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ABSTRACT: The contribution to global CO, emissions from concrete production is increasing. In this paper,
the effect of concrete mix constituents on the properties of concrete and CO, emissions was investigated. The
tested materials used 47 mixtures, consisting of ordinary Portland cement (OPC) type I, coarse aggregate, river
sand and chemical admixtures. Response surface methodology (RSM) and particle swarm optimisation (PSO)
algorithms were employed to evaluate the mix constituents at different levels simultaneously. Quadratic and line
models were produced to fit the experimental results. Based on these models, the concrete mixture necessary
to achieve optimum engineering properties was found using RSM and PSO. The resulting mixture required
to obtain the desired mechanical properties for concrete was 1.10-2.00 fine aggregate/cement, 1.90-2.90 coarse
aggregate/cement, 0.30-0.4 water/cement, and 0.01-0.013 chemical admixtures/cement. Both methods had over
94% accuracy, compared to the experimental results. Finally, by employing RSM and PSO methods, the number
of experimental mixtures tested could be reduced, saving time and money, as well as decreasing CO, emissions.
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Response surface method.
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RESUMEN: Prediccion de las propiedades mecanicas de un hormigon utilizando técnicas inteligentes para reducir
las emisiones de CO,. La contribucion a las emisiones globales de CO, debidas a la produccion de hormigdn esta
aumentando. En este trabajo, se investigo el efecto de los componentes de la mezcla de hormigoén en las propiedades
del mismo y las emisiones de CO,. Los materiales estudiados fueron 47 mezclas, que consistieron en cemento Portland
ordinario (OPC) tipo I, arido grueso, arena de rio y aditivos quimicos. Se utilizaron algoritmos de metodologia de
respuesta de superficie (RSM) y optimizacion de nube de particulas (PSO) para evaluar los componentes de la mez-
cla a diferentes niveles simultaneamente. Se elaboraron modelos cuadraticos y lineales para ajustar los resultados
experimentales. Basandose en estos modelos, utilizando RSM y PSO, la mezcla de hormigon logrd propiedades
optimas de ingenieria. La mezcla resultante requerida para obtener las propiedades mecanicas deseadas para el hor-
migoén fue de 1.10-2.00 arido fino / cemento, 1.90-2.90 arido grueso / cemento, 0.30-0.4 agua / cemento y 0.01-0.013
aditivos quimicos / cemento. Ambos métodos tuvieron mas del 94% de precision, en comparacion con los resultados
experimentales. Finalmente, al emplear los métodos RSM y PSO, el nimero de mezclas experimentales probadas
podria reducirse, ahorrando tiempo y dinero, asi como disminuyendo las emisiones de CO,.

PALABRAS CLAVE: Emision de CO,; Propiedades mecanicas del hormigén; Disefio Optimo de la mezcla;
Optimizacion por nube de particulas; Método de respuesta de superficie.
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1. INTRODUCTION

One of the most utilised construction materials
in the world is concrete. The concrete industry is
also a significant source of CO, gas emissions (1-3).
Approximately one cubic meter of concrete is pro-
duced per person annually (4). Ordinary Portland
cement (OPC) has traditionally been the binder
material in concrete, whereas aggregate, water and
chemical admixtures have been used as the mix con-
stituents in the production of normal concrete. As a
result, CO, is emitted from concrete, in the range of
800 kg-820 kg per one ton of produced cement (5).
Some studies have indicated that CO, emissions can
be as high as 700 kg-1000 kg to produce 1000 kg of
cement (6, 7). The production of coarse aggregate
and fine aggregate also emits 45.9 kg-CO,-e/ton (5)
and 13.9 kg CO,-e/ton (5), respectively.

Statistical methods, such as a design of experi-
ments (DOE), are an accurate framework used to
understand the connections between variables, for
instance, those affecting mix design proportion
(8-10). However, casting several trial mixtures in the
laboratory requires a notable quantity of raw mate-
rials, including cement, water, chemical admixtures,
coarse aggregate and fine aggregate. Thus, CO,
emission will increase (1). The production of the raw
materials and transport can also increase the con-
sumption of energy, and thereby lead to increased
CO, emissions (11). Therefore, the aim of this study
is to optimise mixture design for normal concrete
using a DOE along with PSO methods to reduce
CO, emissions. Additionally, compressive strength,
flexural strength, and splitting-tensile strength were
tested to evaluate the mechanical properties of the
concrete.

Concrete properties can be affected by the physi-
cal properties of the aggregate and the cement
paste. These factors can significantly influence the
mechanical properties of concrete, including the
compressive, flexural and splitting strength. Other
factors can influence the mechanical properties of
normal concrete, such as the water/cement ratio,
the coarse aggregate/fine aggregate ratio, and the
cement quantity. Due to using the same material
properties in all 47 mixtures in this study, the physi-
cal and micromechanical properties of the concrete
did not change from sample-to-sample. Therefore,
very little effect can be achieved in final model equa-
tions, thus, using another factors instead of mate-
rials quantities can led to the similar results in the
final models equations of DOE and PSO methods.
By utilising a statistical method in this study, the
quantities of materials will be easy to control as the
main factors in the analysis. The five main control
factors in the DOE and the PSO methods included
the material quantities of cement, coarse aggre-
gate, fine aggregate, the water-cement ratio, and the
chemical admixtures/superplasticiser (SP).

2. OVERVIEW OF THE LITERATURE USING
INTELLIGENT TECHNIQUES

The DOE method, using a response surface
methodology (RSM) technique defines a suitable
model necessary to create a relationship between
the factors and the various responses (9, 10, 12).
Generally, artificial intelligence (Al) techniques are
adopted within prediction, optimisation, classifica-
tion, and visualization. DOE has been widely used
in engineering fields (13). The main objective of
optimisation methods is to achieve values from a set
of parameters, which maximise and minimise objec-
tive functions subject to constraints. Some studies
have suggested using the particle swarm optimisa-
tion (PSO) algorithm to improve the techniques
(14, 15). Optimisation methods using PSO apply
the behaviour of flocking birds. The PSO method is
based on a randomly initialised population. It can
solve engineering problems using very few parame-
ters, avoiding trial and error, to find the appropriate
coefficients of the proposed model. PSO has been
used successfully in structural engineering (16-20).

