
 

CHALLENGE JOURNAL OF CONCRETE RESEARCH LETTERS 13 (2) (2022) 72–79 
 

 

 

 
* Corresponding author. Tel.: +90-338-226-2200 ; Fax: +90-338-226-2214 ; E-mail address: osmantunca@kmu.edu.tr (O. Tunca) 

ISSN: 2548-0928 / DOI: https://doi.org/10.20528/cjcrl.2022.02.003 

Research Article 

Minimum weight design of reinforced concrete beams utilizing  

grey wolf and backtracking search optimization algorithms 

Osman Tunca a,* , Serdar Çarbaş a  

a Department of Civil Engineering, Karamanoğlu Mehmetbey University, 70200 Karaman, Turkey 

 

A B S T R A C T 

In this study, optimal weight design of a reinforced concrete beam subjected to vari-
ous loading conditions is investigated. The purpose of the optimization is to attain 

the minimum weight design of the reinforced concrete beam under distributed and 

two-point loads. The design problem is handled under three different design load 

cases. The two-point loads are affected on beam-to-beam connection nodes of rein-

forced concrete beams. Thus, while the magnitudes of distributed load and two-

points load are remained constant, the distances between two-points loads are taken 
as 2m, 3m and 4m, respectively. The width and height of the rectangular cross-sec-

tion of the concrete beam, and the diameters of the longitudinal and confinement 

steel rebars are treated as design variables of the optimum design problem. The de-

sign constraints of the optimization problem consist of the geometric constraints and 

necessities of the Turkish Requirements for Design and Construction of Reinforced 

Concrete Structures (TS500), and Turkish Building Earthquake Code (TBEC). As two 

novel metaheuristics, grey wolf (GW) and backtracking search (BS) optimization al-

gorithms are selected as optimizers. Both algorithms are independently operated five 

times for three different design problems. Thus, the obtained results are examined 

statistically to compare in accordance with algorithmic performances. The optimal 

findings from optimization algorithms show that the GW algorithm is a little bit more 

robust on the exploitation phase, while the BS algorithm is stronger on the explora-
tion phase. Moreover, it can be deducted from optimal beam designs that the GW al-

gorithm is more viable to minimize reinforced concrete beam design. 
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1. Introduction 

The engineering design is generally based on the re-
quirements of safety, economy and aesthetics, respec-
tively. In this context, it is not enough for the design to 
fulfill the safety requirements alone. However, when all 
these requirements are considered, a hard to solve engi-
neering design problem is confronted. Moreover, in 
some engineering design problems, some preliminary 
assumptions must be made in order to operate the re-
quired mathematical computations. For example, in or-
der to design a steel structural member, first of all, the 
design loads acting on this member must be known. 
Hence, the internal forces of the element are calculated, 

and then the profile to be assigned to the structural ele-
ment is selected according to these calculated loads. Yet, 
the design loads on the structural element are directly 
related to the dead load and the section to be selected 
(Tunca 2022). In the design of a reinforced concrete 
beam, to calculate the area of longitudinal steel rebars, 
first of all, the cross-sectional dimensions of the rein-
forced concrete beam should be instinctively selected. In 
some cases, the selected section sizes are insufficient 
and/or excessive (Coello et al. 1997; Hasan et al. 2019). 
Practically, the required dimensions are tried to be 
found by trial-and-error method. So, new calculation 
methods are needed to obtain the optimal design (Abu-
bakar et al. 2021). At this point, the stochastic optimiza-
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tion methods come into the picture. These methods, 
tackle with objective or objectives, design variables, and 
design constraints of handled engineering design prob-
lem (Aydogdu 2016). In structural engineering, the ob-
jectives can be categorized as minimizing the cost of a 
structure while maximizing the structural responses un-
der external loads (Jin et al. 2021). The design variables 
can be related to material property and geometry of the 
structure (Carbas et al. 2021). Some constraints are 
needed to ensure that the structures or structural ele-
ments are serviceable and comply with the relevant 
practical structural provisions. These are often selected 
as displacement, drift, or strength (Aydogdu 2016).  

