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ABSTRACT

In structural engineering, the primary objective of design engineers is
to ensure structural safety under applied loads according to codes and
standards while achieving the most economical design. To enhance cost
efficiency in complex structures such as reinforced concrete (RC) frames,
computational techniques are employed. The aim is to perform a more
rapid and accurate optimum cost design of RC frame systems subjected
to vertical loads. This study applies five metaheuristic approaches: three
metaheuristic methods and two hybrid techniques developed from them.
The matrix displacement method is used to determine displacements
and sectional forces of RC frame systems, with design rules following
ACI 318-19 (Building Code Requirements for Structural Concrete and
Commentary). The study models five different RC structures with varying
dimensions and member counts, including symmetrical and asymmetri-
cal configurations. Internal forces and displacement values of structures
analyzed using the matrix displacement method in MATLAB are verified
with SAP2000 structural analysis software, confirming solution validity.
Among the methods applied for the optimum design, the Teaching-
Learning-Based Optimization (TLBO) technique proves particularly suit-
able for RC frame systems. The proposed design method and TLBO
algorithm offer civil engineers a rapid and efficient approach to achieving
cost-optimized designs while ensuring structural safety. The developed
method helps engineers efficiently solve complex design problems while
achieving optimal structural solutions in terms of both cost and safety.

1 Introduction
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In structural engineering, three significant factors in building design can be summarized as
follows: structural functionality, construction cost, and the ability to safely withstand applied loads.
Among these three factors, ensuring structural safety is the most significant. Reinforced concrete (RC)
structures must safely provide resistance against the loads acting on them. With today’s increasing
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construction costs, it has become particularly significant to achieve structurally safe buildings at
reasonable costs.

Although safety and cost are often considered opposing concepts in structural system design,
modern engineering approaches aim to establish an optimal balance between these two objectives. Par-
ticularly, with the advancement of material technologies, analysis methods, and artificial intelligence-
assisted design, it has become possible to construct safer and more economical structures.

Today, various optimization methods are used to both ensure structural safety and design
buildings at low cost. The relationship between structural safety and cost is examined in detail.
Furthermore, by evaluating the methods used to optimize engineering decisions and their implications
for structural design, it offers recommendations for realizing more sustainable and effective projects.

Various heuristic and mathematical algorithms are employed in civil engineering to achieve
optimal solutions more efficiently. Mathematical algorithms aim to find the optimal solution by
examining all possible solutions, while heuristic algorithms draw inspiration from music, genetics,
physics, and natural phenomena like animal reproduction and foraging behavior to reach optimal
solutions intuitively. Heuristic algorithms have a high probability of getting stuck in local solution
sets. To prevent this, multiple heuristic algorithms have been combined to create and implement
metaheuristic algorithms. In the study, multiple metaheuristic algorithms are utilized to achieve
the optimal design of RC frame buildings subjected to vertical loads. Numerous heuristic and
metaheuristic optimization algorithms, developed for different optimization purposes, are commonly
used in practice.

In various countries, different design constraints exist, requiring the consideration of discrete
variables for different applications. These constraints can lead to variations in solving optimization
problems for reinforced concrete structures. To address this, calculations are often performed using
metaheuristic algorithms, which can be easily integrated with regulatory requirements, providing
flexible and efficient solutions in structural optimization.

Various optimization algorithms are commonly used in research studies including the Jaya
algorithm (JA) [1] which moves toward reasonable solutions while avoiding poor ones, the teaching-
learning-based optimization (TLBO) [2] inspired by classroom learning the genetic algorithm (GA)
[3], the differential evolution (DE) [4], the ant colony optimization (ACO) [5], the particle swarm
optimization (PSO) [6], the cuckoo search algorithm (CSA) [7], the big bang-big crunch (BB-BC) [§],
the flower pollination algorithm (FPA) [9], the harmony search (HS) [10], the bat algorithm (BA) [11],
the simulated annealing (SA)[12], the firefly algorithm (FA) [13], the biogeography-based optimization
(BBO) [14], the whale optimization algorithm (WOA) [1 5] and the golden eagle optimizer (GEO) [16].

Numerous metaheuristic optimization algorithms have been developed and applied in structural
engineering to improve the design efficiency of (RC) structures. These algorithms, inspired by various
natural, biological, and physical processes, offer flexible and powerful tools for solving complex
optimization problems. In the context of (RC) design, particularly for structural elements and systems,
a wide range of studies have employed these algorithms to minimize construction cost, material usage,
and environmental impact while satisfying structural performance criteria.

