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ABSTRACT

ARTICLE INFO

Optimization is a widely used phenomenon in various problems and fields. Because
time and resources are very limited in today's world, it can be said that the usage
area of the optimization process will be expanded and spread in all areas of life. Alt-
hough different methods are used in the realization of the optimization process, the
performance of metaheuristic algorithms in solving problems has led to an increase
in research on these methods. As in other fields, the application examples of these
algorithms are diversifying and increasing in the field of structural engineering. In
this study, the performance comparison of five different algorithms for the optimum
design of an axisymmetric cylindrical wall with a dome is investigated. These algo-
rithms are Jaya (JA), Flower pollination (FPA), teaching-learning-based optimization
(TLBO) algorithms and two hybrid versions of these algorithms. ACI 318 regulation
was used in reinforced concrete design with a flexibility method-based approach in
the analyses. In the analyzes with five different situations of the wall height, some
statistical values, and data of analysis numbers were obtained by running the algo-
rithms a large number of times. According to the analysis results, Jaya algorithm is
slightly better in terms of the speed of reaching the optimum result, but also all algo-
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rithms are quite effective and reliable in solving the problem.

1. Introduction

In almost all of the natural events that take place in
the world, it is seen that the events operate in the most
appropriate order under various conditions such as
time, situation, and environmental conditions, and the
operation is updated to maintain the most appropriate
order in the face of changing situations.

These events, which take place for various reasons
such as migration, hunting, movement in a hierarchical
order, usually take place to survive in the balance of na-
ture. For this reason, the process must be in the most ap-
propriate way according to environmental factors. The
most appropriate order seen in the behavior of other
living things can be observed in the design and pro-
cesses of civilizations established by humans, such as
the locations of cities, road routes, tools used, city in-
frastructure systems, structural designs, defense sys-
tems. However, the main difference between humans

and other living things is that while other creatures man-
age the processes with their intuition, people's intuitions
and their minds, which include various processes such
as observation, experience, and thinking, evaluate the
situation and act. Today, many engineering designs have
been developed as a result of these observations of na-
ture by scientists, and have been presented to humanity
in many different ways, directly or indirectly. Metaheu-
ristic algorithms can be given as an example of this situ-
ation.

Metaheuristic algorithms are methods developed as a
result of mathematical equations expressing the heuris-
tic behaviors of living things to maintain processes such
as movement, migration, feeding in the most appropriate
way possible as a result of nature observations, and are
generally used for optimization purposes. Examples of
metaheuristic algorithms, the variety and number of
which have increased with the development of computer
processor technology, are presented in Table 1.
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Table 1. Metaheuristic algorithms and origins.

Name Developer

Observation

Genetic Algorithm Holland (1975)

Simulated Annealing Kirkpatrick et al. (1983)
Particle Swarm Optimization Kennedy and Ebarhart (1995)
Differential Evaluation Storn and Price (1997)
Harmony Search Geem et al. (2001)
Big bang-big Crunch Erol and Eksin (2006)

Artificial Bee Colony Algorithm (ABC)  Karaboga and Basturk (2007)

Cuckoo Search Algorithm Yang and Deb (2009)
Firefly Algorithm Yang (2009)
Bat Algorithm Yang (2010)

Teaching-learning based Optimization Rao etal. (2011)

Flower Pollination Algorithm Yang (2012)
Krill Herd Gandomi and Alavi (2012)
Grey Wolf Optimizer Mirjalili et al. (2014)

Jaya Algorithm Rao (2016)

Nature evolutionary mechanisms

Metal heating-cooling process

Social behavior during the movement of organisms
Evolutionary process

Musical processes

Big-bang big-crunch theory of universe evolution
Foraging intelligence of bee

The parasitic process in the cuckoo brood

Flashing light behavior of fireflies

Bats echolocation behaviour used for search directions and location
Teacher and learner roles during education
Pollination process of flowers