In this study, it is aimed to minimize weight of a single 
span reinforced concrete beam which is subjected to 
three different load cases. The height and width of the 
reinforced concrete beam, and the diameters of the lon-
gitudinal and confinement steel rebars are considered as 
design variables. Additionally, the optimum designs are 
intended to comply with Turkish Requirements for De-
sign and Construction of Reinforced Concrete Structures 
(TS500 2000), and Turkish Building Earthquake Code 
(TBEC 2018). The constraints of the design optimization 
problem consist of the geometric constraints and neces-
saries of these requirements. 

There are various optimization techniques applied to 
accomplish optimum designs of reinforced concrete 
structures and/or elements (Lu et al. 2021; Fahr et al. 
2022). In this study, metaheuristic optimization meth-
ods are utilized as optimizer that do not require any de-
rivative operations and initial gradient information 
(Kazemzadeh Azad and Aminbakhsh 2022). These 
methos offer designers convenience and ease in solving 
complex engineering design problems (Peng et al. 2022). 
Moreover, the stochastic based metaheuristic methods 
are also suitable for design problems involving nonlinear 
material and/or geometry. However, the solution of 
these problems is time consuming and it cannot be 
claimed that the obtained results are global optimum. In 
these kinds of problems, the design variables must be 
calculated as discrete ones (Erdal et al. 2016). In in-
stance, the standard diameters of steel rebars are practi-
cally taken as 8mm, 10mm, or 12mm. Thus, to produce 
an optimally designed reinforced concrete beam, the se-
lection of the steel rebars must be made amongst these 
values.  

From past to now, numerous stochastic based me-
taheuristic optimization methods have been developed. 
Genetic algorithm (Goldberg and Holland 1988), har-
mony search method (Geem et al. 2016), particle swarm 
optimization (Perez and Behdinan 2007), firefly algo-
rithm (Yang 2010) are some examples of so-called clas-
sical ones. To overcome their shortcuts and to enhance 
their algorithmic performances in finding the optimum 
results, so many brand-new stochastic optimization al-
gorithms have been emerged day by day. The polar opti-
mization algorithm (Chen et al. 2022), human felicity al-
gorithm (Verij kazemi and Fazeli Veysari 2022), trees so-
cial relations optimization algorithm (Alimoradi et al. 
2022) are the latest examples of novel metaheuristic op-
timization techniques. In this study, the grey wolf (GW) 
(Mirjalili et al. 2014) and backtracking search (BS) (Civ-

icioglu 2013) optimization algorithms that are verified 
as successful to reach optimum results in the many engi-
neering design problems, are executed. Both algorithms 
are tested on reinforced concrete beam design problems 
subjected to various loading conditions. Thus, both the 
optimum designs of reinforced concrete beams are ob-
tained and the performances of two innovative optimi-
zation algorithms in obtaining optimum results are com-
pared over the considered design problems.  

The sections of the manuscript can be summarized as 
follows; 
 In the Introduction section, the general concept of the 

study is defined. 
 The practical design rules of the reinforced concrete 

beams are given in the second section. 
 In the third section, the utilized stochastic based me-

taheuristic optimization methods are described. 
 The design examples and obtained solutions and re-

sults are exhibited in the fourth section. 
 The principal conclusions are presented in the fifth 

section. 
 

2. Design Rules of Reinforced Concrete Beams 

The design of a reinforced concrete beam having min-
imum design weight is considered as the objective of the 
optimization problem. The general illustration of the re-
inforced concrete beam design problem is given in Fig. 1. 
In Eq. (1), the IT vector consists of sequence numbers of 
the height and width of the reinforced concrete beam, 
and diameters of the longitudinal and confinement steel 
rebars. Thus, it includes four different design variables.  

𝑰𝑻 = [𝐼1, 𝐼2, 𝐼3, 𝐼4] (1) 

The weight of the reinforced concrete beam can be de-
termined multiplying the volume and the unit weights of 
the components as shown in Eq. (2). 