In this study, factorial design of experiments
(DOE) and PSO were applied to evaluate several
factors in different concrete mixtures. A 47 mixture
design was used in the DOE program and the PSO
method solved the appropriate equations required
to assess concrete strength, splitting strength, and
flexural strength. The purpose of this study was to
identify the best mixture recipe in order to achieve
optimum performance of the concrete, while
decreasing CO, emissions. The interaction between
the mixture contents was modelled using central
composite design (CCD). The predicted accuracy of
these equations was expected to be up to 94.00% of
the experimental results. The equations can be used
in future to determine the required compressive
strength, splitting strength and flexural strength of
concrete, thereby saving time and reducing concrete
material waste resulting from a number of trial and
error mixtures.

The CO, emissions ranged from 820 kg-CO,-¢/
ton to 927 kg-CO,-¢/ton for the production of one
ton of cement (21). In contrast, other studies have
cited that the CO, emissions reached 1000 kg-CO,-
e/ton (6, 7). The manufacture of one ton of coarse
aggregate and one ton of fine aggregate produce
45.90 kg-CO,-e/ton (5) and 13.90 kg- CO,-e/ton
(5), respectively. One litre of SP produces 5.20 x 10~
kg-CO,-¢ (22). Thus, by using the equations from
this study, instead of conducting multiple experi-
mental trials, the overall cost and the CO, emissions
will be greatly reduced. The prediction/optimisation
was conducted to estimate the cement content rec-
ipe in order to produce the required performance.
Generally, the predicted values will provide lower
cement content than an experimental result, owing
to the number of iterations.

Materiales de Construccion 69 (334), April-June 2019, €190. ISSN-L: 0465-2746. https://doi.org/10.3989/mc.2019.07018


https://doi.org/10.3989/mc.2019.07018�

Predicting the Mechanical Properties of Concrete Using Intelligent Techniques to Reduce CO, Emissions ¢ 3

3. EXPERIMENTAL PROCEDURE
3.1. Material properties

Table 1 presents the materials properties.
Ordinary Portland Cement (OPC) Type I, confirm-
ing with British Standard, BS EN 197-1:200 is used.
The properties of the cement used is presented in
Table 1. The coarse aggregate size was between
(5.0-12.50) mm and the fine aggregate size was less
than 4.75 mm. The physical properties of the aggre-
gate are also presented in Table 1.

3.2. Concrete mixing and casting

A rotating drum mixer was used to produce the
normal concrete mixtures. The sequence batching
was as follows: Coarse aggregate was dry mixed
with fine aggregate and cement for 60 seconds;
Water and chemical admixtures were then added
to the dry mixture gradually, while mixing, so as
to create a homogenous concrete mixture; Mixing
continued for up to 3.0 minutes until the uniformity
was deemed acceptable. The concrete was then cast
in various moulds.

The dimensions of the cube and cylinder sam-
ples used were 100 x 100 x 100 mm and 300 mm
in height x 150 mm in diameter, respectively. The
samples were tested to evaluate the concrete’s com-
pressive strength. In addition, prism and cylindri-
cal samples of dimensions 100 x 100 x 500 mm and
300 mm height x 150 mm in diameter were used to
evaluate the flexural and splitting tensile strength,
respectively. The specimens were de-moulded after
24 hours and cured in water according to ASTM

TABLE 1. Material properties

Chemical Compound % by
Properties composition of cement mass
Oxides Cement
CaO 64.00 CsS 58.62
Si0, 20.29  GC,S 13.95
SO, 2,61 GCA 9.26
Fe,0, 294 CAF 8.95
Al O, 5.37
MgO 3.13  Physical Properties
P,Oq 0.07  Cement
Al O4 5.37  Specific gravity 3.15
Granite
Specific Gravity 2.63
Moisture Content (%) 0.28
Water Absorption (%) 0.58

Aggregate Crushing Value (%) 17.9

C192 (23). After 28 days of curing, the compres-
sive, splitting and flexural strength were tested, as
depicted in Figure 1.

4. RESPONSE SURFACE METHODOLOGY
(RSM)

RSM involves the optimisation of parameters
using experimental results in order to understand
the interactions between the parameters and reduce
the number of runs required in experiments (24-27).
Hence, it has been used for many applications in
civil engineering to evaluate the optimisation of mix
proportions in concrete and pavement design (12,
28, 29). RSM has become more popular in recent
years (9, 10, 12, 28-30). Accordingly, Design-Expert
version 10.0 was used in this study to determine the
optimum equations for the responses of the con-
crete through experimental and statistical analyses.
For the purpose of this study, the effect of five fac-
tors and four responses were investigated utilising a
47 mixture matrix by applying Central Composite
Design (CCD). The numerical variables were trans-
ferred to the coded form using equation [1]:
X = (Xi—-X.) 1]

AX

where, x; defines the iy, independent factor using
the coded value, Xi and X, are the actual values at
the centre point, and AX is defined as the change in
the iy, variable.

A 47 experimental mixtures run were adopted to
determine the relationship between the factors and

the responses. The dependent variables were calcu-
lated using equation [2] (31, 32):

Y =B+ Z Bixi +zn: Bixt +i2ﬂijxixj te [2]
i=1 i=1

=1 j=1

where Y refers to the response value through
calculation, and £, is a constant. x; and x; represent
independent variables in coded form. The coefficient
S represents the linear term, while £, represents
the quadratic term. £is the random error, f; is the
coefficient of interaction term, and » represents the
number of studied factors. An analysis of variance
(ANOVA) was applied to evaluate the output. The
coefficient R* and Rzadj determined from equations
[3] and [4], were calculated to evaluate the accuracy
of the su%gested model (33). The preferred values of
R*and R aqj Should be greater than 0.80.