Herding behavior of krill’s

The hierarchy between grey wolf packs

Victory means in Sanskrit

Today, metaheuristic algorithms of optimization
problems are frequently used in many engineering
fields. One of them is the field of structural engineering,
which is one of the sub-branches of civil engineering,
where studies are carried out within the scope of struc-
tural design. Examples of optimization problems in
which metaheuristic algorithms are used in structural
engineering are beams (Coello et al, 1997; Rafiq and
Southcombe, 1998; Govindaraj and Ramasamy, 2005;
Akin and Saka, 2010; Fedghouche and Tiliouine, 2012;
Bekdas and Nigdeli, 2013; Kayabekir etal., 2019; Zhao et
al,, 2021), columns (Bekdas and Nigdeli, 2014; 2016a;
2016b; de Medeiros and Kripta, 2014; Nigdeli et al,
2015; Cakiroglu et al, 2021), frames (Bekdas and
Nigdeli, 2017; Nigdeli and Bekdas, 2016; Ghatte, 2021),
foundations (Nigdeli et al., 2018; Kashani et al,, 2021),
retaining walls (Ceranic et al., 2001; Yepes et al., 2008;
Camp and Akin, 2011; Kayabekir et al.,, 2020; Yiicel et al.,
2021; Martinez-Murioz et al., 2021; Shalchi Tousi et al,,
2021), Carbon Fiber Reinforced Polymer retrofit (Kay-
abekir et al,, 2017; 2018) and cylindrical walls (Bekdas,
2014; 2015; 2018; 2019; Kayabekir, 2021).

In this study, the optimum design of axially symmet-
rical cylindrical reinforced concrete walls with a dome
on top has been investigated. In the optimization prob-
lem, the objective function is defined as the minimization
of the total cost of the cylindrical wall consisting of steel
and concrete. Long cylindrical walls were assumed in the
analyzes and the flexibility method was used to calculate
the internal forces. Hybrid algorithms of Flower Pollina-
tion Algorithm, Jaya Algorithm and Teaching Learning-
Based Optimization have been proposed for optimiza-
tion. The performance of the hybrid algorithm was
tested under various conditions of the cylindrical wall.
Then, these analysis results were also compared with the

Flower pollination algorithm, teaching learning-based
algorithm, and Jaya, which are known to be effective in
the literature in optimization.

2. Optimum Design Methodology

In this section, the methodology including the details of
the application of metaheuristic algorithms to the optimi-
zation problem is presented. In the literature, in optimiza-
tion problems in which metaheuristic algorithms are used
in general, the methodology is collected in five main steps.
The operations performed in steps 1, 2, 3, and 5 of these
five steps are similar in almost all algorithms. Only the op-
eration performed in step 4 includes some algorithm-spe-
cific mathematical expressions. These five steps and the
operations performed in each step are summarized below.

In the first step, the data entry of the problem is done.
These data are design constants, ranges of design varia-
bles and special parameters of the optimization algo-
rithm, number of solution vectors (vn), and stopping cri-
teria (sc). Information about the design constants and
design variables used in optimization are given in Tables
2 and 3, respectively.

Some of the algorithms, especially those developed in
recent years, are parameter-free, that is, they do not
have algorithm-specific parameters. Except for FPA, this
study is parameter-free in the algorithms used. FPA al-
gorithm has a parameter called switch probability (sp).

The stopping criterion, which stops the optimization
process, is used in different ways in the literature. One of
these, perhaps the most common, is to set a maximum
value for iterations. This approach was also applied in
this study. In this study, vn, sp, and sc values were taken
as 20, 0.5, and 20000, respectively.
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Table 2. The design constants of the optimization problem.

Description Symbol Unit Value
Radius of wall R m 18
Height of the wall H m 5-7
Height of the dome Ha m 3

The thickness of the dome ha m 0.25
Yield strength of steel fy MPa 420
Concrete cover Ce mm 50
Compressive strength of concrete fe MPa 30
The elasticity modulus of concrete Ec MPa 4700(f")1/2
Poisson ratio of concrete v = 0.2
Density of liquid 4 kN/m3 10
Minimum reinforcement ratio Prin = 0.008
Unit concrete cost Cc TL/m3 290
Unit steel cost Cs TL/ton 7400

Table 3. The design variables and ranges of the optimization problem.

Description Symbol Unit Range

The thickness of the wall hw m 0.2-2.0
Diameter of the steel bars R mm 8-60

Spacing between the steel bars mm Smin” £ Sh < Smax*

“Smin=max(25, ¢) and *Smax=max (450, 5hw)

In the second step, the initial solution matrix is con-
structed. This matrix contains randomly generated de-
sign variables within the range for each solution vector
(Table 3). Each design variable is generated between the
lower and upper limits as in Eq. (1) and stored in the cor-
responding row of the solution vector.
Xi = Xi(min) + rand(X;(max) — Xi(min)) (1)

In the equation, X;(min) and Xi max) represent the lower
and upper limits of the ith design variable, respectively,
and the rand is a function that produces a single uni-
formly distributed random number in the interval
(0,1).

