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Abstract

Genetic algorithms, a stochastic research method, emerged by adapting the development process of biological systems to
the computer environment. Operations carried out in genetic algorithms are performed on units stored in computer
memory, similar to natural populations. Many linear or nonlinear methods have been developed to solve optimization
problems. Since genetic algorithms are heuristic, they may not find the optimum result for a given problem; however, they
give very close to optimum values for problems that cannot be solved by known methods or whose solution time increases
exponentially with the solution of the problem. Genetic algorithms are initially applied to nonlinear optimization problems. In
this study, a genetic algorithm was applied to the single-span beam, a single-span beam with a gap in its body. While applying
to the genetic algorithm the problems developed back-controlled selection, randomly mixed crossover, double-sensitivity
mutation operators, and backward-controlled stopping criterion were used. As a result, developed genetic algorithm
operators were applied to the too-big-sized beam problems. These beams' dimensions were too big but they weren’t deep
beams according to ACI 318-95 rules.
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1. INTRODUCTION

The basic principles of genetic algorithms were first introduced by [1]. The development of genetic
algorithms was greatly aided by Holland's discovery of the crossover operator. The first study on
genetic algorithms in the literature is Holland's work on Machine Learning. Goldberg's [2] work on the
control of gas pipelines, later influenced by this work, proved that genetic algorithms can have
practical uses.

Genetic algorithms work best on problems that are impossible to solve using conventional
techniques or whose solution times grow exponentially with issue size. Genetic algorithms have been
used up to this point to try and address various issues in many fields. Optimization, automatic
programming, machine learning, population genetics, evolution and learning, and social systems are a
few of these disciplines [3], [4], [5], [6], [7].

An initial population of subsets of all potential solutions is obtained in the first step of the genetic
algorithms [8]. Every person in the population has a unique code. From a biological perspective, every
person is like a chromosome. Each member of the population has a fitness level. Depending on their
fitness rating, an individual advances to the next population. A person's strength is determined by
their fitness value; a good person has a high fitness value in the case of a maximization problem and a
low fitness value in the case of a minimization problem [9].

The following elements are present in all genetic algorithms that are used to solve problems:

* Representation of individuals forming the population as a sequence (“chromosome”).
¢ Creation of the initial population.

¢ Determining the suitability of individuals and establishing the evaluation function

¢ Genetic operators for obtaining new populations.

¢ Control variables (Probabilities of the crossover and mutation operators)

1.1. Purpose of study

In this study, a genetic algorithm was applied to the single-span beam, a single-span beam with a
gap in its body.

2. METHODS AND MATERIALS
2.1. Coding

The primary characteristic that sets genetic algorithms apart from other techniques is their
utilization of codes rather than variables. Selecting the best coding type for the task is the first step in
using the genetic algorithm to solve any problem (table 1). In this study permutation coding was used.

TABLE |
Profile numbers and codes of these profiles
Profile Number Profile Section
1 IPE200
2 IPE220
3 IPE240
4 IPE260
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2.1.1. Permutation coding

The chromosomal length in permutation coding is equal to the total number of design variables.
When there are multiple sub-variables in the design variables, permutation coding is the method of
choice. This coding style uses randomly chosen numbers between 1 and the total number of design
variables to represent the codes of the design variables (Table 2).

TABLE I
Code of a random individual in permutation coding type
Number 1. profile 2. profile 3. profile 4. profile 5. profile
Code 3 1 4 2 3

2.2. Creating the initial population

The fact that genetic algorithms search within a population of points rather than point-to-point is
another crucial characteristic that sets them apart from other techniques (Goldberg, 1989).
Consequently, the initial population is created as the first step in the genetic process.

2.2.1. Evaluation

The population's fitness values are determined using an evaluation function for every generation.
Which candidate solutions from the current population will be used to generate new candidate
solutions that will constitute the next population depends in part on the fitness value. The objective
function of the issue serves as the evaluation function in genetic algorithms. Nonetheless, design
variables may place restrictions on objective functions in particular situations. In this scenario, two
transformations should be applied to change objective functions that are restricted by design variables
into unconstrained objective functions that are independent of design variables. In the first
transformation, the following transformation (Eq. 1) is applied to change the constrained objective
function f(s) into the unconstrained objective function O(s). This transformation makes use of error
functions.