SS, residual

R =1-
SSmodel + SSresidual

3]

S S residual / D Ees[dual

2 = -
R"d] 1 (SSmodel +SSrexidual )/(DFmod el +DE‘e.&‘idual

4
)
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FIGURE 1. Experimental work of (a) concrete samples after de-moulding, (b) curing of samples, (c and d) compressive strength test,
(e) flexural strength test, and (f) splitting-tensile strength test

where S is the squares summation and DF rep-
resents the degrees of freedom. In order to evaluate
the significance of the model, the adequate preci-
sion (AP) was checked using equations [5] and [6]
and an F-test.

max(Y)—min(Y) [5]
7 (Y)

Adequate Precision (AP) =

=2y o= 6]

where p is the parameter number of the model, Y
refers to the response of the predicted value, n is the
number of experiments, and ¢~ is the mean of the
residual square. Upon completion of the F-test, the
insignificant terms in the model were identified and
eliminated, which was followed by the introduction
of the finalized model.

5. MODELLING OF CONCRETE
RESPONSES USING PARTICLE
SWARM OPTIMISATION (PSO)

Optimisation is required to create a two-
dimensional (2D) method for 47 mixtures of

normal concrete. The key points taken into account
in its enhancement are as follows:

1. The objective function must be formulated.

2. Solving the optimisation problem requires a
clear method.

3. The convergence criteria must be defined.

The itemised points are further expanded upon
in the next sections.

5.1. Objective function

The main objective for using PSO in this study
is to optimise the responses of the 47 mixtures of
concrete in order to find the appropriate equa-
tions. The optimisation was based on the five fac-
tors, which were the quantity of cement, water, fine
aggregate, coarse aggregate, and SP. The factor set
was defined as a known coefficient; i.e. F,, F,, F5,
F4, Fsand F solution space. In the equations, F,
represented the constant factor, and F,, F;, F,,
Fs and F, represented the constant multiplied by
the quantities of cement, fine aggregate, coarse
aggregate, water and SP, respectively, in order to
increase or decrease the mix proportion of each
material. The responses as aforementioned were
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the compressive strength (cylindrical and cube),
the flexural strength, and the splitting-tensile
strength. The calculated results of the responses
were predicted using the experimental values to
ensure accuracy. The coefficients of the responses
that maximised or minimised the objective func-
tion were then determined. The convergence of the
suggested model was also defined. The suggested
models were simulated using the MATLAB R2014a
program in order to optimise the responses. The
mean absolute error (MAE) and correlation coef-
ficient (R*) were used as targets of the functions.
The objective functions were defined by adopting
equations [7], [8], and [9]:

1 n
MAE=-Y|y—y 7
”Z’y bl [7]

_lfn o
RSME—n ;(y V) 8]

> 0y
2;()/ ~ Vaveraze )’

where y and y’ are the actual and predicted val-
ues, respectively. y ueree and n are the average of
the actual values and the number of data samples,
respectively; see Figure 2.

R=1- 9]

o I

Cognitive part
C; x Rand(-)3 % (Gpese:[t] — X;[t])

5.2. Particle Swarm Optimisation (PSO) algorithm

PSO is considered one of the best optimising
techniques. This is because its method of applica-
tion and algorithm are simple and user-friendly. PSO
also has the capability for global convergence, pow-
erful robustness and accuracy. It was developed in
1995 and it is based on the behaviour of social birds.
The PSO algorithm is normally accepted as suitable
for various optimisation problems. The velocity of
each particle through the entire search can be modi-
fied based on equations [10] and [11] (34).

Vi(1+1] = wV,(t)+e,Rand( ") [pbesti-Xi(1) ]
+c, Rand(-),[gbestit-X(t) ] [10]

Xi(t+1) = Xi(1)+ Vi(t+1) [11]

where V; is the velocity of the particle and X is
the particle position. Rand (-); and Rand (), are
uniformly distributed random numbers between 0
and 1; however, the values are equal in most cases.
In addition, pbest refers to the optimal position
of each particle in space and gbest refers to the
optimal position in the global direction of all par-
ticles. ¢, and ¢, denote the acceleration coefficients
and represent the ‘trust’ settings. These coefficients
also specify the confidence degree for the best solu-
tion, which are found by an individual particle.
Here ¢, and ¢, are the cognitive parameters of the

Goestilt]

Poest I[t]

FIGURE 2. Velocity and position explanation for the PSO method in the two dimensional (2D) space of the parameter
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entire swarm. w refers to the entire weight, and it is
defined in a trial to upgrade the convergence pro-
cess of the iteration. It is a scaling variable applied
for controlling the abilities of the swarm’s explo-
ration. It scales the current velocity, which affects
the updating vector of velocity (35). The updat-
ing position and particle velocity are depicted in
Figure 2. The velocity contains three main vec-
tors, as illustrated in Figure 2. The first vector is
the internal component and momentum, which
are based on the velocity of the particle’s previous
time step. The memory or cognitive component is
the second vector. It is a result of the iteration pro-
cess on the best position of the particle. The third
vector is the social component or swarm. The par-
ticle in that element moves to the best position in
the swarm.

5.3. Convergence criteria

The criteria of the convergence are to stop
the optimisation process in order to calculate the
optimum value of the objective function so as to
evaluate the minimum error. Generally, the most
and widely implemented criteria are the minimum
error of the optimum value and the maximum
iteration number of the algorithm of PSO. The
reason for using a maximum number for the itera-
tions can be related to the difficulties arising from
the problem of the optimisation. Tables 2 and 3
presents the main parameters of PSO used in this
study.