The third step includes the analysis and design
phases. In this step, analysis and design are done for each
solution vector, and then the objective function is calcu-
lated. In this study, the sum of the steel and concrete
costs of the cylindrical wall design is defined as the ob-
jective function (Eq. (2)).
f(x) =C.V, + CW; (2)

In the equation, Vc and Wsrepresent the total concrete
volume and steel weight, respectively.

Analyzes were done using the flexibility theory (see in
Section 3) according to the assumption of a long cylindri-
cal wall, and the design was done by the requirements of
ACI 318-Building code requirements for structural con-
crete. Accordingly, the constraints controlled during the
design process are presented in Table 4.

Table 4. The design constraints of the
optimization problem.

Description Symbol
Flexural strength capacity, Ma Ma =My
Shear strength capacity, Va Vaz Vy
Minimum steel ratio, pmin As2 Asmin
Maximum steel bars spacing, Smax S < Smax
Minimum steel bars spacing, Smin S 2 Smin

Minimum concrete COVer, Cemin Cemin 2 40 mm

If these constraints are not satisfied in any solution
vector, the process called punishment is applied. It is
known that there are different types of punishment in
the literature. In this study, punishment is done by
equating the objective function to a very large value.

Since the target in optimization is to obtain the lowest
cost design, this penalty in the objective functions en-
sures that these solutions are eliminated in the following
steps, thus convergence to the lowest solutions. In the
study, this penalty value was taken as 106¢.

The fourth step is the step in which new solution vec-
tors are obtained according to the algorithm rules. As
mentioned before, this step is unique in algorithms be-
cause each algorithm applies its own rules.

In this study, JA, TLBO, FPA, and two hybrid algo-
rithms were applied to the problem and the perfor-
mances of the algorithms were compared. These algo-
rithms were proved as effective ones in structural engi-
neering problems and include unique features. The use
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of Levy distribution, being a user-defined specific pa-
rameter-free algorithm and being a single-phase method
using both of best and worst solutions in an equation are
the unique features of FPA, TLBO and JA, respectively.
These unique features provide differentiation of these
algorithms. To reach a better solution sensitively, the
classical algorithms need to be improved and hybrid al-
gorithms are constructed via these algorithms. The
equations used to generate a new solution matrix for
these algorithms are given below.

The Jaya algorithm is a parameter-free algorithm us-
ing a single equation. In the algorithm, each solution (for
example Xt; is the ith solution) is tried to be improved by
using the best (g*) and worst (g*) solutions in terms of
the objective function. Accordingly, a new solution
(X**1;;) can be found as follows

X = X!, +rand(g* — X{;) — rand(g" — X{)) 3)

In the TLBO algorithm, two different equations such
as FPA are used in new solutions. These are called the
teacher and student phases, respectively. However, un-
like the choice done depending on the sp value in FPA,
these two equations are applied sequentially in TLBO.

The teacher role is the person who has the best
knowledge in the classroom and teaches the others. In
the teacher phase of the algorithm, this corresponds to
the solution with the best objective function among the
solution vectors. According to this, the teacher phase can
be written as

Xt =Xt + rand(g* -TF Xrtnean,j) (4)

In this equation, Xtmean, is the mean value of the design
variables, and TF, called the teaching factor, is a coeffi-
cient calculated according to Eq. (5).

TF = round (1 + rand ()) (5)

The student phase, on the other hand, stimulates the
learning of students as a result of their interaction. This
situation, which shows the interaction of randomly se-
lected solutions (X‘m; and X)) is seen in Eq. (6).

— X,
—Xmj)

According to the FPA, new solutions can be produced
according to two different equations. These equations
simulate global and local pollination, respectively. The
equation to be used in generating a new value is decided
according to the switch probability (sp) value. Accord-
ingly, arandom value is generated with the rand function
and compared with sp. If the rand value is less than sp,
global pollination is applied (Eq. (7)), otherwise, local
pollination is applied (Eq. (8)). Levy flight, which is the
value simulating the flight of pollen in the global pollina-
tion equation, is defined by the letter L.

g {};(X)n <X, XEj +rand(Xp,; (6)

b O > fX)m,  XE; +rand (X}

Xijt=Xi; +Lg" = X)) (7)

The hybrid algorithms used in the study consist of the
student phase/local pollination phase with Jaya. In addi-
tion, a modification was done to the Jaya equation by us-
ing L instead of the rand function as given in Eq. (9).