𝑊 = 𝜌𝑐  ℎ 𝑏𝑤𝐿𝑏 + 𝜌𝑠 (𝑛
𝜋∅2

4
𝐿𝑙 + 𝑛𝑐

𝜋∅𝑒
2

4
𝐿𝑐) (2) 

Here,𝜌𝑐  and 𝜌𝑠  are the unit weights of the concrete 
and steel. The ℎ and 𝑏𝑤 are the height and width of the 
reinforced concrete beam. 𝐿𝑏 , 𝐿𝑙  and 𝐿𝑐  represent the 
lengths of the beam, longitudinal and confinement steel 
rebars, respectively. ∅ and ∅𝑒  are diameters of the longi-
tudinal and confinement steel rebars, and 𝑛 and 𝑛𝑐  are 
total number of these. 

 

Fig. 1. The reinforced concrete beam. 
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In the first part of design problem, the height and 
width of the reinforced concrete beam should be deter-
mined. Here, if these are chosen small, the cross-section 
of the concrete part of the beam may be insufficient. If 
these are chosen large, it will be an uneconomical engi-
neering design. The calculation of reinforced concrete 
beams is based on the assumption that the concrete part 

of the beam bear only compression loads. Therefore, the 
location of the neutral axis must be found. The distribu-
tion of compression loads in the cross-section is not uni-
form as seen Fig. 2a. However, for ease of calculation, the 
length of the neutral axis (c distance), is converted to 
uniform by multiplying the 𝑘1 factor (Fig. 2b).

 

Fig. 2. Compressive stress distribution on the cross-section of the reinforced concrete beam:  
(a) Real distribution; (b) Uniform distribution.

The height of the effective compression area can be 
calculated using Eq. (3). 

𝑘1𝑐 = 𝑑 − √𝑑
2 −

2𝑀𝑑

𝑘3𝑓𝑐𝑑𝑏𝑤
 (3) 

Here, 𝑘1𝑐 is location of reduced neutral axis, 𝑑 is ef-
fective height, 𝑀𝑑 is the design moment, and 𝑘3𝑓𝑐𝑑 is re-
duced concrete design strength. In such a reinforced con-
crete beam, the compressive force carried by the con-
crete and the total tensile force carried by the steel re-
bars should be equal. So, the total area of the longitudinal 
reinforcement (𝐴𝑠) is generated easily via Eq. (4). 

𝐴𝑠 =
𝑀𝑑

𝑓𝑦𝑑(𝑑−
𝑘1𝑐

2
)
 (4) 

The number of longitudinal steel rebars (n) is deter-
mined through Eq. (5). In the mentioned equation, the int 
represents the integer transformation function. Here, 
the diameter of the longitudinal reinforcement is prede-
termined by designer. 

𝑛 = 𝑖𝑛𝑡 (
𝐴𝑠
𝜋Ø

4

)+ 1 (5) 

The length of the longitudinal steel rebars is required 
to determine the quantities. This is determined accord-
ing to Fig. 1.  

The confinement steel rebars reinforce the beam to 
the shear loads. These are handled in two regions as con-
finement zone and remaining zone. The shear force at a 
distance d from the column face is considered for con-
finement zone. In the other, this distance is taken as 2h. 
Before the calculation of confinement steel rebars, the 
cross section of the reinforced concrete beam is checked 
utilizing Eq. (6). 

𝑉𝑑−max = 0.85 𝑏𝑤ℎ √𝑓𝑐𝑘 (6) 

Here, 𝑉𝑑−𝑚𝑎𝑥  is the maximum designable shear carry-
ing capacity of the reinforced concrete beam. The char-
acteristic pressure strength of the concrete is repre-
sented as 𝑓𝑐𝑘. The critic shear force is calculated consid-
ering the unreinforced condition of the concrete beam 
using Eq. (7). 

𝑉𝑐𝑟 = 0.65 𝑓𝑐𝑡𝑑  𝑏𝑤𝑑 (7) 

Here, 𝑉𝑐𝑟  is critic shear force and 𝑓𝑐𝑡𝑑  is the tension 
design strength of the concrete. The shear force carried 
by the steel rebars is calculated via Eq. (8). 