@(s) = [ f(s) +R.2 ®(2)] (1)
IfZ>0ise ®(2)=22

If Z<0ise ®(Z)=0 (2)
f(s): Constrained objective function

R: Predetermined error coefficient (R=10,100...)

(2): Error function

@(s): Unconstrained objective function

The fitness function F(s) (Eq. 3) is obtained by transforming the unconstrained objective function O(s)
in the second transformation.

F(s)= @ max-[ f(s) +R .2 ®(gj(x) ] F(s)= @ max- @(s) (3)
@ max: The maximum value of the unconstrained objective function

F(s): Fitness function
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Individuals' fitness values are determined using Equation 3. The next step participants are then
selected using any of the following techniques based on their fitness values. It is not possible to
determine the fitness values of minimization issues directly using the objective function when any
selection strategy is applied. Considering that the goal of these selection processes is to maximize
fitness. Multiplying the minimization problem's objective function by (-1) is one way to convert
minimization difficulties into maximization problems. Genetic algorithms, however, do not employ this
technique since it requires positive fitness values [2]. When a genetic algorithm solves a minimization
problem, the problem's objective function value is subtracted from a large value that is first set to
create a maximizing problem.

2.2.2. Selection methods

Each generation begins with the formation of the initial population, and then, through a selection
process, members of the existing population are chosen to become the next population. People who
score highly in fitness are more likely to recruit new members. This operator artificially carries out
natural selection. The ability of individuals to endure obstacles to growth and reproduction
determines the fitness of natural groups. A summary of the selection process is provided below.

2.3. Back controlled selection operator (BCSO)

The selection process is carried out among the people who comprise the population in the present
selection operators. The selection process in this operator is based on each person's fitness values.
The BCSO is distinct from other selection operators in that it compares an individual's fitness value to
that of the preceding generation. A person would maintain their place if their fitness value exceeded
that of the previous generation. If an individual's fitness value is equivalent to or lower than that of
the previous generation, they will be eliminated from the population [10].

2.4. Crossover operator

By sharing information between various solutions, the crossover search operator opens up similar
but uncharted areas of the search space. By switching around specific components of two randomly
chosen individuals from the population, the crossover operator yields two distinct individuals that will
provide new points in the search space. The randomly mixed crossover was utilized in this
investigation.

2.4.1. Randomly mixed crossover

The procedure of numbering the current crossover operators started with this crossover operator.
Next, the chromosomal pairs in the population belonging to the same generation were randomly
subjected to the crossover operators that were already in place [11].

2.5. Mutation operator

Working with a small population increases the likelihood that some genetic information may
eventually be lost before its time. A chromosome can have an identical set of genes. Such a
chromosome cannot be substituted with the crossover operator. In this instance, the population's
chromosomes are manipulated at a specific rate to change the gene at the randomly chosen location
on the chromosome [2]. It is recommended to take the mutation rate between 0.0001 and 0.05 [12].

2.5.1. Double times sensitive mutation (DTSM)
The developed DTSM operator differs from the existing mutation operators in that this operator was

applied to the randomly selected members’ randomly selected sites of the population. In the

4
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developed mutation operator process is applied in two steps every generation. In the first step, a
member is randomly selected between members in the population. In the second step, a site is
randomly selected between sites in the members. In this operator mutation process applied to the
population is double the sensitivity mutation operators [13].

3. RESULTS
3.1. Stopping criteria

In GA problem analysis, the analysis terminates at a previously determined time, generation
numbers, or fitness values. The stopping of the analysis according to the determined fitness values
provides more accomplished results than the previously determined generation numbers and time.
Moreover, previous stopping criteria do not provide enough investigation into the design area.