Xijh =Xl +L0g" = Xi)) —L(g" — Xi)) ()

During the optimization, for the first hybrid algorithm
called JALS, one of the Eq. (8) and Eq. (9) is used to gen-
erate new solutions according to the switch probability
value defined in FPA.

The second hybrid algorithm, JALS2 is used two
phases consecutively like TLBO. In these phases, both Eq.
(8) and Eg. (9) in the generation of new solutions. In
these phases, the production of new solutions is done ac-
cording to Eq. (8) and Eqg. (9), respectively.

In the last step, new solutions are compared with ex-
isting solutions. If objective function value of new solu-
tions better than existing ones, existing solution matrix
is updated with new solutions. Otherwise no change is
done. The last step and the fourth step are continued as
satisfied stopping criteria of the optimization. The opti-
mization process defined in five steps is also summa-
rized with the pseudo code in Fig. 1.

Step 1: Data entering process

Enter design constants (Table 2), ultimate limit of design variables (Table 3), algorithm parameters, number of solution vectors (vn) and stop-

ping criteria (sc).

Step 2: Initial solution matrix generation process

Generate total vn solution vectors according to Eq. (1), including randomly generated design variables and save the vectors in the initial solution

matrix.

Step 3: Analysis and design process

Analyze and design the system using each solution vector. Then, calculate the objective function (Eq. (2)) for each solution vector and stored in

the objective function vector.
while iteration number <stopping criteria (sc)

Step 4: Initial solution matrix generation process
Generate new solution vectors according to the algorithm rules.

Step 5: Comparing of solution matrices

if objective function value of new solutions better than existing ones

Modify the existing solution matrix
end (if)
end (while)

Fig. 1. Pseudo code of optimization process.
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3. Analysis of Axially Symmetrical Cylindrical Shells

A small piece of the shell shown in Fig. 2 can be taken
to obtain the general solution for cylindrical shells. Con-
sidering the equilibrium condition by taking into ac-
count symmetry and some constant forces, Eq. (10) can
be written.

dNy _

d—xrdxd(p =0

%rdxd(p + Nydxde + qrdxde = 0

dMy

™ rdxde — Q,rdxdp =0 (10)

From the solution of these equations to the axially
symmetrical cylindrical shell conditions with appropri-
ate assumptions, the general solution can be defined as

w = eP*(C, cospx + C, sinfx)+e F*(C;5 cosfx +

C, sinfx) + f(x) (11)
where C1-4 are integration constants that depend on sup-
port conditions, f{x) is a particular solution. § is a nota-

tion used in differential equation solutions and is given
in Eq. (12).

4 _ Eh _30v)
‘8 T ar2p T y2p2 (12)
In the equation, E, h, r, D, and v are elasticity modulus,
thickness, radius, rigidity (Eq. (13)), and Poisson’s ratio,
respectively.

3
D=—0t_ (13)

T 12-(1-v2)

When the structure of this equation is examined, it is
seen that the effects on the wall decrease rapidly as you
move away from the point where the load affects, and
converge to zero after a certain point. In this case, it
means that the cylindrical wall of a certain length and the
wall of infinite length give approximately the same re-
sults. This approach greatly simplifies the general equa-
tion whose solution includes assumptions and complex
mathematical operations. The solution equation of this
situation, which is called the long wall, can be written as

w = e"B* (C; cosfx + C, sinfix) (14)

Detailed information about this situation can be found
in several books (Billington, 1965; Timoshenko and Woi-
nowsky-Krieger, 1984).

dN
——*dx

Fig. 2. A small element of circular cylindrical shell.

4. Analysis of Cylindrical Wall with Flexibility
Theory

In Fig. 3, a cylindrical wall under the water loading
with a fixed base supported and the unknown forces in
the equivalent isostatic system can be seen.