𝑉𝑤 = 𝑉𝑑 − 0.8 𝑉𝑐𝑟 (8) 

The minimum amount of steel rebar determined by 
structural specifications can be calculated from Eq. (9). 
Here, the double-armed confinement steel rebar is uti-
lized for beam modelling since this kind of confinement 

(a) (b) 
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steel rebars are practically implemented in real-life rein-
forced concrete beam applications too often. 

𝑆𝑐 = 𝑚𝑖𝑛

(

 
 

𝐴𝑠𝑤𝑓𝑦𝑤𝑑𝑑

𝑉𝑤
ℎ

4

8Ø
150𝑚𝑚)

 
 

 (9) 

Here, 𝑆𝑐  is the distances between two confinement 
steel rebars. In the remaining zone, this value is symbol-
ized with 𝑆𝑜 , and determined via Eq. (10). 

𝑆𝑜 = 𝑚𝑖𝑛

(

 
 

𝐴𝑠𝑤𝑓𝑦𝑤𝑑𝑑

𝑉𝑤

𝑖𝑓 𝑉𝑑 ≤ 3𝑉𝑐𝑟 𝑡ℎ𝑒𝑛 𝑆𝑜 =
𝑑

2
  

𝑖𝑓 𝑉𝑑 > 3𝑉𝑐𝑟 𝑡ℎ𝑒𝑛 𝑆𝑜 =
𝑑

4 )

 
 

 (10) 

The obtained 𝑆𝑐  and 𝑆𝑜  are used to determine the to-
tal number of the confinement steel rebars (𝑛𝑐).  

𝑛𝑐 = 𝑖𝑛𝑡 (
4𝑑

𝑆𝑐
+ 1) + 𝑖𝑛𝑡 (

𝐿−4𝑑

𝑆𝑐
+ 1) (11) 

The lengths of the confinement steel rebars are calcu-
lated considering Fig. 3. As the hook length of the con-
finement steel rebars, the biggest one of 6Øe and 8 cm is 
accepted as the minimum value. 

 

Fig. 3. Confinement rebars of reinforced concrete beam. 

Finally, it should be checked that the determined steel 
rebars fits into the cross section of the reinforced con-
crete beam as illustrated in Fig. 4. For this aim, Eq. (12) 
is utilized. 

 

Fig. 4. Settlement of reinforcements. 

𝑏𝑤 ≥ 2𝐶𝑐
′ + 2∅𝑒 + 𝑛∅+ (𝑛 − 1)𝐶𝑐 (12) 

Here, 𝐶𝑐
′ is the thickness of concrete cover, and 𝐶𝑐  is 

the distance between longitudinal steel rebars.  
 

3. Optimization Methods 

In this study, two recent metaheuristics, namely grey 
wolf (GW) and backtracking search (BS) optimization al-
gorithm are utilized as optimizers to minimize the de-
sign weight of the reinforced concrete beam.  

3.1. Backtracking search (BS) algorithm 

Backtracking search (BS) algorithm is encoded by Civ-
icioglu in 2013. BS has only a single control parameter, 
and simple and effective algorithmic structure. It con-
sists of five main steps such as initialization, selection-I, 
mutation, crossover, and selection-II. In the first step, the 
population size, the total number of dimensions, the 
lower and upper bounds of the design variables are de-
fined. Then, initial population is obtained utilizing Eq. 
(13). 

𝑃𝑖,𝑗  ~ 𝑈(𝑙𝑜𝑤𝑗 , 𝑢𝑝𝑗) (13) 

Here, U symbolizes uniform distribution probability 
and, Pi,j is possible solution value.  

