model and
96.40% with the ANFIS-2 model, according to these results. Considering
all the statistical indices in both the training and testing processes, it can
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Fig. 11. Comparison of predicted values obtained from ANN models with actual values during testing stages.
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Fig. 12. Comparison of predicted values obtained from ANFIS models with actual values during the testing stages.

be stated that the compressive strength estimates at age of 2, 7, 28 and
90-days obtained from the ANN model are very close to the real values.
The high performance of ANN models in the training process made us
very nervous about overfitting. However, the high-performance results
of the test data relieved us and made us think that there was no over-
fitting process. We thought that the reason for the high learning per-
formance was due to the not too much data and also the fact that the
“Date” input variable had a very high effect on the output, as seen in
Fig. 6.

To evaluate the effectiveness of these models, the results have been
compared with error measurements from previous studies in this area
(Table 8).

When the data obtained are compared with the models in other
studies in the field (Table 8), it can be stated that the ANN and ANFIS
models are positive.

To examine each test result one by one and to see the errors more
clearly, the actual values on the hydration days and the compressive

10

strength values estimated by the ANN and ANFIS models were
compared. Compressive strength values at age of 2-day are depicted in
Fig. 16, and errors with percentage differences among the results are
given in Table 9.

According to the actual compressive strength values of the cement
mortar samples at age of 2-day, the highest value with 30.78 MPa in the
R coded mortar, while the smallest value of 17.88 MPa in the D20 coded
mortar was obtained (Fig. 16). Furthermore, it was determined that the
most change was in the ANFIS-1 model with 12.82% percent difference
and —3.00 MPa error in P20 coded mortar, and the least change was in
the ANN-1 model with 0.0% percent difference and 0.0 MPa error in
P10D10 coded mortar (Table 9).

Compressive strength values at age of 7-day are depicted in Fig. 17,
and errors with percentage differences among the results are given in
Table 10.

According to the actual compressive strength values of the cement
mortar samples at age of 7-day, the highest value with 43.60 MPa in the
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Fig. 14. Statistical properties of the data in the testing process in the ANN models.

R coded mortar, while the smallest value of 28.78 MPa in the 20D coded
mortar was obtained (Fig. 17). Furthermore, it was determined that the
most change was in the ANFIS-1 model with 13.40% percent difference
and 3.77 MPa error in P20 coded mortar, and the least change was in the
ANN-2 model with 0.0% percent difference and 0.0 MPa error in P10
coded mortar (Table 10).

Compressive strength values at age of 28-day are depicted in Fig. 18,
and errors with percentage differences among the results are given in
Table 11.

According to the actual compressive strength values of the cement
mortar samples at age of 28-day, the highest value with 54.67 MPa in the
R coded mortar, while the smallest value of 44.92 MPa in the P20 coded
mortar was obtained (Fig. 18). Furthermore, it was determined that the
most change was in the ANFIS-1 model with —1.93% percent difference
and —0.88 MPa error in P20 coded mortar, and the least change was in
the ANN-1 model with 0.01% percent difference and 0.01 MPa error in R
coded mortar (Table 11).

Compressive strength values at age of 90-day are depicted in Fig. 19,

11

and errors with percentage differences among the results are given in
Table 12.

According to the actual compressive strength values of the cement
mortar samples at age of 90-day, the highest value with 59.95 MPa in the
R coded mortar, while the smallest value of 50.18 MPa in the D20 coded
mortar was obtained (Fig. 19). Furthermore, it was determined that the
most change was in the ANN-2 model with —0.29% percent difference
and —0.17 MPa error in D10 coded mortar, and the least change was in
the ANN-1 and ANN-2 models with 0.0% percent difference and 0.0 MPa
error in D20 and R coded mortar samples (Table 12).

Observed results imply that both ANN and ANFIS models yield
highly accurate prediction performance. Particularly, ANN introduces
the best prediction performance and minimum error rates.

7. Conclusion

In this study, two ANN and two ANFIS models were exploited for the
prediction at age of 2, 7, 28, and 90-days compressive strength of the
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Fig. 15. Statistical properties of the data in the testing process in the ANFIS models.

Table 8
Error measurements for predicting compressive strength in the testing process in
the ANN and ANFIS models suggested by other researchers.