The compatibility equations for the structure can be
written as

Dyy+ Fi1 X, +F,X, =0

Dyg+ FpuX, + F51 X, =0 (15)

In the equation, D19, D20 are displacement terms; Fi1,
F12, F21, and F22 are flexibility coefficients. The equations
of these terms are as follows

yr?H yr?

DlU = - En and D20 = E (16)
1 1 1

Fi, = _213’317 , Fop = ﬁ_D and F,, =F,; = __Zﬁ‘ZD (17)

where y is liquid density and H is height of the wall. By
implementing Egs. (16-17) to Eq. (15), redundant forces
can be obtained as
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]/'TZ'H

X1 _ -1 - E-h

Xz] =F yr? (18)
E-h

These two forces are those that only occur in the case
of a cylindrical wall. In the case of a dome on the wall, the
displacement (Eq. (19)) and flexibility (Eq. (20)) terms
of the dome can be added to the wall terms and the result
can be obtained easily.

2
T34 ( 1+vg

- cosa) sina
Eghg \1+cosa

Dyoq =

rqq .
Dyoq = ﬁ (2 +vy) sina

(19)

@ [

F _ 2rgAgsin®a F - F _ Zlfisina
11d — Eghg 4 12d — *21d — Eghg
423
and F,,; = 4 (20)
Eghgrg

In these equations, r4, ¥4, @, E4, Aq, and hq are radius,
Poisson’s ratio, starting angle, elasticity modulus, a term
that contains several properties of dome and thickness
of the dome, respectively. After the values in the equa-
tion are calculated and added to the wall terms (Fs, D1os
and D2os), the unknown forces at the top of the wall can
be calculated as

[2] = £ 2]
X4- s DZOS

A further explanation for this application can be found
in Billington (1965) and Kayabekir (2021).

(21)

o [

X1

>
XZ‘\/

X1

. <
\/A X2

Fig. 3. a) A Fixed based wall; b) Equivalent statically determinate system.

5. Numerical Examples

In this section, optimization via metaheuristic-based
optimization methodologies JA, JALS, JALS2, FPA, and
TLBO are performed for 5 cases including different wall
heights, from 5m to 7m with 0.5m increments. The opti-
mization process of each case was done for 20 runs.

The optimum thickness of the wall (hw) and statistical
values of the objective function are given in Table 5. Ta-
ble “Min. cost”, “Ave. cost”, “SD” and “Analyses num.”
show minimum cost, average cost, standard deviation,
and the average analysis number for which the optimum
result is found respectively.

It can be seen from Table 5 that the optimum wall
thickness increases as the wall height increases. There-
fore, as the height increases, the cost also increases. This
increase between two consecutive cases was approxi-
mately 12.43% - 16.28% for hwand 21.88% - 26.85% for
minimum cost. In addition, as the wall height increases,
the differences between successive cases decrease.

Considering the hw and minimum cost values calcu-
lated for each case, it is seen that the algorithms find ap-
proximately the same results.

According to statistical data, the standard deviation
value for each algorithm is very close to zero. This situa-
tion shows that the algorithms find the nearly same min-
imum cost value in each run for a cylindrical wall prob-
lem having one design variable, that is, the algorithms
provide stable results. For that reason, the average cost
values are also similar.

Although the algorithms provide similar results, they
reach optimum results at different analysis numbers. For
all cases, JA reaches the optimum result very quickly
with a 56.2-58.4 average analysis number. Hybrid algo-
rithms, JALS (analyses number 177.45-206.2) and JALS2
(analyses number 178.3-201.3) have similar perfor-
mance with FPA (analyses number 179.15-197.1). TLBO
shows the lowest performance with 322.4-367 analyses
number.
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Table 5. Optimum results for 5 cases.