3.1.1. The backward controlled stopping criterion (BCSC)

The difference between the newly developed stopping criterion and the available stopping criteria is
that a very high generation number is not entered when the newly developed stopping criterion is
used. When the analysis starts; if the fitness value obtained from the following generation is; bigger
than the value obtained from the previous generation, the maximum generation number increases by
one hundred; if equal, the maximum generation number increases by fifty; and if smaller than the
maximum generation number does not change. If a higher fitness value cannot be found in the last
step of the analysis, the analysis stops automatically, and the maximum fitness value obtained from
the first step is accepted as the maximum fitness value for this analysis. Also, every problem at the
completion time was determined for all stopping criteria and was given at the tables.

3.2. Reinforced concrete deep beams

Some reinforced concrete beams show different behavior from the classical beam behavior because
they have a very large height compared to their spans. The thickness of these beams in the direction
perpendicular to the plane is much smaller than both their openings and their depths. Although there
is no full harmony between the regulations of the countries in the definition of these elements, some
of the definitions made are as follows.

According to TS 500; The ratio of beam span to height for continuous beams is 2.5, and for simple
beams, beams with a ratio of beam span to beam height less than 2 are considered high beams (TS
500, 1984).

According to ACI 318-95; In the bending calculation; in continuous beams, the ratio of beam clear
span to beam height is 5/2, and for simple span beams, beams with a ratio of beam clear span to
beam height less than 5/4 are considered high beams (ACI, 1999).

According to ACI 318-95: In the shear calculation; If the ratio of the beam span to the beam height is
less than 5 and the beam is loaded from the top face, the beam is considered a high beam (ACI 318-95,
1999).

Another definition can be made as follows. The beams, which are carried by the compressive belt
formed between the load and the reactions, are considered high beams. This is achieved if the single
load is closer to the beam's useful height at the support for beams loaded with a single load, or if the
ratio of beam span to beam height is less than 5 for beams loaded with evenly distributed load (318-
95, 1999). Such elements are used in walls and tanks of rectangular tanks, floor diaphragms, shear
walls, corrugated roof sheets, bunkers, quay walls, and silos [14].
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3.2.1. Determination of reinforcement diameters in a single-span deep beam

The most suitable reinforcement diameter was determined using genetic algorithms by keeping the
reinforcement spacing in the deep beam constant. The deep beam was considered an element
consisting of 3x3 plates. Then, the deep beam, which consists of these nine plates, is analyzed with the
finite element method under the two loads acting from the upper edge of the beam, and the forces
acting on these plates are determined. The required horizontal and vertical reinforcement areas were
determined for each plate. By selecting the reinforcement spacings on the horizontal and vertical axis,
the process of determining the most suitable reinforcement diameter to be used in the horizontal and
vertical axis for each plate was started. Since the determination of the most suitable reinforcement
diameter is an optimization problem, genetic algorithms were used to solve this problem.

3.2.1.1. Coding

For this problem, it was decided that the most appropriate coding type was permutation coding. In
our problem, we have 18 design variables and horizontal and vertical reinforcement diameters for
each plate. Since the number of design variables will be equal to the chromosome length, our
chromosome length has been determined as 16. There are 8 rebar diameters for each of our design
variables (Table 3).

TABLE IlI
The design variables used in the problem and the codes representing these variables
Diameter @10 @12 @14 @16 @18 @20 @22 @24
Code 1 2 3 4 5 6 7 8

The chromosome structure of any individual used in the problem is given in Table 4. While obtaining
chromosomes the numbers are randomly chosen from 1 to 8 (Table 4).

TABLE IV
The chromosome structure of any individual used in the problem

1 2 3 4 5 6 7 8 9 10 |11 |12 |13 |14 |15 |16 |17 |18

5 3 4 7 6 2 8 1 null | null |5 7 4 3 6 3 4 5

3.3. Creating the initial population

In Table 5., the initial population consisting of 10 individuals was given.

