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ABSTRACT

Permeability properties, mainly including migration, absorption, and diffusion, have been widely used to
measure the durability of concrete. In this article, using the particle swarm optimization algorithm and
based on the concept of Pareto optimization, the relations extracted from the results of the previous tests,
and the optimal values of the constituents of self-compacting concrete to achieve the best durability are
presented. Due to the lower amount of oxygen permeability in self-compacting concrete compared to SCC
concrete with the same strength, Chlorine migration strongly depends on the type of filler. In this regard,
durable concrete should have more filler. Pulverized fly ash (PFA) is a better filler to increase durability.
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1. Introduction

Since its inception in Japan during the 1980s, self-compacting concrete (SCC) has sparked a
significant transformation in the construction sector [1-3]. SCC represents a groundbreaking
advancement in concrete technology, offering key benefits such as enhanced productivity, elevated
construction quality, and notably, improved working conditions [4]. This innovative concrete is
poised to potentially supplant traditional concrete varieties in the foreseeable future [5-8]. While
extensive research has focused on the fresh properties of SCC in recent years [9-12], investigations
into its long-term durability have been relatively limited [13]. Durability stands as a critical aspect
that profoundly influences structural performance both in service and under varying load conditions
[14-16]. SCC commonly incorporates effective superplasticizers and a high volume of various
powder types or viscosity-modifying agents (VMA). Superplasticizers are crucial for enhancing
fluidity in the low water-to-cement ratio (W/C) mixes, while powders and VMA help maintain
stability by reducing bleeding, segregation, and settlement. These powders typically include
limestone powder, pulverized fly ash, furnace slag, and similar materials. Moreover, SCC contains
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less coarse aggregate compared to normal concrete, reducing the risk of blockages between
reinforcements and narrow spaces. Due to significant differences in mixing proportions, placement,
and density between SCC and normal concrete, variations in strength, permeability, and durability
are expected. Therefore, it is essential to assess and potentially enhance the durability properties of
SCC concrete to ensure the longevity of concrete structures. The application of artificial
intelligence, particularly through techniques like particle swarm optimization (PSO), has
significantly advanced the optimization of self-consolidating concrete properties [17]. PSO,
inspired by the social behavior of bird flocking or fish schooling, has shown remarkable
convergence rates compared to other evolutionary algorithms [18]. By integrating PSO with
adaptive neuro-fuzzy inference systems (ANFIS) and other metaheuristic algorithms like ant
colony optimization (ACO) and differential evolution optimization (DEO), researchers have been
able to predict and evaluate properties of self-consolidating concrete with high accuracy [19].
These hybrid algorithms, such as ANFIS-PSO, have proven to be reliable prediction methods,
offering efficient alternatives to traditional experimental approaches. The combination of Al
models with optimization algorithms has enabled the precise estimation of parameters like
superplasticizer demand, contributing to the enhancement of concrete performance and structural
elements. Studies have demonstrated the effectiveness of these Al-based models in predicting and
optimizing the fresh and hardened properties of concrete, showcasing the potential of artificial
intelligence in revolutionizing concrete technology [20,21]. By employing the particle swarm
optimization technique in this study, the variation ranges of SCC ingredients have been identified
through an assessment of the durability characteristics. The primary objectives include enhancing
oxygen permeability, reducing capillary absorption, and minimizing chloride migration. This
approach aims to enhance the durability of SCC, thereby achieving more resilient SCC mixes.

2. Concrete Durability Tests

Self-compacting concrete (SCC) undergoes various durability tests to assess its performance in
different conditions [22-24]. The Oxygen permeability test evaluates the material's resistance to
oxygen penetration, crucial for preventing the corrosion of reinforcing steel. Testing the
permeability of concrete against oxygen is recommended by RILEM [25]. For each mixing design,
two samples (f 100 50 mm) are processed for two weeks in an oven with a temperature of 55-60
°C. It is then covered with sealing film and cooled before testing. The test is done with constant
pressure and the flow rate is measured. Usually, the test pressure is set between 0.5 and 2 bar. The
capillary water absorption test measures the concrete's ability to absorb water through capillary
action, indicating its resistance to moisture ingress and potential deterioration. This test shows the
rate of water absorption on the concrete surface. The test sample is a 150 mm cube. The sample is
kept in an oven with a temperature of 105°C until it reaches a constant weight. Then the sample is
cooled and tested according to the criteria of RILEM TC 166. [25]. Capillary water concentration
is obtained by weighing the sample at 10, 30, 60 minutes, and 1 and 24 days.

| =C+St°° (1)

