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Abstract

In this first study, the rectangular reinforced concrete beam’s costs and cross-section sizes are found by using
Harmony Search (HS), Differential Evolution Algorithm (DE), Jaya Algorithm, Teaching- Learning Based
Algorithm (TLBO), Hybrid algorithm (Jaya-TLBO) and Flower Pollination Algorithm (FPA) separately by using
ACI 318 building code. In addition, in order to better see how successful the algorithms are, the standard deviation
of the algorithms used in the project in a certain number of iterations, price changes and in which iteration the
minimum cost is compared. As a result of running different algorithms 5, 10, 15 and 20 times, separate values are
recorded, and the average number of iterations of the algorithms for each is shown by finding the standard
deviation values. Furthermore, Hybrid Algorithm reached the objective function in fewer iterations and their
standard deviations reached 0 earlier. In the second study, the beam design is made according to the ACI 318,
TS500 and Eurocode 2 regulations under certain loads by using a Hybrid Algorithm with different concrete
classes. Optimization of this design is made using the Matlab program, and comparisons are made between
regulations. Eurocode and TS500 design costs are roughly the same; however, ACI 318’s design is the cheapest.
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1. Introduction

Over time, studies have been carried out in many areas around the world in order to apply
sustainable and safe systems [1], and as a result, it has enabled some systems to be implemented,
designed and made in a short time with different desired features according to restraints
properties [2]. These have accelerated by spreading to many areas instead of being limited to
only one area, and in the general sense of the recent studies, studies are carried out to use the
world's resources more efficiently and by preventing their consumption, expense [3] and
pollution [4]. While these studies are carried out under sustainability, designs have become the
focal point of making this situation in the foreground. Increasingly complex problems are
solved by metaheuristic algorithms easily and successfully [5] and enable to design of cost-
effective structures [6].

Studies in the field of civil engineering have likewise gained momentum and in this process,
many structures; design according to the type of use, the use of different materials and different
systemic designs are provided. In different beam designs, section sizes and similar cases, the
structure is selected and completed according to the purpose of use. However, in the design
phase, the cross-section dimensions are assigned by the trial and error method, which is the
traditional method, and analyses are made and the results are interpreted. However, such
designs which have no optimal numerical solutions can prevent very effective results in terms
of time and cost. By creating objective functions (cost, CO> emission which is prominent in
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structural design [7], displacement, etc.), reaching the best results in a short time is achieved
with metaheuristic algorithms. Metaheuristic algorithms have been used more for various
problems in recent years [8,9]. Although there are many studies conducted in this context, these
studies differ according to the designs and purposes of the building elements. Chakrabarty [10]
studied the optimization of the design cost and material consumption with the Nonlinear
program model in his study. Bekdas and Nigdeli [11] provided the optimum design by using
the TLBO algorithm in their study. Zivari et al. [12] worked on optimum weight and material
optimization. Guerra and Kiousis [13] performed the optimization of the beam using a
sequential quadratic programming algorithm. In the study of Chutani and Singh [14], the
Particle Swarm Algorithm performed the optimum study of the reinforced concrete beam design
by using Indian regulation. Nigdeli and Bekdas [15] carried out the optimum design according
to the unfavorable live load in their study. Coello et. al. [16] utilized Genetic Algorithm to
achieve optimum beam design. Ulusoy et al. [17] optimized the minimum cost for the reinforced
concrete beam by using Bat Algorithm (BA), Harmony Search (HS), Teaching-Learning Based
Optimization (TLBO). In addition, Ulusoy et al. [18] found the optimum design of multi-span
frame structures which consist of reinforced concrete by using Harmony Search.

In this study, different metaheuristic algorithms are used for comparison to the effectiveness of
beam design which is utilized in various areas of structural engineering. All algorithms have
different features which can be about phase number, control parameters as well as combined
different features. Therefore, they affect the needed iteration number that can be enough to
reach the objective function. In the second study, 3 different regulations which are ACI 318
[19], Eurocode 2 [20] and TS500 [21] are used to design the beam according to various classes
of concrete.