The historical population is generated in the selec-
tion-I step. When initial Pold is generated, this based on 
randomization as in P. Then, Eq. (14) is utilized for the 
other iterations. 

if 𝑎 < 𝑏 then old𝑃 ≔ 𝑃|𝑎, 𝑏 ~ 𝑈(0,1)| (14) 

In Eq. (14), a and b are generated randomly between 
0 and 1. If 𝑏 is bigger than 𝑎, the element of the Pold is 
shifted with the element of P. Otherwise, the element 
value of Pold is saved as memory of BS. Then, the order of 
the elements in Pold is permuted using Eq. (15). 

old𝑃 ≔ 𝑃𝑒𝑟𝑚𝑢𝑡𝑖𝑛𝑔(old𝑃) (15) 

In the mutation step, the form of the trial population 
𝑀𝑢𝑡𝑎𝑛𝑡 is obtained via Eq. (16). 

𝑀𝑢𝑡𝑎𝑛𝑡 = 𝑃 + 𝐹 (old𝑃 − 𝑃) (16) 

Here, F represents an adjusting coefficient of the 
search direction amplitude that is randomly generated 
in each iteration. The trial population is shaped final 
form in crossover step. The crossover step has two main 
stages. Initially, the binary integer-valued matrix (map) 
is created based on randomization. The map consists of 
the 0 and 1 values. Here, the dimensions of the T, P, and 
map are same. On condition that, element of the map is 
0, element of T is saved. Otherwise, the element of the T 
is manipulated with the element of the P in same matrix 
index. In case the values exceed the upper and lower 
boundaries, the limit values are assigned instead of these 
values. 
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Finally, the global minimum value is checked in selec-
tion-II step. If the old global minimum value that is better 
than the fitness of best vectors of P (Pbest), it is saved. Oth-
erwise, The Pbest is saved as the global minimum value. 

3.2. Grey wolf (GW) algorithm 

Grey wolf (GW) algorithm was encoded by Mirjalili et 
al. (2014). It imitates the social and hunting behaviors of 
grey wolves (Canis lupus). The grey wolfs have hierar-
chical characteristics. They move together to hunt preys. 
There are three dominant grey wolf named alpha (𝛼), 
beta (𝛽), and omega (𝜔). The domination is getting in-
crease from 𝜔 to 𝛼. 

In a hunting, the grey wolves group encircles the prey 
at the beginning. This behavior of grey wolves is oper-
ated via Eqs. (17) and (18). 

𝐷⃗⃗ = |𝐶 𝑋 𝑝(𝑡) − 𝑋 (𝑡)| (17) 

𝑋 (𝑡 + 1) = 𝑋 𝑝(𝑡) − 𝐴 𝐷⃗⃗  (18) 

Here, the number of iterations is symbolized with t. 
The 𝑋  and 𝑋 𝑝 represent the locations of grey wolves and 
prey, respectively. The expression of 𝐴  and 𝐶 , which are 
the coefficient vectors, are given in Eqs. (19) and (20). 

𝐴 = 2 𝑎 𝑟 1 − 𝑎  (19) 

𝐶 = 2 𝑟 2  (20) 

Here, 𝑟 1  and 𝑟 2 are randomly generated between 0 and 
1. In the iterative process, 𝑎  is linearly reduced 2 to 0. 

The hunting starts after the encircling process. The 
most dominant gray wolf 𝛼 manages the hunt. However, 
sometimes 𝛽 and 𝜔 also contribute to management. So, 
the positions of the grey wolves are relocated consistent 
with the results of 𝛼, 𝛽, and 𝜔. Eqs. (21) to (23) are per-
formed for this purpose. 

𝐷⃗⃗ 𝛼 = 𝐶 1𝑋 𝛼 − 𝑋 ,    𝐷⃗⃗ 𝛽 = 𝐶 2𝑋 𝛽 −𝑋 ,    𝐷⃗⃗ 𝛿 = 𝐶 3𝑋 𝛿 −𝑋  (21) 

𝑋 1 = 𝑋 𝛼 − 𝐴 1(𝐷⃗⃗ 𝛼), 𝑋 2 = 𝑋 𝛽 − 𝐴 2(𝐷⃗⃗ 𝛽), 

𝑋 3 = 𝑋 𝛿 − 𝐴 3(𝐷⃗⃗ 𝛿) (22) 

𝑋 (𝑡 + 1) =
𝑋⃗ 1+𝑋⃗ 2+𝑋⃗ 3

3
 (23) 

The hunting step of the algorithm is completed by ter-
minating the repositioning. Here, the 𝐴  starts to de-
crease due to the decrease in 𝑎 . The reduction of the 
value of 𝐴  impress the gray wolves to hunt. 