5.4. Implementing PSO with RSM

A total of the 47 mixtures were adopted to deter-
mine the optimised equations required to evalu-
ate the compressive, flexural and splitting-tensile
strengths of the concrete. The conventional process
of selecting parameters to enhance the mechani-
cal properties of concrete involves substantial trial
and error within the laboratory. Consequently, this
process consumes time and increases the cost of
producing concrete, due to the raw materials that
the process requires. In addition, CO, emissions
will increase, due to the laboratory equipment
used. Hence, a PSO algorithm is a more suitable
method to determine the optimised parameters so
as to improve the mechanical properties of normal
concrete. The PSO algorithm can address issues
related to a series of trial and error experiments
in the laboratory. Accordingly, RSM performance
can be enhanced. Thus, RSM and PSO algorithms
can be combined to minimise error, referred to as
the ‘hybrid PSO-RSM’ method. The PSO algo-
rithm was implemented within MATLAB 2014a.
The implementation of PSO is highlighted as fol-
lows in order to define the optimum RSM of the
concrete.

TABLE 2. The main parameters of PSO (36)

Parameter Description

The best range is 10-40, but
50-100 is used for special or
complex problems.

It is defined based on the
optimised problem.

Number of particles, N

Particle dimensions

Weight of inertia It is normally set to 0.70 for
faster convergence, and w can be

updated during the analysis.

The values are defined based on
the optimised problem. Generally,
different ranges can be utilised.

The lower and upper
constraints of the vectors
of the n design

Social and cognitive
parameters

¢, = ¢, = 1.494. In general, 0 <c¢,
+c,<4.

TABLE 3. The main parameters of algorithm of PSO (36)

Parameter Description

The maximum number of Calculated from the optimised
iterations for the termination problem.
criterion (T

The number of iterations
(ky) that is satisfied when
checking for convergence

The objective function of the
relative improvement divided
by the last value of the number
of iterations including the
current iteration. It is less than
or equal to f,,.

The minimum objective
function of the relative
improvement (f;,)

The relative improvement of
the objective function over
the last kg iteration (including
the current iteration) is less or
equal f,,.

1. The swarm initialization is completed by the
hyperspace task of each particle in its random
position.

2. The proposed objective function of the RSM is
evaluated for each particle.

3. The value of the objective function of each sep-
arate particle is compared with its pye. The Pres
represents the best value from the comparison
process. It can be the current py. value or the
value of the objective function.

4. The best value of the objective function of the
particle is specified. The objective function value
is evaluated to be g, and its position is gy..

5. All particle positions and velocities are updated
based on equations [10] and [11].

6. The target is the maximum number of iterations
or when the suitability of the objective function
is achieved through steps 2 to 5. The reparation
process is continued until the target is achieved.

6. SPECIMEN MIXTURE DESIGN AND
TESTING

Table 4 presents the mixture proportions of the
concrete. Cylindrical samples of 300 mm in height
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TABLE 4. Mixture proportions of normal concrete

Cemer}lt Fine aggrggate Coarse agg{egate Wateg Admixture3 (SP)
Runs kg/m kg/m kg/m kg/m kg/m WIC
1 380 760 1025 152 3.25 0.40
2 380 760 1025 152 4.00 0.40
3 380 760 1025 133 4.75 0.35
4 400 750 1020 160 4.0 0.40
5 400 727 1160 160 4.50 0.40
6 400 727 1160 140 5.25 0.35
7 420 760 1007 168 4.00 0.40
8 420 760 1007 168 4.50 0.40
9 420 760 1007 147 5.25 0.35
10 425 625 1293 170 4.00 0.40
11 425 625 1293 170 4.50 0.40
12 425 625 1293 148.5 5.25 0.35
13 435 705 1100 174 4.00 0.40
14 435 705 1100 172 4.50 0.40
15 435 705 1100 150.5 5.50 0.35
16 450 670 1014 175.5 6.50 0.39
17 450 670 1014 175.5 4.50 0.39
18 450 670 1014 157.5 6.00 0.35
19 450 700 990 175.5 5.00 0.39
20 450 700 990 170 5.50 0.38
21 450 670 1014 155 6.00 0.34
22 475 760 1007 190 4.75 0.40
23 475 670 1014 185.25 3.25 0.39
24 475 670 1014 185.25 5.00 0.39
25 475 442 936 190 4.00 0.40
26 475 760 1007 190 4.25 0.40
27 475 442 936 190 4.25 0.40
28 480 925 758 168 6.25 0.35
29 480 925 925 168 6.25 0.35
30 480 925 760 145 6.25 0.30
31 500 654 1046 180 3.50 0.36
32 500 654 1046 170 3.75 0.34
33 500 654 1046 160 4.50 0.32
34 525 676 1014 205 5.50 0.39
35 525 676 1014 185 4.50 0.35
36 525 676 1014 205 4.75 0.39
37 525 700 988 200 5.5 0.38
38 525 700 988 180 6.00 0.34
39 525 700 988 160 6.50 0.30
40 525 650 1000 200 4.00 0.38
41 525 650 1000 180 6.25 0.34
42 525 650 1000 160 5.00 0.30
43 550 585 930 220 5.75 0.40
44 550 585 930 220 6.00 0.40
45 550 585 930 192.5 6.25 0.35
46 550 585 930 165 6.50 0.30
47 550 925 1293 220 6.50 0.40
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and 150 mm in diameter and cubes of 100 x 100 x 100
mm were stacked into three layers and compacted with
vibration in compliance with the specifications of BS
EN 12390-1 (2000) (37). Experimental tests were con-
ducted after 28 days of curing the concrete samples
in water. Compression tests were performed to com-
ply with BS EN 12390-1, 3, and 4 (2009) (37, 38). In
addition, flexural strength tests complied with BS EN
12390-5 (2009)(39) and splitting tensile strength tests
complied with BS EN 12390-6 (2009)(40). The results
reported were the average of three samples.