2. Materials and Methods

2.1. The Beam Design and Regulations

Beams are one of the generally preferred building elements which are a member of frame
systems in building designs and this building element may differ according to their designs.
These differences affect the operation of the beam and enable it to gain different properties. It
will be observed that there is a difference in the calculations when it is designed as a rectangular
cross-section of the beam and a T-section beam. Firstly, in order to endure the bending moment,
the cross-sections of the beam are assigned according to regulations, and it has to use the needed
reinforcement area [22, 23]. Secondly, the effect of corrosion and enough capacity should be
considered, when engineers design structural elements [24]. Even though the tension zone of
the cantilever beams (balcony) is to be in the upper part of the beam, the two columns inside
the building will be in the lower part of the beam. Such differences have a very important effect
on design and reinforcement placement. The beams are reinforced in the area where the tension
zone will be formed according to the dead and live load applied to it. In this way, tensile forces
will be met with reinforcements with much better tensile strength than concrete under loads,
and situations such as breaking or cracking in the structure will be reduced.

Each regulation has some specific formulas for design problems. Some formula differences
may be due to the results of the laboratory or depending on factors such as the situation in which
measures are taken as a result of the structural errors experienced in the history of the country.
In this way, when the design of the structure is carried out under certain loads, besides the fact
that the system has different cross-section dimensions, there may also be differences in the use
of the required reinforcement area. If the reinforcement area is used more or less, its effect on
the system should be considered [25]. Furthermore, if the result of the necessary reinforced area
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is smaller than the minimum reinforced area, it will be equal to the minimum reinforced area
for 3 building codes.

Table 1 shows the beams’ design constraints. The first of the constraint values given for TS500
gives the area where the depth of the stress block should be, while the second constraint is the
comparison of reinforcement ratios. The reason why the 0.235* f.q¢/fya equation is taken into
account in the reinforcement ratio comparison is used to keep the deflection conditions under
control [26].

For Eurocode 2, the g; is used to control whether compressive steel is necessary or not (k), and
the g» restrains the stress block depth, as well as g3 limits the maximum reinforced area.

For ACI 318, the g1 compares to values of the stress block depth, while the g» compares the
reinforced area. Also, all abbreviations have meanings and these are:

As reinforcement area,

b section width,

h section height,

d distance from the over-compression to the center of the longitudinal tensile
reinforcement

z internal force lever (moment lever)

vk characteristic yield strength of steel,

fyvd  steel design yield strength,

fed  concrete design compressive strength,

fck characteristic compressive strength of concrete,
Db balanced reinforcement ratio

Table 1. The Beam's Constraints

g= k<0.167
Eurocode 2 &= ZA< 0.95*d
3= bxh <0.04
gi= 0<d—+a<h
0.85 X py
TS500 g~ Reinforced Area <4 002
0.235 x =<4
fyd
gi= 0<d—+a<h
ACI 318 0= 25 <0.75%0.85%k 1 *(fus/f) *600/(600+£,1)

bXxh

Eq. (1) calculate how much money should expend on concrete, while Eq. (2) calculates the
money for needed steel; furthermore, Eq. (3) contributes to finding how much money is
necessary for labor and formwork as well as Eq. (4) is used for the total cost for this design.

(b, xh—A,)
Cconcrete = Cc X L X W—6S (1)
10
Cconcrete = Cs X L X Vs X 1_056 (2)
(b,, X h)
Cformwork—labor = (Ck + Cki) X L X V;T (3)
TotalCost = Cconcrete + Csteel + Cformwork—labor (4‘)
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2.2. Metaheuristic Algorithms

Metaheuristic algorithms are algorithms that are inspired by events in nature and created by
forming equations as a result of observations. Although it is frequently used in fields such as
engineering, economy, logistics, finance and energy systems, it can also be used in different
fields. When the optimization process and structural design process are combined, it can lead
to finding the optimum objective function effectively and easily [27-30]. To give examples of
these algorithms; Algorithms such as Simulation Annealing (SA), Flower Pollination
Algorithm (FPA), Cuckoo Algorithm (CS) [31] and Artificial Bee Colony Algorithm (ABC)
[32] can be given as examples. These algorithms have been created as examples from many
areas and differences of life. Some of these are the Ant Colony Algorithm developed based on
the movements of the ants, the Bat Algorithm developed by utilizing the features of the Bats,
the Differential Evolution with the evolutionary developments based on the population, and the
Harmony Search Method inspired by ensuring that the musical piece sounds the best to the
listener [33]. Although each developed algorithm has different formulas, it differs according to
whether it is single-stage or multi-stage. Because of these differences, some algorithms can give
more efficient results in reaching the objective functions.