S: slope Iin t*°
I: Capillary water absorption per unit area of the sample
t: weighing interval
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The chloride migration test assesses the concrete's susceptibility to chloride ion migration, which
can lead to corrosion of embedded steel [26,27]. These tests collectively provide valuable insights
into the durability of SCC, ensuring its long-term structural integrity and service life in diverse
environmental conditions. Accelerated CP test is used to determine chloride migration in concrete.
In this electrical method, the accelerated migration of chloride (the movement of chlorine ions) is
measured. The sample similar to the oxygen permeation test is affected by chlorine ions with a
potential of 10-60 volts, and after 24 hours, the sample is halved and the amount of chlorine
permeation is measured with a 0.1 normal solution of silver nitrate solution [28].

3. Optimization

3-1- Particle Swarm Optimization Algorithm (PSO)

The particle swarm optimization (PSO) algorithm, like all other evolutionary algorithms, simulates
a collective optimization. In this algorithm, a population is generated with members suitable to the
conditions of the problem. Each of these members, which are called particles, has an adaptive speed
(change of location) according to which it moves in the search space, in addition, each of them also
has a memory. That is, they remember the best position they reach in the search space. Each
member in PSO consists of a vector with dimension D, where D represents the dimensions of the
search space. These dimensions include the current location vector X_i, the previous best position
vector P_i, and the speed vector V_i. The current location vector X_i can be considered as a set of
coordinates that describe a point in the search space. In each iteration of the algorithm, the current
location is evaluated as a solution to the problem. If that location is better than the best location
found so far, the coordinates are stored in the vector P_i. The numerical value of the fitness function
for that location is stored in a variable named [pbest] _i. The goal is to keep the best locations

and update the vectorP_i and value [pbest] _i. By adding the coordinates of the vector V_i to the
vector X_i, new points are selected, and V_i determines the length of the step for walking.

In the particle swarm optimization algorithm, the acceleration and step length of each particle are
adjusted regularly and in each iteration, and this causes the particles to move around the local best
and the global best. So, in short, each particle in PSO tries to change its position using the following
information to reach the best solution:

Current Location X*¢

current speed V¢

The distance between the current situation and pbest

The distance between the current situation and gbest

In this way, the speed of each particle and accordingly its new position changes as follows:

VI = wV! + ¢ rand(0,1)(pbest, — X)) + ¢,rand(0,1)(gbest. — X) )

13

Xit+1 _ X; + Vit+1 (3)

where: V1 is the speed of particle i in the new iteration, V is the speed of particle i in the current
iteration, X{ is the current position of the particle, X/** is the position of the particle in the new
iteration, pbest; the best position that particle i has seen so far, gbest; the best position of the best
particle (the best position that all particles have seen so far) , rand(0,1) is a random number
between 0 and 1, which is used to maintain the diversity of the group. Its appropriate value affects
the uniformity of the answers. These values allow the particles to move in random steps in the
range between pbest and gbest. The parameters of the pso algorithm include population size,
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acceleration coefficients (C; and C,), and inertial weight parameter (w), which must be selected
correctly.

3-2- Multi-Criteria Optimization
Finding the best answer from the answer space including different objectives requires multi-criteria
optimization. The multi-criteria optimization problem is defined as follows:

A vector X~ = [xl Xy yeeny xn]T from the X = [xl Xy e xn]Tset of response space should be chosen

in such a way that by satisfying
m Inequality adverb g, (X) >0, i=12,..m

and p equality clause h,(X) =0, i=12,..p
Optimize F(X)=[f,(X), f,(X)...., f,(X)] (minimize or maximize) the objective function.
f, (X) are the objective functionsand f, :R" >R

The main problem in determining the optimal response of the concrete to several objectives is the
dispersion of the factors affecting the properties resulting from the mixing plan in such a way that
optimization based on mathematical methods considering several objective functions is impossible
[29]. For this reason, the use of evolutionary methods (evolutionary algorithm) has attracted the
attention of researchers [30,31]. Also, by using evolutionary methods, finding the optimal answer
is not possible in many situations due to the lack of such a unique answer [31]. In evolutionary
methods, searching in the response space is done to determine the optimal point according to the
objective functions. However, due to the incompatibility of the objective functions with each other,
improving one factor does not necessarily lead to the improvement of other factors. For this reason,
several researchers have recommended the use of the Pareto optimal concept. In this case, there is
a set of better answers which are defined as follows:

The optimal decision vector X, € R" is said to be Parian if and only if there is no such vector

X, eR"that v=F(X,) = [vl ,vz,...,vn]Tcan improve all the objective functions to the X, e R",
that is, one function cannot be improved without making another function worse.