6.1. Experimental database of PSO and
DOE methods

In this study, the experimental data of 47 mix-
tures of concrete were utilised in the PSO and DOE
methods. The input data of each run were collected
as the amount of the constituent materials in each
mixture, which were cement, fine aggregate, coarse
aggregate, water, and SP. The number of runs was
equal to the number of concrete mixtures; i.e. 47.
The data sets available were divided randomly into
learning, validation and testing subsets (36, 37).
The training process in the PSO technique method
was completed using the learning data. In addi-
tion, the testing data were utilised to identify the

generalisation capacity of the models. The learn-
ing and validation data were incorporated into the
modelling process and were categorised into one set-
group denoted as the training data. In most cases, it
is recognised that the derived models utilising soft
computing tools have a predictive ability within the
data range used for development. Therefore, the
quantity of data applied for the modelling process
is a significant issue, as it affects the reliability of
the final models (37). To address this issue, it was
described the minimum ratio of the number of
responses over the number of selected variables be
three for model acceptability, though a value of five
is safer (38). In the present study, this ratio was 7.6.
Finally, 80% of the data was used to build the mod-
els and 20% was used to verify the model’s accuracy.

7. RESULTS AND DISCUSSION OF THE
DOE METHOD

7.1. Strength analysis

The compressive strength, flexural strength,
and splitting-tensile strength were determined for
the concrete samples. The failure of the samples
occurred due to fracture of the coarse aggregate, as
shown in Figure 3.

FIGURE 3. Failure mode of (a) compressive, (b) flexural, and (c) splitting tests
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TABLE 5. The maximum and minimum strengths of

concrete
Minimum Maximum

Test description value (MPa) value (MPa)
Compressive strength of 31.20 60.51
cylinder (MPa)
Compressive strength of cube 39.89 80.40
(MPa)
Flexural strength (MPa) 343 6.20
Splitting-tensile strength (MPa) 3.31 4.81

A maximum and minimum compressive strength
of 60.51 MPa and 31.20 MPa, respectively were
recorded in the cylindrical samples. Meanwhile, the
maximum and minimum compressive strength val-
ues for the cube sample were 80.40 MPa and 39.89
MPa, respectively. In addition, the maximum and
minimum values of the flexural strength are 6.20
MPa and 3.43 MPa, respectively. Also, the maxi-
mum and minimum values for the splitting-tensile
strength are 4.81 MPa and 3.31 MPa, respectively,
as seen in Table 5. Furthermore, the experimental
results of all the mixes are presented in Table 6.

7.2. RSM morphology

The RSM graphs of the concrete responses
are presented in Figure 4, and the maximum and
minimum values of the responses are presented in
Figure 5.

8. PROBABILITY AND CENTRAL
COMPOSITE DESIGN

Pure error calculations were performed if exact
duplicates could be detected, unless the duplicates
were in separate blocks. In such cases, an inde-
pendent estimate of pure error is obtained, which
Design-Expert can use for evaluation of the statisti-
cal significance. The program pools the pure error,
with error estimated from the unselected effects.
Design-Expert labels the error estimated from the
non-significant effects as “lack of fit”. That value
is then tested against the pure error to check if the
model adequately fits the response data. Models
with large lack of fit F-values (small probability
values) may be inadequate as representations of the
true surface. The analysis should have pure error,
with several degrees of freedom from true repli-
cates in order to proceed it. Otherwise, the analysis
will be rejected. Moreover, pure error and residual
error should each estimate the same experimental
variability. The program includes the error esti-
mate from replicate points on the probability plots
used to choose factorial model effects. Based on
the slope calculated from the pure standard error,
Design-Expert constructs an initial reference line, as

depicted in Figure 7. As a result, the error is very
small and the probability was 96.00%.

The most popular method applied to predict the
output response with respect to input parameters is
Central Composite Design (CCD). CCD has three
groups of design points, namely a) two-level fac-
torial design points, b) axial points, and c) centre
points. The analysis using CCD requires five levels
of each factor in order to assess the experimental
results, such as —a, —1, 0, +1 and +a; see Figure 6.

9. GRAPHICAL (2D AND 3D) OPTIMISATION

A graphical optimisation tool was used for the con-
crete responses. The experimental results were ana-
lysed using the central composite method to obtain
the best fit empirical mathematical model. The type
of polynomial model obtained for the responses were
linear and quadratic interactions. The mathematical
equations, which corresponded in_terms of coded
factors with materials units in kg/m’ were as follows.

Compressive = —3.19639+0.12441*C— [12]
strength 4.61%107%F4 — 2.88*107*
(cylinder) CA-0.12676*W+2.87202*SP

Compressive = —0.85316 + 0.14266*C— [13]

strength 4.67*107*%FA — 9.6*107*
(cube) CA—0.067374 * W+ 4.20282 *SP
Flexural = —0.63614+0.016224*C-3.91*107"*  [14]
strength FA-9.87%107 *CA—0.016005* W+
0.092363*SP

Splitting- = 1.80464+ 6.22%107* [15]
tensile C-9.51%107*FA-3.54%107"*

strength CA—4.54*107*W+ 0.073336*SP

where C is cement amount, FA is fine aggre-
gate amount, CA is coarse aggregate amount, W is
water amount and SP are the chemical admixtures
amount. Here, C, FA, CA, W, and SP must all be
greater than zero. Section 10 presented the material
ranges, which can be applied in the model equations
of the DOE and PSO.

Moreover, using these equations was very accu-
rate, with 94.00% accuracy compared to the experi-
mental results. Thus, the equations can be used with
confidence, saving time and money, while decreasing
CO, emissions.