2.2.1 Teaching-Learning based optimization (TLBO)

This algorithm is developed by Rao et al. [34] in 2011, inspired by the learning interaction
stages between teacher-student. It consists of two phases: the teacher phase and the student
phase[35]. This feature makes it superior to other algorithms. The reason is that the objective
function is compared 2 times in 1 iteration, and this allows the algorithm to complete the
algorithm in a shorter time by reaching the objective function in fewer iterations.

Begin
% All needed constraints, variables and constants should be written
% The determination of population and iteration number
% Finding moment value
% Cross-Section lengths are generated randomly in terms of variable range.
% Finding reinforcement area
- Finding reinforcement ratio according to reinforcement area
- Comparing the maximum and minimum reinforcement area
- Generating the initial solution matrix
- Controlling the constraints and penalizing the objective function
The step of Teaching-Learning Phase
% Finding the mean and best value of initial solution matrix
% Finding the teaching factor (TF)
% Generating the variables
% Finding reinforcement area
- Finding reinforcement ratio according to reinforcement area
- Comparing the maximum and minimum reinforcement area
- Generating the new solution matrix
- Controlling the constraints and penalizing the objective function
% Comparing the initial and new matrix, and choosing best one.
End

Fig. 1. TLBO Pseudo Code

2.2.2 Differential evolution (DE)

It is an algorithm developed by Storn and Price [36], inspired by the natural evolutionary state
of species. This algorithm has been successfully applied in a lot of areas [37,38,39,40] such as
engineering [41], communication [42] and many different fields. It is a random search method
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that simulates mutation, re-arrangement and selection steps [37]. The pseudo-code is shown in
Fig. 2.

Begin
% All needed constraints, variables and constants should be written
% The determination of population and iteration number
% Cross-Section lengths are generated randomly
% NECESSARY EQUATIONS SHOULD BE WRITTEN in HERE
% Generating the initial solution matrix
The step of Differential Evolution
% Generating p, q as well as r which change iteration number (Mutation process)
% Crossover operation and comparing variables
% If (rand () <= CR) || (kr == randkr)
h: hncu;
% If not (rand () <= CR) || (kr == randkr)
b=OPT (1, kr);
h=0OPT (2, kr);
% NECESSARY EQUATIONS SHOULD BE WRITTEN in HERE
% Generating the new solution matrix
% Comparing new and initial solution matrix, and choosing the best one.
End

Fig. 2. Differential Evolution Pseudo Code

2.2.3 Hybrid algorithm (TLBO-Jaya)

Hybrid algorithms are generally formed by combining various algorithms within themselves.
In order to develop their structures, it can be combined 2 or more algorithms [43]. These
algorithms can be made by changing 1 phase of 2-phase algorithms. For example, there is
Teaching and Learning phase in the TLBO algorithm, and if a Hybrid Algorithm is desired, 1
phase from other algorithms is added instead of the Learning phase (it can be Jaya) and the
algorithm is completed in this way. The efficiency of the algorithm is shown in comparison
with the studies and it is observed that there is a more effective optimization process in general
and it reaches the objective function more efficiently. Furthermore, Hybrid Algorithms of SA,
HS and BBBC which have effective features when solving problems are developed [44].

[teration Phase:# It include 2 phases and altering can be learning phase
[Teaching Phase]

Xi,new = Xi,j + rand () (Xi:gbest - |Xi,j D - (TF)Xi,ortalama )
TF = round (1 + rand ())

[Learning Phase mmmp Jaya Algorithm|

% _ {AEl <AF,, X;;+ rO(Xia — Xip)
tnew AF, > AF,, XiJ +T()(Xi,b - Xi,a)

‘ (Changing between equations)

| X pow = Xij +rand O (X g,... —1%,;1) —7OXKi g —1%,;D

Fig. 3. Hybrid Code equations’ changing



M. Cosut, G. Bekdas, S.M. Nigdeli

Altering hybrid code can be like the Fig. 3 which includes TLBO and Jaya algorithm to
combine.