Cases Results JA JALS JALS2 FPA TLBO
hw (m) 0.4747 0.4747 0.4747 0.4747 0.4747
Min. cost (TL) 131082.69 131082.69 131082.69 131082.69 131082.69
(ff;;) Ave. cost (TL) 131082.69 131082.69 131082.69 131082.69 131082.69
SD (TL) 3E-11 3E-11 3E-11 3E-11 3E-11
Analyses num. 56.2 188.45 190 191.7 344.3
hw (m) 0.5520 0.5520 0.5520 0.5520 0.5520
Min. cost (TL) 166280.09 166280.09 166280.09 166280.09 166280.09
(;jss‘;fn ) Ave. cost (TL) 166280.09 166280.09 166280.09 166280.09 166280.09
SD (TL) 3E-11 3E-11 3E-11 3E-11 3E-11
Analyses num. 56.2 190.4 192.4 185.85 355
hw (m) 0.6346 0.6346 0.6346 0.6346 0.6346
Min. cost (TL) 207784.58 207784.58 207784.58 207784.58 207784.58
(‘13;566 ri) Ave. cost (TL) 207784.58 207784.58 207784.58 207784.58 207784.58
SD (TL) 3E-11 3E-11 3E-11 3E-11 3E-11
Analyses num. 56.85 177.45 178.3 179.15 322.4
hw (m) 0.7188 0.7188 0.7188 0.7188 0.7188
Min. cost (TL) 254704.58 254704.58 254704.58 254704.58 254704.58
(;jggfn) Ave. cost (TL) 254704.58 254704.58 254704.58 254704.58 254704.58
SD (TL) 4E-10 3E-11 3E-11 3E-11 3E-11
Analyses num. 58.4 206.2 196.2 197.1 367
hw (m) 0.8082 0.8082 0.8082 0.8082 0.8082
Min. cost (TL) 310424.16 310424.16 310424.16 310424.16 310424.16
(E[isfri) Ave. cost (TL) 310424.16 310424.16 310424.16 310424.16 310424.16
SD (TL) 3E-10 1E-10 1E-10 1E-10 1E-10
Analyses num. 57.55 192.4 201.3 193.35 350.8

6. Conclusions

In the present study, the performances of several clas-
sical and hybrid metaheuristic algorithms are compared
on the optimum design of axially symmetrical cylindrical
reinforced concrete walls with a dome on top. In the
analysis, five different situations, three of which are clas-
sical and two of which are hybrid, of five different algo-
rithms and different wall heights were examined. Algo-
rithm performances were compared in terms of mini-
mum, average, standard deviation values, and the num-
ber of analyzes in which optimum results were achieved
by running the algorithms in large numbers for each
case.

According to the analysis results, it is understood that
all algorithms reach the optimum result. In addition, it is
seen from the mean and standard deviation values of the
repeated run results that the algorithms successfully
perform the optimization process each time. According
to these data, it can be said that all algorithms are used
to give reliable and appropriate results for the optimiza-
tion problem.

According to another comparison parameter, the
number of analysis values, it is seen that the Jaya algo-
rithm is the fastest in all cases. In addition, it is under-
stood that the slowest algorithm is TLBO, although other
algorithms are close to each other, the JALS algorithm is

slightly faster in 3 out of 5 cases. These results show that
the use of the Jaya equation for both the global equation
of the FPA algorithm and the teacher phase of the TLBO
algorithm contributes to the improvement of the perfor-
mance of both algorithms.

In future studies, it will be useful to demonstrate the
effectiveness of the methods by researching with a vari-
ety of problem and design variants.

REFERENCES

Akin A, Saka MP (2010). Optimum detailed design of reinforced con-
crete continuous beams using the Harmony Search Algorithm.
Tenth International Conference on Computational Structures Tech-
nology, Stirlingshire, UK, 131.

Bekdas G (2014). Optimum design of axially symmetric cylindrical re-
inforced concrete walls. Structural Engineering and Mechanics,
51(3), 361-375.

Bekdas G (2015). Harmony Search Algorithm approach for optimum
design of post-tensioned axially symmetric cylindrical reinforced
concrete walls. Journal of Optimization Theory and Applications,
164(1), 342-358.

Bekdas G (2018). New improved metaheuristic approaches for opti-
mum design of posttensioned axially symmetric cylindrical rein-
forced concrete walls. The Structural Design of Tall and Special
Buildings, 27(7), e1461.



Kayabekir / Challenge Journal of Structural Mechanics 7 (4) (2021) 180-187 187

Bekdas G (2019). Optimum design of post-tensioned axially symmetric
cylindrical walls using novel hybrid metaheuristic methods. The
Structural Design of Tall and Special Buildings, 28(1), e1550.

Bekdas G, Nigdeli SM (2013). Optimization of T-shaped RC flexural
members for different compressive strengths of concrete. Interna-
tional Journal of Mechanics, 7,109-119.

Bekdas G, Nigdeli SM (2014). The optimization of slender reinforced
concrete columns. PAMM, 14(1), 183-184.