Figure 7 presented the responses across selected
factors, which can also be used to predict responses.
The red coloured area shows the maximum effect
of the parameter on the response. The parameters
that had the highest effect on the compressive
strength and splitting-tensile strength were cement,
SP, water, coarse aggregate and fine aggregate, in
that particular order. Fine aggregate had a larger
effect than coarse aggregate on flexural strength.
The percentage accuracy of the results is presented
in Table 7.
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TABLE 6. The experimental test results of the normal concrete

Compressive strength (cylinder) Compressive strength (cube) Flexural strength Splitting-tensile strength

Runs MPa MPa MPa MPa
1 31.20 39.89 343 3.31
2 33.90 42.34 3.47 3.41
3 36.78 46.50 3.75 3.45
4 36.60 45.40 3.56 3.61
5 40.24 50.23 4.09 3.88
6 43.10 54.35 421 3.89
7 36.34 47.20 3.79 3.72
8 40.07 51.10 3.93 3.86
9 41.36 53.10 4.02 3.89
10 41.07 54.50 4.23 3.96
11 40.20 47.50 3.77 3.70
12 43.40 54.30 4.28 3.79
13 37.45 48.50 3.90 3.71
14 41.23 51.53 4.21 3.89
15 44.32 55.45 4.51 4.12
16 49.14 69.45 5.08 4.23
17 44.95 61.20 4.85 4.09
18 53.76 67.62 4.97 4.35
19 43.09 65.50 5.08 4.23
20 45.40 64.70 4.71 4.12
21 53.40 71.78 5.23 443
22 48.66 64.11 5.18 4.20
23 38.60 61.07 4.09 3.97
24 49.50 65.00 5.20 4.34
25 39.10 54.35 4.07 3.79
26 40.40 54.34 4.10 3.89
27 43.10 65.03 4.16 4.00
28 50.93 76.71 5.20 4.35
29 49.79 73.52 5.18 4.29
30 54.40 68.00 6.12 4.45
31 44.30 55.34 5.12 4.12
32 47.57 60.23 5.30 4.22
33 54.60 67.45 5.52 4.56
34 49.38 67.05 5.09 4.20
35 54.14 69.57 5.96 4.50
37 48.56 68.11 5.40 4.20
38 49.87 70.23 5.30 4.21
39 57.30 75.40 5.87 4.60
40 53.46 70.45 5.73 4.70
41 58.80 73.45 5.86 4.72
42 60.23 77.23 6.20 4.81
43 50.4 67.89 5.1 4.5
44 54.83 72.03 5.37 4.59
45 56.7 76.4 5.61 4.63
46 60.51 80.4 6.1 4.79
47 55.1 73.2 5.4 4.38
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FIGURE 7. The contour response graphs of the concrete analysis using the RSM method of (a) concrete strength (cylinder),
(b) concrete strength (cube), (c) flexural strength, and (d) splitting strength

TABLE 7. Analysis of result accuracy using the

RSM method
Range of
experimental ~ Range of
results equation  Accuracy

Response item (MPa) (MPa) results (MPa) (%)
Compressive 31.20-60.51  33.60-62.96  94.91
strength (cylinder)
Compressive 39.89-80.40 43.38-82.15  93.88
strength (cube)
Flexural strength 3.43-6.20 3.59-6.38 94.17
Splitting-tensile 3.31-4.81 3.42-4.68 95.68

strength

The accuracy of the results that used the equations,
as presented in Table 7, revealed that the flexural
strength, compressive strength, and splitting-tensile
strength had slightly higher average values than the
experimental results. The 3D surfaces of the responses
are depicted in Figure 8. The response changed when
other factors were added into each level, as shown in
Figure 9. The figure also presents the effect of cement

and fine aggregate factors. Water and SP significantly
influenced the result of the responses. The values of
the response increased when the quantity of water
decreased and quantity of SP increased. Additionally,
the fine aggregate had a larger effect on controlling
concrete paste strength than SP or coarse aggregate.
Increasing the coarse aggregate quantity enhanced
the splitting strength value.

Based on the (2D) contour plots and (3D) sur-
face responses, the results improved by increasing
the quantities of cement, SP, coarse aggregate, and
fine aggregate, as well as when decreasing the water
ratio. The optimum contents of the concrete mix-
ture in order to obtain the best mechanical proper-
ties are presented in Figure 9.

10. RESULTS AND DISCUSSION OF
THE PSO METHOD

Four PSO models were built to optimise the com-
pressive, flexural, and splitting strengths of concrete.
The parameters of these models represented the
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FIGURE 8. Response surfaces in 3D for normal concrete using RSM analysis of (a) concrete strength (cylinder), (b) concrete strength
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quantities of cement, water, SP, fine aggregate, and
coarse aggregate. The target of the PSO objective func-
tion was to minimise the variance of the predicted and
measured strength. PSO provided the models to evalu-
ate the strength capacity within the range of the maxi-
mum and minimum quantities of the experimental
results. The PSO algorithm was updated until a suit-
able g, was achieved or the maximum number of iter-
ations was reached. The objective function variances
were constant after 1200 iterations. Thus, the number
of iterations was fixed at 2000, as depicted in Figure 10.
In this study, 10, 20, 30, 40 and 50 particles were used
to explore the effect of the number of particles on the
accuracy of the models. The swarm sizes are presented
in Figure 10, though 10, 20, 30, 40, and 50 were used
for MAE to estimate the differences between the mea-
sured and predicted mechanical properties of concrete.
Figure 10 also shows the performance measure varia-
tion values of the objective function for particles of
different sizes. The best solution of the PSO algorithm

was provided by a swarm size of 40, as illustrated in
Figurel0. The remaining swarm sizes indicated higher
errors and were more time consuming. Finally, equa-
tions [16] to [19] presents the best factors to evaluate
the mechanical properties of normal concrete.