TABLE V
The initial population of 10 individuals
Individual Individual Code
number
1 7 2 8 1 5 3 6 4 null Nilsson 3 4 7 2 1 5 4 2
2 3 58 1 2 4 7 6 nul null 385 1 7 4 8 1
3 317 6 2 4 8 5 nul nul 6 4 7 5 1 8 3 7
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4 5 6 3 4 1 7 2 8 nul nul 8 2 1 5 3 6 1 2
5 8 7 3 2 45 1 6 nul nul 4 1 8 2 6 3 4 5
6 5 4 6 3 7 2 1 8 nul nul 5 4 8 2 6 3 4 5
7 4 351 2 6 7 8 nnl nul 7 3 3 1 2 7 2 8
8 5 1 2 6 8 7 3 4 nul nul 2 6 8 4 1 6 1 4
9 4 75 6 8 1 3 2 nul nul 2 8 1 3 8 7 3 6
10 4 6 8 2 5 1 7 3 nul null 35 4 6 7 1 6 7

3.4. Evaluation

In the evaluation phase, first of all, an objective function suitable for the problem was determined
(Eq. 4).
f(s) =min [ Zp.l.A ] (4)
Since this objective function is constrained by design variables, the function given in Eq. 4 is

transformed into an unconstrained objective function (Eg.7). This function on independent of the
design variables by using the error functions given in Eq. 5 and Eq. 6.

fh=As.cs / Fe (5)
If th=1 ise ®(g)=fh (6)
@(s) = [R.2Z D(g)] (7)

The problem-specific error coefficient is taken as R=1. The following conversion is made to the
unconstrained objective function @(s) to obtain the fitness function (Eq. 8).

F(s)=max [1- @ (s /@ort] (8)

Then the fitness values of the individuals in the initial population are calculated. The fitness values are
used to identify the individuals who will form the next population.

3.5. Applying the copy operator to the population

The individuals forming the initial population are ranked according to their fitness values. After this
ranking, individuals whose fitness values were lower than the predetermined success limit were
considered unsuccessful and expelled from the population. Successful individuals are copied instead of
unsuccessful individuals are expelled from the population (Table 6). In this study, the success limit was
accepted as 50%. Individuals numbered 6, 2, 5, 4, and 3 in the initial population were expelled from
the population because their fitness values were below the success limit, and individuals numbered 1,
8, 7, 10, and 9 were copied instead (Table 7).
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TABLE VI
The fitness values of the individuals that make up the unit
Fitness value Sorted fitness value Fitness values after copying
Individual Fitness value Individual Fitness Individual Fitness
Number Number value Number value
1 0.4172 6 0.3923 1 0.4172
2 0.3989 2 0.3989 8 0.4189
3 0.4152 5 0.4127 10 0.4233
4 0.4134 4 0.4134 7 0.4203
5 0.4127 3 0.4152 9 0.4562
6 0.3923 1 0.4172 1 0.4172
7 0.4203 8 0.4189 8 0.4189
8 0.4189 10 0.4233 10 0.4233
9 0.4562 7 0.4203 7 0.4203
10 0.4233 9 0.4562 9 0.4562
TABLE VII
Initial population after copying P'(t)
Individual The New Population Formed at the End of the Copy Process
Number
1 7 2 8 1 5 3 6 4 8 6 3 4 7 2 2
8 5 1 2 6 8 7 3 4 5 4 2 6 8 4 4
10 4 6 8 2 5 1 7 3 2 8 3 5 4 6 7 7
7 4 3 5 1 2 6 7 8 5 2 7 3 3 1 2 8
9 4 7 5 6 8 1 3 2 1 7 2 8 1 3 8 6
1 7 2 8 1 5 3 6 4 8 6 3 4 7 2 2
8 5 1 2 6 8 7 3 4 5 4 2 6 8 4 4
10 4 6 8 2 5 1 7 3 2 8 3 5 4 6 7 7
7 4 3 5 1 2 6 7 8 5 2 7 3 3 1 2 8
9 4 7 5 6 8 1 3 2 1 7 2 8 1 3 8 6

3.6. Applying the crossover operator to the initial population

The initial population was crossed over to obtain individuals with higher fitness values. In this
application, a point crossover method is used. The individuals forming the population are divided into
two groups. These two groups called Parent 1 (Table 8) and Parent 2 (Table 9) were crossed with each
other. After the crossover process, two new communities called Child 1 (Table 10) and Child 2 (Table

8
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11) were formed. While child 1 from these two new populations was kept in the population, child 2
was expelled from the population. A new group was produced to replace child 2 who was expelled
from the population. Later, child1 and translatorl are combined (Table 12).