The concept of Pareto optimality in game theory is the concept of a state where the player is in a
situation where any change in the position of one of the components that can lead to its
improvement will worsen the condition of the other component or components. According to the
definitions, it is clear that complex Pareto optimal problems, may include a large number of vectors
from the decision space [32].

4. Modeling and Analysis

To implement PSO algorithm in MATLAB software, population size parameters, acceleration
coefficients (C; and C, ), and inertia weight parameter (w) have been selectedas C; = 1, C, = 1,
a= 0.4, Particle Size=200 and Maximun Iteration=200, respectively. The input response vector
X =[w,w/c,FA,S/Aw/cm,PV] is chosen such that with satisfaction

200 <w <300
_ . 0.4<w/c<0.55
m Inequality constraints of
0<FA<100

0<S/A<0.35
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Optimize the objective function F(X)=[CWA(X),OP(X),RCPglday(X)J. For this purpose,
minimum values of CWA(X),OP(X),RCP(X)are desirable. By optimizing the objective

functions, the concrete components that lead to the production of optimal concrete are determined.
In this way, it is possible to determine an optimal range for the ingredients and use this range for
the use of SCC in the construction of structures in corrosive environmental conditions. The mix
designs used to build the model are given in Table 1. In this table, the amount of cement, gravel,
sand, superplasticizer (SP), polarized fly ash (PFA), water-to-powder ratio (W/P), viscosity
modifying agent (VMA), water, and water-to-cement ratio (W/C) are given. Also, in Table 1, the
results of oxygen permeability (OP), capillary absorption (CWA), and chloride migration (RCP)
tests are given. The design of the mixtures used to build the model is given in Table 1. In this table,
the amount of cement, gravel, sand, superplasticizer, fly ash polarizer, water-to-powder ratio,
viscosity modifiers, water, and water-to-cement ratio are given. Also, in Table 1, the results of
xygen permeability, capillary absorption, and chloride migration tests are also given.

Table 1. Concrete mix designs.

Ingredients Test results

Mix cement | gravel sand SP PFA W/P | VMA | Water WiC OP | RCP*10™ | CWA
(kg/m?) | (kg/m?) | (kg/m?) | (kg/m®) | (kg/m?®) (%) | (kg/m?) (m?) | 2(m’s) | (%)

SCC1 340 1105 715 1.8 - 0.57 - 195 0.57 | 128 43.6 1.92

SCC2 465 1085 620 1.6 - 0.42 - 196 0.42 | 104 9.4 1.4
SCC3 280 1045 695 15 - 0.48 - 190 0.68 | 13.9 12.9 2.01

SCC4 375 1110 625 15 - 0.36 - 169 0.45 5 6.6 .95
SCC5 285 770 875 5.0 265 0.33 - 180 063 | 55 41.9 1.33
SCC6 320 750 915 4.4 230 0.3 - 167 052 | 45 12.7 112
SCcc7 335 770 875 4.8 - 0.41 - 195 058 | 4.1 8.4 1.18
SCC8 410 750 915 4.6 - 0.35 - 177 043 | 29 6.3 0.94
SCC9 360 770 990 7.2 - 0.58 | 0.17 210 0.58 | 8.2 54.6 141
SCC10 475 750 930 6.7 - 041 | 012 196 041 | 73 16.2 1.03
SCC11 425 701 870 9 150 0.34 0.17 195.5 0.46 6.4 42.1 1.64
SCC12 | 4375 714 887 8.1 140 0.32 0.15 184.8 0.42 4.8 13.3 1.31
SCC13 | 4375 728 905 9.9 120 0.32 0.11 178.4 0.41 4.2 7.9 0.68
SCC14 | 4375 704 874 9.9 120 0.36 0.19 200.7 0.46 3.1 7.1 0.41
SCC15 | 4375 730 907 8.1 120 0.32 0.15 178.4 0.41 8.2 15.2 1.24
SCC16 | 437.5 686 853 9.9 140 0.36 0.13 207.9 0.48 7.2 16.6 0.53
SCC17 | 4125 707 878 8.1 140 0.36 0.14 198.9 0.48 6.7 21.3 1.11
SCC18 425 735 913 9 110 0.34 0.12 181.9 0.43 4.4 12.8 1.21
SCC19 | 4125 705 876 9.9 140 0.36 0.13 198.9 0.48 3.7 8.3 1.17
SCC20 425 718 892 9 130 0.34 0.13 188.7 0.44 3.3 7.2 0.85
SCC21 | 4125 725 900 8.1 120 0.36 0.19 191.7 0.46 8.8 25.0 0.88
SCC22 | 4375 688 855 8.1 140 0.36 | 0.12 2079 | 048 | 6.3 16.5 0.84
SCc23 425 742 922 9 130 0.3 0.20 1665 | 0.39 | 6.2 11.0 1.97
SCC24 425 720 894 7.2 130 0.34 0.17 188.7 0.44 4.1 13.0 1.33
SCC25 | 4125 729 906 9.9 140 0.32 0.14 176.8 0.43 3.6 7.6 1.44
SCC26 425 718 892 9 130 0.34 0.18 188.7 0.44 3.6 7.6 1.23
SCca27 425 718 892 9 130 0.34 0.16 188.7 0.44 8.2 54.4 1.09
SCC28 425 718 892 9 130 0.34 | 0.15 188.7 | 044 | 55 17.0 0.78
SCC29 425 716 889 10.8 130 0.34 0.11 188.7 0.44 6.2 41.1 2.39
SCC30 | 4125 748 929 8.1 120 0.32 0.19 1704 0.41 3.7 124 0.82
SCC31 | 4125 746 927 9.9 120 0.32 0.19 170.4 0.41 3.8 7.3 1.91
SCC32 400 736 914 9 130 0.34 | 012 180.2 | 045 | 3.0 6.9 1.27
SCC33 385 750 900 9.2 130 0.33 | 0.10 180 0.43 | 85 54.2 1.23
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5. Results