References Models R? RMSE MAPE

Present study ANN-1 0.9999 0.1295 0.0024
ANN-2 0.9999 0.1077 0.0025
ANFIS-1 0.9723 2.3271 0.0607
ANFIS-2 0.9889 1.4777 0.0360

[3] ANN 0.8600 4.3800 0.0333
ANFIS 0.9600 2.3700 0.0199

[24] ANN 0.9974 1.2315 0.4200

[27] ANN 0.9743 2.7400 0.0563
ANFIS 0.9909 2.0975 0.0516

[54] ANN 0.9976 0.3521 0.0042
ANFIS 0.9879 0.7827 0.1060

[55] ANN - 1.7000 0.0241
ANFIS - 0.0400 0.00027

[56] ANN 0.9700 6.7000 0.0498

[57] ANN 0.9970 0.9260 -
ANFIS 0.9980 0.8240 -

[58] ANN 0.9357 14.370 -
ANFIS 0.9483 0.0003 -

[59] ANN 0.9438 8.7100 -
ANFIS 0.9518 10.900 -

[601] ANN 0.8510 2.4230 0.0199
ANFIS 0.8790 2.2650 0.0165

seven different cement mortars, which contain pumice and/or diato-
mite. While developing these four models, 168 data were used for
training, and 28 data were used for testing.

According to the findings from the study;

e According to SEM images, diatomite and pumice contain porous
structures. Moreover, while diatomite has micropores structures of
different sizes and shapes, pumice has an irregular plate shape and
irregular morphology.

e According to the XRD results, PC has a crystalline structure, while
Pumice and diatomite have amorphous structures composed of
quartz (Si03).

e According to the FT-IR results, pumice and diatomite are mainly
composed of SiO, and appeared to have a similar structure to those
reported in the literature.
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e According to chemical analysis, pumice and diatomite have the
properties specified in the standards for a natural pozzolan and are
positive for pozzolanic properties (SiOy + AlyO3 + FeoO3 > 70%).
As a result of the particle size analysis, the particles of zeolite are
coarse, the ones of PC are medium and the ones of diatomite are fine.
e When specific gravities and Blaine values are considered, 3.18 g/cm®
and 3822 cm?/g for PG, 2.70 g/cm® and 2645 cm?/g for pumice, and
2.58 g/cm® and 6112 cm?/g for diatomite, respectively. Therefore,
diatomite has the lowest specific gravity and the highest Blaine
value.
e The compressive strength values of cement mortar samples vary
depending on the pozzolanic material type, substitution rate and
hydration time. While pumice and/or diatomite substituted mortars
show significant losses in compressive strength on the 2-day and 7-
day, they continuously increase in compressive strength especially
on 28-day and 90-day. The healing effect on the compressive
strength of pumice and/or diatomite shows up mainly on the 90-day.
Obtained experimental data showed that pumice and/or diatomite
had lower pozzolanic activity at early ages, but increased pozzolanic
activity at later ages. This, in turn, led to an increase in compressive
strength at later ages. In addition, it was determined that the
compressive strength values of all mortar samples containing 10%
and 20% pumice or diatomite at 28-day were above the minimum
value of 42.5 MPa specified in the TS EN 197-1 standard. These re-
sults show that it will save up to 20% from Portland cement. More-
over, at 90-day, the compressive strength of P5D5 coded cement
mortars has been obtained higher than that of the reference cement
mortar.
When comparing the prediction and the experimental values in the
testing stage R2, RMS and MAPE were found as 0.9999, 0.1295,
0.0024 for ANN-1, 0.9999, 0.1077, 0.0025 for ANN-2, 0.9723,
2.3271, 0.0607 for ANFIS-1, 0.9889, 0.1477, 0.0360 for ANFIS-2,
respectively.

According to the data obtained, it has been seen that these models
can make very good predictions for cement mortars’ compressive
strength values. For this reason, it can be said that the compressive
strength of these cement mortars can be estimated with a very small
error and in a short time with both ANN and ANFIS models. However,
the experimental studies in this study are limited to pumice and/or
diatomite and only CEM I 42.5 R type Portland cement. This caused the
prediction results to be so good. In future studies, more inclusive results
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Fig 16. Comparison of compressive strength values at age of 2-day.