Compressive = -7.1682+ 0.1290*C- 4.93%107* [16]

strength FA-2.81% 107*CA-

(cylinder) 0.13930*W+3.52135*SP

Compressive = -1.415279+ 0.13851*C [17]

strength -0.0103451%FA-0.0094932 *CA -

(cube) 0.064522% W+ 4.7945*SP

Flexural = -2.845105+ 0.020055* C- [18]

strength 6.64%107"*FA- 5.82%10™ *CA -
0.0207%W+ 0.1339*SP

Splitting- = -1.69745+ 0.007* C-6.05*10"**  [19]

tensile FA-6.05%107 *CA- 4.50%107*

strength W+ 0.1288*SP
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where C is cement amount, FA is fine aggre-
gate amount, CA is coarse aggregate amount, W is
water amount and SP are the chemical admixtures
amount. All values should be greater than zero.

The compressive strength, flexural strength, and
splitting-tensile strength using equations [16] to [19]
can give good agreement about the accuracy values
required to find the mechanical properties within

the maximum and minimum quantities of the fac-
tors as mentioned in Table 4.

Table 8 presents the average accuracy values
using equations [16 to 19] in the PSO method.
The correlation factor (R) exceeds 0.8 based on
the logical hypothesis, thus a strong correlation is
achieved between the predicted and actual values
(36). Therefore, a satisfactory degree of accuracy
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is obtained from the analysis results of the DOE
and PSO methods, as depicted in Figurell. The
results of the analysis using PSO algorithm have
shown that the predicted values are close to the
actual results of the experimental tests. This shows
a high accuracy as presented in Table 8. Therefore,
applying PSO and RSM as optimisation methods
in this study is quite useful to identify the best mix
proportion based on the mechanical properties of
the concrete. In addition, the results of the equa-
tions using both RSM and PSO methods can be
applied within the range of the 47 concrete mixes
constituents. The material quantities in the DOE
and PSO model equations should not be equal to
zero. The range of the cement contents in the 47

order to determine the compressive, flexural, and
splitting-tensile strengths.

11. EVALUATION OF THE CO, EMISSION
FOR NORMAL CONCRETE MATERIALS

The clinker in the cement production process uses
mineral raw materials and fuel, which require a high
temperature. Both fuel and raw materials emit CO,
and the clinker production requires 3.2 GJ per ton
using a wet rotary kiln (41, 42). Electricity of 0.06
GlJ/ton was used to produce the clinker, due to the
need for grinding. Cement binders can also be used,

TABLE 8. Accuracy analysis of the responses using the

experlmental mixtures of concrete used was from PSO method
380 kg/m® to 550 kg/m’. The water-cement ratio
(W/C) ranged from 0.30 to 0 40. The coarse aggre- eXRp:;‘ifnee‘l’ial l:;ﬁagg:xf Accuracy
gate range was 758.00 kg/ m’ to 1293.00 kg/ m’. The Response item results (MPa) results (MPa) (%)
fine aggregate sizes were less than 4. 75 mm and its Compressive 31206051 31.26-63.42  94.93
l(io?tent Flf}almged betxgeeﬁl 44hl 75 kflg/md and 925.00 strength (cylinder)
gim e ratio of the chemical admixtures or o 39.89-80.40  39.40-80.40  94.19
superplasticiser (SP) type © Sika® VlscoCrete strength (cube)
® 2044 was 3.25 kg/m’ to 6.50 kg/m’, which is
equivalent to 0.68% to 1.44% of the welght of the Fle?(u.ral Stren,gth 3.43-6.20 317-6.57 - 94.19
cement. Therefore, equations [12] to [19] were valid ftﬁr’le‘;“?f'ten“le 3.31-4.81 3.15-4.83 96.07
for these ranges of materials and can be applied in £
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FIGURE 11. Predicted and actual values of (a) compressive strength (cylinder), (b) compressive strength (cube),
(c) flexural strength, and (d) splitting-tensile strength
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instead of a clinker (42). Coarse aggregates and fine
aggregates typically take up 80% of a concrete mix-
ture. The production process of aggregate involves
extraction, crushing, sieving, and transportation.
Extraction of one ton of natural aggregate requires
20 M1 of oil and 9 M1 of electricity, while one tonne
of crushed coarse aggregate requires 120 MJ of oil
and 50 of MJ electricity (43). The CO, emissions
resulting from the production of cement ranges
between 820 kg- CO,-e/ton and 927 kg- CO,-e/ton
(21), and occasionally reaches 1000 kg- CO,-e/ton
(6, 7). One ton of coarse aggregate produces 45.90
kg-CO,-e/ton (5) and one ton of fine aggregate emits
13.90 kg- CO,- e/ton (5). In addition, one litre of SP
produces 5.20 x 107 kg-CO,-¢ (22); see Figure 12.

The total quantity of materials used in the
experimental works are presented in Table 9. The
CO, emissions from materials were calculated using
equation [20] and presented in Table 10.

Production CO,= 27 (Qix COsyn) [20]

where, Qi is the quantity of material, such as
cement, coarse aggregate, fine aggregate, water, and
SP, and CO,.,,is the CO, emission rate, as presented
in Table 9.

The CO, emissions due to the materials used
were 6.133 ton-CO,-¢/ton, 0.612 ton-CO,-e/ton,
0.126 ton- C02 e/ton, 0.771 ton-CO,-e/ton, and
0.3(30) x 10~ ton-CO,-e/ton for cement, coarse aggre-
gate, fine aggregate, water and chemical admixtures,
respectively. Thus, the CO, emission ratios were
equivalent to 80.25%, 8.01%, 1.6%, 10.09%, and
0.00431% for cement, coarse aggregate, fine aggre-
gate, water, and chemical admixtures, respectively.

I Production normal concrete
Coarse Fine Chemical
GRC aggregate aggregate oot admixture

. I Production process

|
| [ Transportation

Energy and Auxiliary

| %

| M
i D
. -
Electrical power and y c“""l.'?"’“" |
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|
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I

2
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FIGURE 12. Schematic diagram of the production of normal
concrete and the assessment of CO, emissions

12. CONCLUSIONS

This study aimed to evaluate the effect of con-
crete mixture parameters on the response results
and CO, emissions. The parameters represented the
mixture proportions and the responses referred to
the mechanical properties of concrete. RSM and
PSO algorithm methods were used to find the opti-
mum models to reduce CO, emissions. The predicted
results showed good agreement with actual results.
Thus, the following conclusions can be drawn from
the results of the study.