2.2.4 Jaya algorithm

Jaya algorithm which has developed by Rao in 2016 [45] is a method that has a similar approach
to the TLBO algorithm [33]. This algorithm is frequently used in engineering problems because
its variables are collected in a narrow area and scanned, and thus efficient results are obtained.
Using this algorithm is fairly straightforward to apply [46]. Jaya aims to reach the objective
function in fewer iterations and it is called “Victory”. Jaya equation is shown in Eq. (1).

Xinew = Xij +1and()(Xig,,... — |Xi]) —rand O(Xig, ops — |Xi4]) (4)
X’.... The new value of variable
X’.... The 1. design variable value, which is the best value for the objective function in the initial
matrix

X’.... —The 1. design variable value, which is the worst value for the objective function in the
initial matrix
X, The value of the candidate solution i. and j. in the initial matrix

rand () Randomly assigned state between 0 and 1

2.2.5 Harmony search (HS)

Harmony Search algorithm which was inspired by musical tones and best-sounding situations
was developed by Geem et al. [47]. Harmony Search has been used in miscellaneous areas [48]
such as engineering problems [49], hydraulic system design [50,51], steel frames [52,53] as
well as retaining walls to reach objective function. It has some equations for formulas such as
PAR is known as Pitch Adjustment Rate, as well as HCMR, is known as Harmony Memory
Consideration Rate which takes a number between 0 and 1. The harmony search equation is
shown Eq. (2).

HCMR > rand(), X;min +7and() X (X;max — Ximin)
Xinew = 11 (5)

HCMR < T‘and(), Xi,k + rand (—E,E) X PAR X (Xi,max—Xi’mm)

Ximax Maximum value of the i. design variable
Ximin  Minimum value of the i. design variable
Xik The value of the candidate solution i. and j. in the initial matrix

2.2.6 Flower pollination algorithm (FPA)

It is an algorithm created by taking into account the changes in color and scent, inspired by the
characteristics of flowers [54]. It enables the analysis to be completed by forming local
pollination and global pollination situations within the algorithm.
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3. Numerical Examples
3.1. Comparison of Different Metaheuristic Algorithms in Beam Design

Table 2 shows the design values which are restraints, variables, constants as well as the cost of
the material. Fig. 4 shows beam distributed load and cross-section.

Table 2. Beam design values

Explanation Symbol Unit Value
Minimum section width bwmin mm 250
Maximum section width bwmax mm 400
Minimum section height hinin mm 400
Maximum section height hmax mm 600
Distributed load q kN/m 32
Beam length L m 6
Compressive strength of concrete fox MPa 25
Yield strength of concrete fyk MPa 420
Specific gravity of steel Vs t/m3 7.86
Clear cover d mm 30
Cost of concrete per unit volume C. TL/m? 1400
Cost of steel per unit weight (6N TL/ton 15050
Cost of formwork material-labour C, Ci TLm?>  104-60

The objective function was generated to minimize design cost. Hence, it is important to find
effective cross-sections and necessary reinforced areas for design. Moreover, these variables
can change differences between their cost. For instance, when the cost of concrete increases,
the ratio of concrete usage will decrease in the optimization process.

Distributed Load

I |
N
00 -
| L |

Fig. 4. Beam section and loading display

Table 3 demonstrates the result of optimizations with various algorithms which are Jaya,
Teaching-Learning Based Optimization, Flower Pollination Algorithm, Hybrid Algorithm,
Harmony Search as well as Differential Evolution. All of the algorithms are the approximately
same cross-sections, reinforced area and cost.
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Table 3. Optimization results for various algorithms

Explanation bw h Reinforced Area Cost
(mm)  (mm) (mm?) (TL)
Jaya 250 410.5 1006.5 1668.8
TLBO 250 410.5 1006.5 1668.8
TLBO-Jaya 250 410.5 1006.5 1668.8
FPA 250 410.5 1006.5 1668.8
HS 250 410.5 1006.5 1668.8
DE 250 410.5 1006.5 1668.8