By analyzing the results of optimizing the results of chloride migration, capillary water absorption,
and oxygen permeability tests, the following results have been obtained. figure (1) shows the
optimal amount of cement. As can be seen, the amount of cement used was in the range of 250 to
490, and the Pareto optimal amount was obtained in the range of 464 to 483 kg with an average of
474 kg. Figures 2 and 3 show the optimal amount of water and the water-to-cement ratio. The ideal
water quantity falls between 166 and 206 liters, with the recommended amount being 175 liters.
Similarly, the preferred water-cement ratio ranges from 0.41 to 0.475, with the optimal value set at
0.423.
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Theoretically, the most effective factors of concrete durability are the paste volume (cement+
powder + water), the pore structure of the paste, and the transition area around the aggregates. The
SCC is more homogeneous than normal concrete due to the better stability of fresh paste, fine
aggregate, more cement content, and lack of vibration. Also, due to the lower water loss potential
and the lower water-cement ratio, it usually has a more homogeneous transition zone than normal
concrete. Also, in Figures 4 to 12, the optimal amount of ingredients and the optimal amount of
each of the parameters measured in the tests are shown. It can be seen that reducing the amount of
water, increasing the amount of cement, reducing the water-to-cement ratio, changing the filler
from limestone powder to PFA, and increasing the amount of stone powder can help improve the
permeability properties of concrete.
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Figure 4. The capillary water absorption in terms of water and cement
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6. Conclusions

Self-compacting concrete (SCC) represents a significant advancement in concrete technology,
offering enhanced productivity, construction quality, and improved working conditions. Extensive
research has focused on the fresh properties of SCC, but there is a need for more investigations
into its long-term durability. The durability of SCC is crucial for structural performance under
various conditions, and the application of artificial intelligence, particularly through techniques
like particle swarm optimization (PSO), has shown promise in optimizing SCC properties
accurately. By integrating Al models with optimization algorithms, researchers have been able to
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predict and evaluate SCC properties effectively, enhancing concrete performance and structural
elements. The optimization process aims to enhance the durability of SCC by improving oxygen
permeability, reducing capillary absorption, and minimizing chloride migration. Through multi-
criteria optimization and the use of evolutionary methods, researchers aim to find the optimal
concrete mix designs that ensure long-term structural integrity and service life in corrosive
environmental conditions. The study emphasizes the importance of assessing and enhancing the
durability properties of SCC to ensure the longevity of concrete structures, showcasing the potential
of artificial intelligence in revolutionizing concrete technology. The obtained results show that
durable concrete can be designed using pso algorithm and the Pareto optimal concept. The high
speed of pso algorithm is the advantage of this algorithm compared to similar algorithms. If it is
clear from the results, self-compacted concrete shows high resistance against destructive factors.
The optimal amount of chloride migration depends a lot on the type of filler. Self-compacting
concrete containing PFA shows better performance. Also, unlike normal concrete, it is not possible
to determine the durability of SCC only by considering the water-to-cement ratio. Using VMA to
provide stability increases permeability, capillary absorption, and diffusion.
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