Bekdas G, Nigdeli SM (2016a). Bat algorithm for optimization of rein-
forced concrete columns. PAMM, 16(1), 681-682.

Bekdas G, Nigdeli SM (2016b). Optimum design of reinforced concrete
columns employing teaching learning based optimization. 12th In-
ternational Congress on Advances in Civil Engineering, 1-8.

Bekdas G, Nigdeli SM (2017). Modified harmony search for optimiza-
tion of reinforced concrete frames. International Conference on Har-
mony Search Algorithm, Springer, Singapore, 213-221.

Billington DP (1965). Thin Shell Structures. McGraw-Hill, New York.

Cakiroglu C, Islam K, Bekdas G, Billah M (2021). CO2 emission and cost
optimization of concrete-filled steel tubular (CFST) columns using
metaheuristic algorithms. Sustainability, 13(14), 8092.

Camp CV, Akin A (2011). Design of retaining walls using big bang-big
crunch optimization. Journal of Structural Engineering, 138(3),
438-448.

Ceranic B, Fryer C, Baines RW (2001). An application of simulated an-
nealing to the optimum design of reinforced concrete retaining
structures. Computers & Structures, 79(17), 1569-1581.

Coello CC, Hernandez FS, Farrera FA (1997). Optimal design of rein-
forced concrete beams using genetic algorithms. Expert systems
with Applications, 12(1), 101-108.

de Medeiros GF, Kripka M (2014). Optimization of reinforced concrete
columns according to different environmental impact assessment
parameters. Engineering Structures, 59, 185-194.

Erol OK, Eksin I (2006). A new optimization method: big bang-big
crunch. Advances in Engineering Software, 37(2), 106-111.

Fedghouche F, Tiliouine B (2012). Minimum cost design of reinforced
concrete T-beams at ultimate loads using Eurocode2. Engineering
Structures, 42, 43-50.

Gandomi AH, Alavi AH (2012). Krill herd: a new bio-inspired optimiza-
tion algorithm. Communications in Nonlinear Science and Numerical
Simulation, 17(12), 4831-4845.

Geem ZW, Kim JH, Loganathan GV (2001). A new heuristic optimization
algorithm: harmony search. Simulation, 76(2), 60-68.

Ghatte HF (2021). A hybrid of firefly and biogeography-based optimi-
zation algorithms for optimal design of steel frames. Arabian Jour-
nal for Science and Engineering, 46(5), 4703-4717.

Goldberg DE, Samtani MP (1986). Engineering optimization via genetic
algorithm. Proceedings of Ninth Conference on Electronic Computa-
tion. ASCE, New York, NY, 471-482.

Govindaraj V, Ramasamy ]V (2005). Optimum detailed design of rein-
forced concrete continuous beams using genetic algorithms. Com-
puters & structures, 84(1-2), 34-48.

Holland JH (1975). Adaptation in Natural and Artificial Systems. Uni-
versity of Michigan Press, Ann Arbor, Michigan.

Karaboga D, Basturk B (2007). A powerful and efficient algorithm for
numerical function optimization: artificial bee colony (ABC) algo-
rithm. Journal of Global Optimization, 39(3), 459-471.

Kashani AR, Chiong R, Mirjalili S, Gandomi AH (2021). Particle swarm
optimization variants for solving geotechnical problems: review
and comparative analysis. Archives of Computational Methods in En-
gineering, 28(3), 1871-1927.

Kayabekir AE (2021). Effects of constant parameters on optimum de-
sign of axially symmetric cylindrical reinforced concrete walls. The
Structural Design of Tall and Special Buildings, 30(6), e1838.

Kayabekir AE, Sayin B, Bekdas G, Nigdeli SM (2017). Optimum carbon
fiber reinforced polymer design for increasing shear capacity of RC
beams. 3rd International Conference on Engineering and Natural
Sciences (ICENS 2017).

Kayabekir AE, Sayin B, Bekdas G, Nigdeli SM (2018). The factor of opti-
mum angle of carbon fiber reinforced polymers. 4th International
Conference on Engineering and Natural Sciences (ICENS 2018).

Kayabekir AE, Bekdas G, Nigdeli SM (2019). Optimum design of T-
beams using Jaya algorithm. 3rd International Conference on Engi-
neering Technology and Innovation (ICETI).