Table 4 illustrates the cases which are related to different running. Additionally, Case-1 has 5
runs, Case-2 has 10 runs, Case-3 has 15 runs as well as Case-4 has 20 runs. It can easily be seen
that all cases show the average of runs to compare each other. Also, all cases have 2 different
categories, namely Iter and S.D. Iter refers to how many average iterations the algorithm can
reach the objective function. On the other hand, S.D. refers how many average (100) iterations
the problem standard deviation will be 0. Also, the mean of standard deviation is taken for 100
iterations to compare the amount of changes. Standard deviation results are undeniable fact that
when Hybrid and TLBO are used for problem, they generally take nearly the same value as the
objective function.

Table 4. Comparisons of each algorithm

Case-1 Case-2 Case-3 Case-4
Iter S.D. Iter S.D. Iter S.D. Iter S.D.
JAYA 74.4 3.43 76.7 3.00 74.9 2.66 74.5 3.07
TLBO 61.4 0.016 59.6 0.02 58.8 0.016 59.9 0.02
HYBRID 35 0.0054 35.3 0.01 35.6 0.01 35.3 0.01
FPA 62.4 3.62 60 2.63 60.7 2.38 60.82 2.17
HS 10000+ 4.5 10000+ 3.7 10000+ 3.58 10000+ 4.04
DE 10000+ | 12.37 10000+ 14.35 10000+ 12.91 10000+ 13.04

Although the HS approaches the objective function with less than 0.2% standard deviations
(according to the average of 100 iterations) between 70-80 iterations, it is observed that it needs
a lot of iterations to reach the objective function exactly. The reason for this may be that the
maximum and minimum values of the variables are used in the formulas during the assignment
of the cross-sections.

When the DE algorithm is used, it is similar to the HS algorithm in terms of the number of
iterations to reach the objective function, and it is observed that this algorithm approaches the
objective function with less than 0.75 standard deviations (according to the average of 100
iterations) in approximately 75-80 iterations. However, it is observed that there are large
differences in the mean standard deviation values in 100 iterations. The most important factor
affecting the formation of these differences is; It is expected to result from the analysis
according to the randomly selected objective function value, instead of dealing with the best
and worst values of the objective function in the iteration stage.
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Fig. 7. Hybrid Algorithm results
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Fig. 8. Flower Pollination Algorithm results
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Fig. 9. Differential Evolution results
HS Algorithm HS Algorithm
1780 120
1760 < 100
1740 e 2
= 1720 —roe 2 80 ——HS-5
~— [0]
~ 1700 e HS-10 02 60 e HS-10
3 °
O 1680 Hs-15 | 8 40 —H5-15
1660 =
1640 HS-200 & 20 HS-20
1620 0 N

— o o

L T e T e TR e T R O I e O o —
NN < N O N0 D

—
NN < 1N O ™~N0 O

Iteration Number Iteration Number

Fig. 10. Harmony Search results

Fig. (5-10) demonstrate the changing of cost and standard deviation by increasing iteration
numbers. Looking at the line charts in more detail, at the beginning of the iterations, the beams’
cost for Jaya algorithm is just over 1800 TL, FPA is just under 1800 TL as well as TLBO and
Hybrid algorithms are approximately 1669 TL. For these graphs, differences between standard

10
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deviations also are observed and they have big differences compared to each other. At the first
iteration, due to the fact that TLBO and Hybrid Algorithms have 2 phases, they approach
objective functions easily compared to the other used algorithms. FPA is roughly 150 and Jaya
is almost 250. DE has the biggest standard deviation. Harmony Search’s standard deviations
seem that it is an effective and good solution compared to DE, Jaya, and FPA. However, it
cannot reach the objective function with fewer iterations. The standard deviation of TLBO and
Hybrid algorithm.