TABLE VIII
The first parent to be a crossover
Individual Individual Code
Number
1 7 2 8 1 5 3 6 4 8 6 3 47 2 1 5 4 2
10 4 6 8 2 5 1 7 3 2 8 3 5 4 6 7 1 6 7
9 4 7 5 6 8 1 3 2 1 7 2 8 1 3 8 7 3 6
8 5 1 2 6 8 7 3 4 5 4 2 6 8 4 1 6 1 4
7 4 3 5 1 2 6 7 8 5 2 7 3 3 1 2 7 2 8
TABLE IX
The second parent to be a crossover
Individual Individual Code
Number
8 5 1 2 6 8 7 3 4 5 4 2 6 8 4 1 6 1 4
7 4 3 51 2 6 7 8 5 2 7 3 3 1 2 7 2 8
1 7 2 8 1 5 3 6 4 8 6 3 47 2 1 5 4 2
10 4 6 8 2 5 1 7 3 2 8 35 4 6 7 1 6 7
9 4 7 5 6 8 1 3 2 1 7 2 8 1 3 8 7 3 6
TABLE X
The first child formed as a result of the crossover operation
Individual Individual Code
Number
1 7 2 8 1 5 3 6 4 84 2 6 8 4 1 6 1 4
2 4 6 8 2 51 7 3 22 7 3 312 7 2 8
3 4 7 5 6 8 1 3 2 16 3 4 7 2 1 5 4 2
4 5 1 2 6 8 7 3 4 58 3 5 46 7 16 7
5 4 3 5 1 2 6 7 8 57 2 8 1 3 8 7 3 6
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TABLE XI
The population was brought from outside instead of the second
population formed as a result of the crossover process.

Individual Individual Code
Number
1* 151 2526 36 1 511511 81
2% 2 6 2 3 3 3 3 4 3 4 2 4 33 3 2 6 2
3* 353 3 3 3 3 4 3 4 2 4 33 3 2 6 2
4* 315 6 47 3 7 38 85 46 7 36 3
5* 5 75 7 8 6 7 8 67 7 4 3 3 3 2 6 2
TABLE XII
The new population formed as a result of the crossover operation is P"(t)
Individual Individual Code
Number
1 7 2 8 1 5 3 6 4 84 2 6 8 4 1 6 1 4
2 4 6 8 2 5 1 7 3 22 7 3 3 1 2 7 2 8
3 4 7 5 6 8 1 3 216 3 4 7 2 1 5 4 2
4 51 2 6 8 7 3 458 35 46 7 1 6 7
5 4 3 5 1 2 6 7 857 2 8 1 3 8 7 3 6
1* 1 51 2526 36 1511511 81
2% 2 6 2 3 3 3 3 4 3 4 2 4 33 3 2 6 2
3* 353 3 3 3 3 4 3 4 2 4 33 3 2 6 2
4* 3 156 47 3 7 38 85 46 7 3 6 3

3.7. Application of the mutation operator to the initial population

After a specific amount of time, when the program is running, every gene that makes up the
chromosome can be the same. Such a chromosome cannot be substituted with the crossover

operator. A preset mutation rate governs how the population mutates (Table 13). In this study, the
mutation rate was accepted as 0.01.

TABLE Xl
The new community formed as a result of the mutation process is P"'(t)
Individual Individual Code
Number
1 7 7 8 1 5 36 4 84 2 6 8 4 16 1 4
2 4 6 8 55 1 7 3 22 7 3312 7 2 8

10
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3 4 7 5 6 8 1 3 216 6 4 7 2 1 5 4 2
4 5 6 2 6 8 7 3 458 3 5 46 7 16 7
5 4 3 51 2 6 7 857 2 8 1 1 8 7 3 6
6 1 58 25 26 3 6 151151181
7 2 6 2 3 2 3 3 4 3 4 2 4 33 3 2 6 2
8 3 53 3 3 3 3 43 45 4333 26 2
9 3156 47 3 7 38 85 46 7 361
10 57 5 7 2 6 7 8 6 7 7 4 33 3 2 6 2

The new population obtained by applying the transcription crossover and mutation operators to the
initial population was accepted as the initial population for the next generation. In this application, the
processes are repeated until the number of elements with the features we have specified is 10 (Table
14). The fitness value the highest person fitness value and code are given in Table 15, and the
reinforcement diameters are given in Table 16.