Kayabekir AE, Yiicel M, Bekdas G, Nigdeli SM (2020). Comparative
study of optimum cost design of reinforced concrete retaining wall
via metaheuristics. Challenge Journal of Concrete Research Letters,
11, 75-81.

Kennedy J, Eberhart RC (1995). Particle swarm optimization. Proceed-
ings of IEEE International Conference on Neural Networks No. IV, No-
vember 27-December 1, Perth Australia, 1942-1948.

Kirkpatrick S, Gelatt CD, Vecchi MP (1983). Optimization by simulated
annealing. Science, 220(4598), 671-680.

Martinez-Mufioz D, Marti ]V, Garcia ], Yepes V (2021). Embodied en-
ergy optimization of buttressed earth-retaining walls with hybrid
simulated annealing. Applied Sciences, 11(4), 1800.

Mirjalili S, Mirjalili SM, Lewis A (2014). Grey wolf optimizer. Advances
in Engineering Software, 69, 46-61.

Nigdeli SM, Bekdas G (2016). Detailed optimum design of reinforced
concrete frame structures. WSEAS Transactions on Applied and The-
oretical Mechanics, 11, 220-228.

Nigdeli SM, Bekdas G, Kim S, Geem ZW (2015). A novel harmony search
based optimization of reinforced concrete biaxial loaded columns.
Structural Engineering and Mechanics, 54(6), 1097-1109.

Nigdeli SM, Bekdas G, Yang XS (2018). Metaheuristic optimization of
reinforced concrete footings. KSCE Journal of Civil Engineering,
22(11), 4555-4563.

Rafiq MY, Southcombe C (1998). Genetic algorithms in optimal design
and detailing of reinforced concrete biaxial columns supported by
a declarative approach for capacity checking. Computers & Struc-
tures, 69(4), 443-457.

RaoR (2016).]Jaya: A simple and new optimization algorithm for solv-
ing constrained and unconstrained optimization problems. Inter-
national Journal of Industrial Engineering Computations, 7(1), 19-
34.

Rao RV, Savsani V], Vakharia DP (2011). Teaching-learning-based op-
timization: a novel method for constrained mechanical design opti-
mization problems. Computer-Aided Design, 43(3), 303-315.

Shalchi Tousi M, Ghazavi M, Laali S (2021). Optimizing reinforced con-
crete cantilever retaining walls using Gases Brownian Motion Algo-
rithm (GBMOA). Journal of Soft Computing in Civil Engineering, 5(1),
1-18.

Storn R, Price K (1997). Differential evolution-a simple and efficient
heuristic for global optimization over continuous spaces. Journal of
Global Optimization, 11(4), 341-359.

Timoshenko SP, Woinowsky-Krieger S (1984). Theory of Plates and
Shells. 2nd Edition, McGraw-Hill, New York

Yang XS (2009). Firefly algorithms for multimodal optimization. Inter-
national Symposium on Stochastic Algorithms, Springer, Berlin, Hei-
delberg, 169-178.

Yang XS (2010). A new metaheuristic bat-inspired algorithm. Nature
Inspired  Cooperative  Strategies for Optimization (NICSO
2010), Springer, Berlin, Heidelberg, 65-74.

Yang XS (2012). Flower pollination algorithm for global optimization.
International conference on unconventional computing and natural
computation, Springer, Berlin, Heidelberg, 240-249.

Yang XS, Deb S (2010). Engineering optimisation by cuckoo search. In-
ternational Journal of Mathematical Modelling and Numerical Opti-
misation, 1(4), 330-343.

Yepes V, Alcala ], Perea C, Gonzélez-Vidosa F (2008). A parametric
study of optimum earth-retaining walls by simulated annealing. En-
gineering Structures, 30(3), 821-830.

Yiicel M, Kayabekir AE, Bekdas G, Nigdeli SM, Kim S, Geem ZW (2021).
Adaptive-Hybrid Harmony Search Algorithm for multi-constrained
optimum eco-design of reinforced concrete retaining walls. Sustain-
ability, 13(4), 1639.

Zhao ], Nguyen H, Nguyen-Thoi T, Asteris PG, Zhou ] (2021). Improved
Levenberg-Marquardt backpropagation neural network by parti-
cle swarm and whale optimization algorithms to predict the deflec-
tion of RC beams. Engineering with Computers, 1-23.