Objective Function
1950

1900
1850
1800
1750

1700 K

—
1650

1600

AN OO M N AWM AN OO MMN dNn OO NN W o M
AEH AN AN NN T TITNDN O OWONMNOODOWOWOO O

eammTBO DE Hybrid Jaya emmm—HS FPA
Fig. 11. Comparison of the algorithms in terms of cost

Fig. 11 compares by showing the variation of all used algorithms in this study according to the
number of iterations. The X-axis shows the iteration number while Y-axis demonstrates the cost
of the beam. It can easily be seen that Hybrid and TLBO algorithms are the most effective
algorithms compared to the others. They generally approach the objective function in a few
iterations. This feature allows complex problems to be solved easily and in a short time.
Differential Evolution is the slowest one for approaching the objective function. Additionally,
the initial cost is bigger than other algorithms and the second most expensive cost is from the
Jaya algorithm, at approximately 1785 TL as well as the other 4 algorithms generally alter
between 1668 TL and 1750 TL.

Fig. 12 illustrates the altering between all used algorithms in terms of standard deviation.
Standard deviation helps us to compare differences between current matrix elements and
objective function. If the standard deviation is close to 0, it can exactly say that there are not
too many differences between these values and they are nearly similar. DE and Jaya make up
a large proportion, at 275 and just over 175 respectively. FPA and HS have nearly 70-90 for
both algorithms. TLBO and Hybrid constitute of smallest difference. Therefore, their finding
costs are close to the objective function.

11
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Standard Deviation

Fig. 12. Comparison algorithms in terms of standard deviations
3.2. Implementation of Beam Design according to Regulations Using Hybrid Algorithm

In the study in this section, the rectangular section reinforced concrete beam design is designed
to be cost-optimal by using different regulations. ACI 318, TS500 and Eurocode 2 regulations
have been added to the program for analysis of separate formulations. Hybrid Algorithm created
by combining Metaheuristic Algorithms is used to achieve the objective function. The use of
this type of algorithm is because it gives more efficient results than other algorithms. In section
4.1, it is observed that Hybrid Algorithm achieved much more efficient results than other
algorithms, and in addition, it is observed that it reached the objective function in approximately
75% shorter iterations compared to the second-best algorithm (TLBO).

Maximum-minimum value of sections, distributed load value, the concrete class used, steel
class yield strength, clear cover, steel specific gravity, and concrete-steel-formwork costs will
be used as given in Table 5. In addition, cost changes that would occur if different concrete
classes are used under the same specifications are also applied. These cost changes, the cost
increases as the concrete compressive strength increases, the reinforcement class used will not
change and there will be no difference in cost. However, with the change in the concrete class,
the values to be used in the formulas will change and there will be differences in the cross-
section dimensions and the reinforcement areas to be used. Due to these differences, there will
be a difference in the cost value required for the beam design. Concrete classes of C25/30,
C30/37 and C35/45 will be used for this study. With the change in concrete compressive
strength, differences in objective functions can be observed. Table 5 shows the cost of concrete
types which are increasing with the rise of the concrete strength.

Table 5. The cost of concrete

Concrete Classes Cost of concrete (TL/m?)
C25/30 1400
C30/37 1460
C35/45 1575

Tables 6, 7 and 8 illustrate the changing between building codes according to cross-section,
reinforced area (As) as well as cost by using different types of concrete classes. It can easily be
seen that when TS500 and Eurocode 2 are used for this problem, their results are found
approximately the same. In the design process, if the using concrete class increases, the
necessary amount of cost design goes up too. Moreover, by (width) sections are the same in
both all 3 building codes and 3 various concrete classes although h (height) sections alter by

12
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changing concrete class. When the using concrete class is increased, the cost of design also
will go up.

Table 6. Result of Hybrid Algorithm by using C25/30 Concrete

by (mm) h (mm) As(mm?)  Cost (TL)
Eurocode 250 456.33 1060.3 1814.2
TS500 250 456.45 1060.6 1814.7
ACI 318 250 410.5 1006.5 1668.8

Table 7. Result of Hybrid Algorithm by using C30/37 Concrete

by (mm) h (mm) As(mm?)  Cost (TL)
Eurocode 250 437.92 1091.6 1832
TS500 250 438.1 1091.9 1832.4
ACI 318 250 400 1019.1 1688.8

Table 8. Result of Hybrid Algorithm by using C35/45 Concrete

by (mm) h (mm) As(mm?)  Cost (TL)
Eurocode 250 418.7 1136.2 1887.8
TS500 250 418.8 1136.4 1888.3
ACI 318 250 400 1003.5 1761.1

Fig. 13 shows the costs according to building regulations and the different classes of concrete.
It is fact that ACI 318 is the least amount compared to others.