 

4. Design Examples 

Three reinforced concrete beams having three differ-
ent mid-spans (a distance) are considered as design ex-
amples as showed in Fig. 5. All of them has 6m of total 
span length. They are placed on columns having 400 mm 
wide at its supports. The yield strength of the concrete 

and steel rebars are taken as 25 MPa and 420 MPa, re-
spectively. The safety factors are considered as 1.5 for 
concrete and 1.15 for steel.  The unit weights of them are 
taken as 24 kN/m3 and 76.98 kN/m3, respectively. The 
distributed loads of 25kN/m and two-point loads of 
100kN are assigned as design loads as shown in Fig. 5. 
Here, the two-point loads represent the beam connec-
tion joints, and the distance between them varies from 
structure to structure. So, the distance between two-
points loads (a distance) is taken as 2m, 3m, and 4m for 
reinforced concrete beams. 

 

Fig. 5. General scheme of reinforced concrete beam. 

The minimum design weight is considered as objec-
tive. Before solving such a concrete beam design prob-
lem, the bw and h values should be estimated. So, these 
are taken as first two design variables. After their esti-
mation, the required amount of steel rebars can easily be 
calculated. However, the selection of the diameters of re-
bars is also needed to complete the design. Thus, the di-
ameter of longitudinal steel rebars and confinement 
steel rebars are also treated as design variables. To ob-
tain viable design, the structural necessities for design 
constraints are taken from Turkish Requirements for 
Design and Construction of Reinforced Concrete Struc-
tures (TS500 2000), and Turkish Building Earthquake 
Code (TBEC 2018). As addition to these, the geometric 
constraint is considered as the steel rebars fits into the 
cross section of the reinforced concrete beam. The pop-
ulation size is taken as 20 for both algorithms. The ad-
justing coefficient (𝐹) of the BS algorithm is considered 
as 3 and the (𝛼) parameter of the GW algorithm is line-
arly reduced from 2 to 0. The number of iterations is 
taken as 500 in each optimization process. So, the total 
number of required structural analyses is taken as 
500×20=10000. 

The optimum designs of the reinforced concrete beams 
are independently obtained via GW and BS algorithms as 
given in Table 1. From this table, it is clearly seen that 
there are no any violations on design constraints in opti-
mally designed beams. Besides, the most dominant design 
constraint is the geometric constraint which checks 
whether steel rebars fits into the cross section of the rein-
forced concrete beam or not. Moreover, in order to statis-
tically evaluate the attained optimal design solutions, each 
algorithm is executed on the same design example for five 
times. Among these, the minimum design weight histories 
of the algorithms are illustrated in Fig. 6. In the first design 
example, which has 2 m distances between two-points 
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loads (a=2m in Fig. 5), the GW and BS algorithms attain 
the same optimal design weight of 17.317 kN. However, 
the GW and BS algorithms require 377 and 221 structural 
analyses to reach minimum design weights, respectively. 
It means that in the first design example, the BS algorithm 
require 70.59% structural analyses than the GW algo-
rithm. In the second design example, which has 3m dis-
tances between two-points loads, the GW algorithm does 
not only find a lighter beam design, but also converge 
21.37% faster than BS algorithm since it needs only 234 
structural analyses. In the third and final design example, 
which has 4 m distances between two-point loads, both 
metaheuristic optimization algorithms show almost iden-
tical algorithmic performances. They generate same min-
imum optimal design weight of 14.534 kN. But to accom-
plish this design weight the GW algorithms show 10% 
faster convergence rate than BS algorithm.  