Table 9

Comparison of errors among compressive strength values at age of 2-day.
Cement coded ANN-1 ANN-2 ANFIS-1 ANFIS-2

Error, MPa Percentage difference, Error, MPa Percentage difference, Error, MPa Percentage difference, Error, MPa Percentage difference,
% % % %

R —0.45 —1.43 —0.23 -0.73 —3.72 -10.77 —2.62 —7.83
P10 —0.02 —0.08 —0.02 —0.08 -3.20 -11.31 —-2.10 —7.72
P20 0.12 0.59 —0.05 —0.24 -3.00 -12.82 -1.90 —8.52
D10 —0.06 —0.28 0.24 1.05 —2.63 -10.37 -1.13 —4.74
D20 0.15 0.86 0.16 0.92 —2.42 —11.90 —-1.22 —6.37
P5D5 0.05 0.21 -0.12 —0.51 —-2.75 —10.50 -1.75 —6.94
P10D10 0.00 0.00 —0.02 —0.08 —2.02 -9.21 —0.82 —3.95
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Fig. 17. Comparison of compressive strength values at age of 7-day.

Table 10

Comparison of errors among ocompressive strength values at age of 7-day.
Cement coded ~ ANN-1 ANN-2 ANFIS-1 ANFIS-2

Error, MPa Percentage difference, Error, MPa Percentage difference, Error, MPa Percentage difference, Error, MPa Percentage difference,
% % % %

R 0.30 0.69 0.17 0.39 4.70 12.08 3.50 8.73
P10 0.01 0.04 0.00 0.00 4.03 12.22 2.83 8.28
P20 0.02 0.05 0.08 0.24 3.77 13.40 2.57 8.76
D10 0.05 0.15 0.09 0.26 3.35 10.81 1.95 6.02
D20 0.00 0.00 0.20 0.71 2.98 11.56 1.58 5.82
P5D5 —0.13 —0.38 0.06 0.16 3.17 9.90 1.67 4.98
P10D10 0.03 0.10 0.03 0.10 2.50 9.06 1.00 3.44
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Fig. 18. Comparison of compressive strength r values at age of 28-day.

Table 11

Comparison of errors among compressive strength values at age of 28-day.
Cement coded ANN-1 ANN-2 ANFIS-1 ANFIS-2

Error, MPa Percentage difference, Error, MPa Percentage difference, Error, MPa Percentage difference, Error, MPa Percentage difference,
% % % %

R 0.07 0.12 0.01 0.01 —1.03 -1.86 —0.93 —1.68
P10 0.23 0.47 -0.11 -0.21 -0.97 -1.91 -0.77 —1.52
P20 0.04 0.08 0.02 0.04 —0.88 -1.93 —0.68 —1.50
D10 —0.02 —0.03 —0.04 —0.07 —0.82 -1.56 —0.82 -1.56
D20 0.04 0.09 0.03 0.07 —0.80 -1.72 —0.40 —0.87
P5D5 —0.02 —-0.03 —0.06 —0.11 —-0.87 —-1.61 0.13 0.25
P10D10 —0.10 —0.20 0.08 0.16 —0.60 —1.22 —0.20 —0.41
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Fig. 19. Comparison of compressive strength values at age of 90-day.

Table 12

Comparison of errors among compressive strength values at age of 90-day.
Cement coded ANN-1 ANN-2 ANFIS-1 ANFIS-2

Error, MPa  Percentage difference, Error, MPa  Percentage difference, Error, MPa  Percentage difference, Error, MPa  Percentage difference,
% % % %

R 0.02 0.03 0.00 0.00 0.05 0.08 0.05 0.08
P10 0.15 0.26 0.01 0.02 —0.02 —0.03 —0.02 —0.03
P20 0.00 0.01 0.10 0.18 0.03 0.06 0.03 0.06
D10 -0.07 -0.12 -0.17 -0.29 0.05 0.09 —0.05 -0.09
D20 0.00 0.00 0.02 0.05 —0.02 —0.03 —0.02 —0.03
P5D5 0.08 0.13 —0.16 —0.25 0.08 0.13 0.08 0.13
P10D10 0.02 0.04 0.02 0.04 0.13 0.24 0.03 0.06
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can be obtained by developing these models with other cement types
and different supplementary cementitious materials.
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