1950
1900
1850
1800
1750 Eurocode

COST (TL)

1700 TS500
1650

1600
1550

ACI 318

C25/30 C30/37 C35/45
The Concrete Classes

Fig. 13. The costs according to building codes
4. Discussion of Results
In this study, the rectangular reinforced concrete beam is designed ACI 318, TS500 and

Eurocode 2. The first study is that ACI 318 regulation rules and boundary conditions, and
algorithms are written in such a way that the system had the most optimum cross-section values
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and reinforcement area in terms of cost. These algorithms are performed using a Matlab
program with different metaheuristic algorithms such as TLBO, Hybrid, Jaya, FPA, HS, DE.
Each algorithm differs from the other due to its features such as having different formulas and
being of 1 or 2-phase algorithms. Using different algorithms in this way; When the algorithms
reach the objective function, the section sizes, reinforcement areas and cost values are
compared, as well as the comparison of how many iterations the algorithms reached to the
optimum value and how close they got to the objective function. As a result of the optimization,
it is observed that the dimensions of the beam sections, the reinforcement area to be used in the
beam and the total cost value for the system are the same for each algorithm. In the case of
applying a distributed load of 32 kN/m to a 6-meter-long beam, the beam width is calculated as
250 mm, the height is calculated as 410.5 mm, and the reinforcement area is calculated as
1006.5 mm?. In the case of cost calculation, after these values are found, an expense of
approximately 1668.8 TL will be expected. While TLBO and Hybrid algorithms, which have 2
phases, reach this cost value in very few iterations, it takes a little longer for other algorithms
to reach the objective function. Also, FPA reaches the objective function about the same
iteration number. Looking at the other algorithms, Jaya generally reaches objective function
roughly in 75 iterations. In the case of using HS and DE algorithms, it has been observed that
reaching the objective function is more than 10,000 iterations. However, despite being like this,
it is seen that the standard deviation values of HS are very close to the objective function on
average. However, it is seen that the standard deviation value of DE for 100 iterations is higher
than the others, and this may be because the objective function values chosen randomly in the
formulas will affect the efficient finding of the sections. Jaya, on the other hand, appears to
have reached the objective function in approximately 45 iterations, even though it seems
expensive at first due to the randomly assigned values.

As the second study, a rectangular reinforced concrete beam design is applied by using different
regulations depending on the same loadings and material properties. In these designs, the
changes between them are controlled by using different concrete classes for each regulation. As
the strength of the concrete used increases, the cost value also increases. In general, section
dimensions, reinforcement area and cost results are approximately the same for Eurocode 2 and
TS500, while ACI 318 takes different values according to these regulations and the cost value
1s calculated less. When controls are made between costs, it has been observed that ACI 318
has approximately 6.5%-8.2% less cost compared to other regulations. For C25/30 concrete
class, Eurocode 2, TS500 and ACI 318 design costs take different amounts, at 1814.2 TL,
1814.7 and 1668.8 respectively. C30/37 concrete class, Eurocode 2, TS500 and ACI 318 design
costs take different amounts, at 1832 TL, 1832.4 and 1688.8 respectively. C35/45 concrete
class, Eurocode 2, TS500 and ACI 318 design costs take different amounts, at 1887.8 TL,
1832.4 and 1761.1 respectively.

5. Conclusion

As a result of this study, these findings were obtained.

e There are various metaheuristic algorithms that are inspired by nature. They can reach the
objective function in the different iterations because of differences between their
formulization and the number of stages and phases.

e Hybrid algorithms that combined with 2 or more algorithms generally reach the objective
function the with least iterations compared to other used metaheuristic algorithms.

e Building codes can influence the design of structures because of their design properties.

Therefore, when a system is designed, differences in cross-section dimensions,
reinforcement area and cost values can be observed.
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