TABLE XIV
The fitness values, and codes of the 10 most suitable individuals in the problem of determining the
most suitable reinforcement diameter in high beams using genetic algorithms.

No | Fitness Codes of Eligible Individuals
Value

1 05260 4 6 4 6 3 6 5 5 5 1 5 1 1 6 1 3 5 3
2 04565 4 6 4 6 3 6 5 5 5 1 5 1 1 6 1 3 5 3
3 04947 4 6 4 6 3 6 5 5 5 1 5 1 1 6 1 3 5 3
4 04451 3 6 3 3 4 3 3 5 3 3 6 3 4 3 4 3 5 3
5 04660 4 6 4 6 3 6 5 5 5 1 5 1 1 6 1 3 5 3
6 05252 3 5 3 4 6 4 7 4 7 1 2 1 1 7 1 1 8 1
7 05028 3 5 3 1.3 1 7 8 7 1 4 1 1 7 1 1 2 1
8 05417 3 5 3 1 3 1 7 4 7 1 4 1 1 7 1 1 2 1
9 0496 3 5 3 1 3 1 7 4 7 1 4 1 1 7 1 1 2 1

10 05341 3 5 3 1 3 17 4 7 1 4 1 1 7 1 1 2 1

11
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The fitness values of the 10 most suitable individuals

0.55 |

0.138 | |

0.
1 2 3 4 5 6 7 8 9 10

Fig. 1. The fitness values of the 10 most suitable individuals

The fitness value and code of the most suitable individual in the solution of the high beam are given in
Fig. 1 with genetic algorithms. The code of the most suitable individual in the solution of the high
beam is given in Fig. 1. with genetic algorithms and the reinforcement diameters corresponding to this

code

TABLE XV
The fitness value and code of the most suitable individual

Fitness value
Code of the Most Suitable Individual

0.4825 25 2 3 3 3 3 4 3 4 2 4 33 3 2 6 2

TABLE XVI
Genetic algorithms and the reinforcement diameters corresponding to this code
Region Number 1 2 3 4 5 6 7 8 9
Horizontal Reinforcement code 2 5 2 3 3 3 4 3 4
Horizontal Reinforcement Diameter 12 18 12 14 314 14 J16 14 16
Vertical Reinforcement code 4 2 4 3 3 3 2 6 2
Vertical Reinforcement Diameter 16 12 16 14 14 14 12 20 12

12
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4. CONCLUSION

A stochastic research technique called genetic algorithms arose from the adaptation of biological
system development to the computer environment. In genetic algorithms, functions are carried out on
computer memory units that resemble natural populations. Numerous linear and nonlinear
techniques have been developed in recent times to solve optimization challenges. It is acknowledged
that while using these techniques for solving optimization problems, the design variables are
continuous. Some issues have a lot of design variables and restrictions, so addressing them using
typical optimization techniques occasionally produces inaccurate results or takes too long.

Genetic algorithms are heuristic, therefore they might not identify the best solution for a particular
issue. For issues that cannot be solved by established techniques or whose solution time grows
exponentially with the problem's solution, it provides values that are extremely near to optimal.
Originally, genetic algorithms are used to solve nonlinear optimization issues. In this study, a genetic
algorithm was applied to the single-span beam, a single-span beam with a gap in its body. While
applying to the genetic algorithm the problems developed back-controlled selection, randomly mixed
crossover, double-sensitivity mutation operators, and backward-controlled stopping criterion were
used. As a result, developed genetic algorithm operators were applied to the too-big-sized beam
problems. These beams' dimensions were too big but they weren’t deep beams according to ACI 318-
95 rules.
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