Furthermore, the accomplished statistical results are 
tabulated in the Table 1. Here, the worst weight, the av-
erage weight, and the standard deviation values are pre-
sented to illustrate the dispersion between optimal de-
sign weights attained from five different initial popula-
tions via GW and BS optimization algorithms. The rela-
tively lower standard deviations indicates that the ob-
tained minimum design weights are tend to be smoothly 
scattered around the average weights and the box-plots 
of these executions are illustrated in Fig. 7. From these 
findings, it can be deduced that although the BS algo-
rithm seems as more successful in the design of rein-
forced concrete beams with a distance of 2 m between 
two-points loads, the statistical data indicates that the 
GW algorithm puts forward more stable and more con-
sistent performance in attaining the final optimum de-
sign of reinforced concrete beams.

      

 

Fig. 6. Design histories of reinforced concrete beams having a) 2m; b) 3m; and c) 4m between two-point loads. 

 

Fig. 7. Box-plots of obtained optimum reinforced concrete beams. 
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Table 1. Optimum design results of reinforced concrete beams. 

Distance between two-point loads 2 m 3 m 4 m 

Algorithm BS GW BS GW BS GW 

bw (mm) 252 252 251 250 250 250 

h (mm) 468 468 433 434 394 394 

Øe  8 8 8 8 8 8 

Ø 40 40 38 38 38 38 

g(1) -0.439 -0.439 -0.430 -0.431 -0.490 -0.490 

g(2) -0.872 -0.872 -0.872 -0.872 -0.872 -0.872 

g(3) 0.000 0.000 -0.020 -0.016 -0.016 -0.016 

Weight (kN) 17.317 17.317 15.992 15.966 14.534 14.534 

No. of required structural analyses 221 377 287 234 350 315 

Worst weight (kN) 20.265 17.394 17.189 15.966 15.596 14.534 

Standard deviation 1.307 0.035 0.578 0.000 0.435 0.000 

Average weight (kN) 18.718 17.379 16.395 15.966 14.916 14.534 

5. Conclusions 

The optimum design of reinforced concrete beams 
having three different mid-span lengths between two-
point loads as 2 m, 3 m, and 4 m are obtained. Finding 
the minimum design weights of the beams are taken as 
main objective. When the design weights of the rein-
forced concrete beams are calculated, the confinement 
steel rebars are considered as well as the weight of the 
concrete and longitudinal steel rebars. The design varia-
bles are set as discrete values in order to make possible 
of fabrication the designed beams. To do this, the struc-
tural necessities from Turkish Requirements for Design 
and Construction of Reinforced Concrete Structures 
(TS500 2000), and Turkish Building Earthquake Code 
(TBEC 2018) are considered. So, totally three optimum 
design problems are handled utilizing the grey wolf 
(GW) and backtracking search (BS) optimization algo-
rithms for this purpose. Thus, both the optimum designs 
of reinforced concrete beams are found and the perfor-
mances of metaheuristic optimization algorithms are 
compared. Both algorithms are independently operated 
five different times for each design example. By this 
means, the obtained results are statistically examined 
and discussed. The principal conclusions of this study 
can be itemized as in the following bullet points: 
 The GW and BS algorithms can robustly be used as the 

design optimizer to minimum weight design of rein-
forced concrete beams. 

 The GW and BS algorithms accomplish identical min-
imum design weight of 17.317 kN for design example 
having 2 m distance between two-point design loads. 
However, to produce this optimum design weight the 
BS and GW algorithms require 221 and 377 structural 
analyses, respectively. So, BS algorithm computation-
ally performs 70.59% better than GW algorithm for 
the first design example. Yet, in other design exam-
ples, the algorithmic performance of the GW algo-
rithm is better than BS algorithm.  

 The design history graphs prove that while BS algo-
rithm has better exploration capacity, the GW algo-
rithm has powerful in exploitation capacity. 

 Finally, the statistical analyses illustrate the suprem-
acy of GW algorithm in finding the minimum design 
weights of the reinforced concrete beams. 
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