1. The model equations reduced cost, time,
energy consumption, and CO, emissions due to
decreasing the materials and equipment used in
the practice.

2. RSM and PSO methods reduced waste of mate-
rials, and can be considered an environmentally
friendly method. The limited waste from the test
samples could be used as recycling aggregate in
many non-structural concrete works in order to
decrease cost and CO, emissions.

3. The proposed models can be used as a guide-
line to determine the mechanical properties
of concrete within the content ranges of the
47 mixtures. Specifically, the minimum and
maximum contents for cement, fine aggre-
gate, coarse aggregate water, and SP were
380 kg/m’-550 kg/m 441.75 kg/m -925.00 kg/
m 758.00 kg/m 1293.00 kg/m 133.00 kg/
m*-220.00 kg/m’, and 3.25 kg/m’-6.50 kg/m
respectively.

4. The optimum values of the mix contents in
order to obtain the best mechamcal properties
of the concrete were 528.66 kg/m 503.53 kg/
m 760.42 kg/m’, 151.37 kg/m’, and 6.47 kg/
m’ for cement, flne aggregate, coarse aggregate,
water, and SP respectively. This corresponded
to 1.10-2.00 fine aggregate/cement, 1.90-2.90
coarse aggregate/cement, 0.30-0.40 water/
cement, and 0.01-0.013 chemical admixtures/
cement.

5. The RSM method provided results very close
to the experimental results. The model equa-
tions showed an accuracy of more than 94%
when compared to the experimental testing.
Therefore, using RSM models is recommended
for civil engineering applications.

6. The PSO algorithm provided accurate models in
order to determine the mechanical properties of
the concrete. The accuracy ratio reached 94%,
as compared with actual experimental results.

7. The RSM and PSO methods have proven to be
accurate. Both methods can be used to obtain a
future database to compare with any proposed
mixture model for concrete, to reduce CO, emis-
sions by decreasing the materials used in creat-
ing trial and error mixtures.
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TABLE 9. The quantity of materials used in this study

Cement Fine aggregate Coarse aggregate Water Admixture (SP)
Runs kg kg kg kg kg
1 105.24 210.49 283.88 42.10 0.90
2 105.24 210.49 283.88 42.10 1.11
3 105.24 210.49 283.88 36.84 1.32
4 110.78 207.72 282.50 44.31 1.11
5 110.78 201.35 321.27 44.31 1.25
6 110.78 201.35 321.27 38.77 1.45
7 116.32 210.49 278.89 46.53 1.11
8 116.32 210.49 278.89 46.53 1.25
9 116.32 210.49 278.89 40.71 1.45
10 117.71 173.10 358.10 47.08 1.11
11 117.71 173.10 358.10 47.08 1.25
12 117.71 173.10 358.10 41.13 1.45
13 120.48 195.25 304.65 48.19 1.11
14 120.48 195.25 304.65 47.64 1.25
15 120.48 195.25 304.65 41.68 1.52
16 124.63 185.56 280.83 48.61 1.80
17 124.63 185.56 280.83 48.61 1.25
18 124.63 185.56 280.83 43.62 1.66
19 124.63 193.87 274.19 48.61 1.38
20 124.63 193.87 274.19 47.08 1.52
21 124.63 185.56 280.83 42.93 1.66
22 131.55 210.49 278.89 52.62 1.32
23 131.55 185.56 280.83 51.31 0.90
24 131.55 185.56 280.83 51.31 1.38
25 131.55 122.41 259.23 52.62 1.11
26 131.55 210.49 278.89 52.62 1.18
27 131.55 122.41 259.23 52.62 1.18
28 132.94 256.18 209.93 46.53 1.73
29 132.94 256.18 256.18 46.53 1.73
30 132.94 256.18 210.49 40.16 1.73
31 138.48 181.13 289.70 49.85 0.97
32 138.48 181.13 289.70 47.08 1.04
33 138.48 181.13 289.70 44.31 1.25
34 145.40 187.22 280.83 56.78 1.52
35 145.40 187.22 280.83 51.24 1.25
36 145.40 187.22 280.83 56.78 1.32
37 145.40 193.87 273.63 55.39 1.52
38 145.40 193.87 273.63 49.85 1.66
39 145.40 193.87 273.63 44.31 1.80
40 145.40 180.02 276.96 55.39 1.11
41 145.40 180.02 276.96 49.85 1.73
42 145.40 180.02 276.96 44.31 1.38
43 152.33 162.02 257.57 60.93 1.59
44 152.33 162.02 257.57 60.93 1.66
45 152.33 162.02 257.57 53.31 1.73
46 152.33 162.02 257.57 45.70 1.80
47 152.33 256.18 358.10 60.93 1.80
Total 6133.19 9044.83 13339.59 2267.72 65.29
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TaBLE 10. CO, emissions due to materials within concrete

Quantity Total CO, emissions CO, emissions
Material (Ton) CO, emissions unit (Ton-CO,-elton) ratio (%)
Production of cement 6.133 1000 kg- CO,-¢e/ton (6, 7) 6.133 80.25
Production of coarse aggregate 13.34 45.90 kg- CO,-¢e/ton (5) 0.612 8.01
Production of fine aggregate 9.045 13.90 kg-CO,-¢/ton (5) 0.126 1.65
Production of water 2.268 0.42 kg -CO5-¢/m’ (44) 0.771 10.09
0.34 kg -CO,-e/litre (45)
Production of chemical admixture / 0.065 *5.20 x 107 kg-CO4-¢/ litre (22) 0.330 x10™ 0.00431
Superplasticiser (SP)
Total = 7.643

*The specific gravity (S.G.) of SP=1.03.
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