The literature includes numerous studies on (RC) structures, examining frame systems and
individual structural elements. Particularly for columns, extensive research exists. Ref. [17] employed
genetic algorithms (GA) to optimize the design and reinforcement of columns under biaxial bending
moments for cost efficiency. Ref. [18] investigated slenderness effects on cost optimization by using
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harmony search (HS) to design slender RC columns of varying lengths. Ref. [19] proposed Teaching-
Learning-Based Optimization (TLBO) for cost-optimal design of columns with different lengths,
comparing results with harmony search and bat algorithm outcomes, concluding TLBO’s effectiveness
for RC elements. Ref. [20] applied the metaheuristic harmony search algorithm to optimize costs in
biaxially loaded RC columns. Ref. [21] utilized the bat algorithm (BA) to study cost optimization of
RC columns under axial force, bending, and shear, with shorter columns showing better optimization
results through BA. Ref. [22] examined environmental and construction costs of rectangular RC
columns under uniaxial moment and axial load using harmony search, identifying concrete class,
reinforcement area and concrete area as design variables, and demonstrating the relationship between
reduced construction costs and lower environmental impact. Ref. [23] optimized RC column design
under uniaxial moment and axial force using artificial bee colony algorithm (ABC) considering cross-
section, reinforcement quantity and number as variables, with concrete volume, steel quantity and
formwork costs as objective functions, obtaining results comparable to other studies. Ref. [24] applied
the metaheuristic harmony search algorithm to optimize circular RC columns, while developing four
different machine learning models using various algorithms. Ref. [25] used a genetic algorithm (GA) to
optimize the design, environmental impact, and construction cost of concrete-filled composite tubular
columns under buckling, bending, and axial load effects. Ref. [26] employed sequential quadratic
programming (SQP) to address nonlinear problems in axially loaded RC columns, demonstrating
the method’s efficiency for cost optimization. Ref. [27] explored the applicability of artificial neural
networks (ANN) and genetic algorithms (GA) for cost optimization in short RC columns, concluding
that a hybrid ANN-GA approach was practical. Ref. [28] applied a Harmony Search (HS) algorithm
to minimize the cost of RC columns under uniaxial bending, modifying the algorithm to achieve
faster convergence with fewer iterations. Ref. [29] optimized the design cost of 2D RC frames under
vertical and horizontal static loads using Harmony Search (HS), showing that careful column grouping
significantly reduced structural costs.

The most significant cost factors in RC structures are the reinforcement and concrete used in
load-bearing elements. Numerous optimization studies exist for beams, one of the most important
structural elements. Ref. [30] investigated the effect of torsional moment acting on an RC beam
section on the cost of the beam section using the JAYA algorithm. Ref. [31] performed an optimum
cost design of the beam section under applied loads using the JAYA algorithm. Ref. [32] used the
Artificial Bee Colony (ABC) algorithm to achieve economical designs for two-span and three-span
continuous RC beams in terms of cross-section and reinforcement area. They modified the ABC
algorithm to include a variable change percentage and demonstrated its effectiveness for optimal
design of continuous RC beams. Ref. [33] used Genetic Algorithm (GA) and Simulated Annealing
(SA) to study cost optimization of supported beams, showing that the proposed algorithms apply
to such problems. Ref. [34] used a Genetic Algorithm (GA) to study cost optimization of supported
and continuous beams, aiming to minimize construction costs by optimizing cross-section dimensions,
rebar diameters, and placement. Their study showed cost improvements between 3.63% and 17.07%
compared to other studies in the literature, demonstrating the algorithm’s applicability to RC element
optimization problems. Ref. [35] conducted optimization studies on RC load-bearing elements, using
Genetic Algorithm (GA) optimization for optimal design of supported RC beams and comparing
the results with those obtained by graphical methods. They concluded that the results obtained by
GA were consistent with graphical methods and that the proposed algorithm could be used for RC
elements. Ref. [36] studied the cost optimization of continuous RC beams under bending moment,
shear force, and torsion effects using the Genetic Algorithm. They compared their design results
with other studies in the literature and concluded that the proposed optimization model produced
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rational, reliable, and economical solutions. Ref. [37] used the Flower Pollination Algorithm (FPA), a
metaheuristic algorithm, to optimize single-span rectangular RC beams for minimum cost. Ref. [3§]
developed a Random Search Technique (RST) using cross-section dimensions, reinforcement amount,
and concrete quality variables for optimal cost design of continuous RC beams, showing successful
results. Ref. [39] used Harmony Search (HS) algorithm, a metaheuristic algorithm, to design RC beams
under bending effects with different concrete strengths at minimum cost, concluding that the algorithm
could be a valuable resource for preliminary design of RC elements. Ref. [40] proposed a mathematical
model using Harmony Search Algorithm for cost optimization and environmental impact reduction
of steel-concrete composite beams. Ref. [41] used an improved Genetic Algorithm to design RC
beams under local mechanical damage and corrosion damage, concluding that improved beam design
reduced repair costs despite increased initial construction costs. Ref. [42] designed prestressed concrete
beams and RC beams according to ACI 318-05 code and performed cost optimization using Genetic
Algorithm, showing its effectiveness for both beam types. Ref. [43] studied Eurocode 2-based design
and cost optimization of RC T-beams using generalized reduced gradient technique, showing their
method produced lower-cost solutions than standard office methods and was more practical than
other optimization methods. Ref. [44] developed an analytical approach for rectangular RC beams
with fewer design variables based on minimum cost and weight principles. Ref. [45] designed RC beams
according to the Indian code IS 456:2000 and wrote analysis code using Particle Swarm Optimization
(PSO) to find optimal sections, significantly reducing computation time when implemented in C++.
Ref. [46] studied cost optimization and geometric layout optimization under dynamic loads for
continuous RC beams using Ant Colony Optimization (ACO), demonstrating its robustness and
ease of beam design. Ref. [47] performed cost optimization of rectangular RC beams considering
concrete, steel, and formwork costs using Genetic Algorithm (GA). Ref. [48] conducted an optimal
design study on continuous RC beams using Genetic Algorithm with only cross-sections as design
variables, showing reliable and economical results. Ref. [49] performed an optimal design of singly and
doubly RC beams using Artificial Neural Networks (ANN). Ref. [50] used a hybrid Firefly Algorithm
(HFA) combining Simulated Annealing (SA) and standard Firefly Algorithm (FA) for optimization
of RC I-beams to reduce costs and CO, emissions, showing better results than standard FA in
both quality and computation time. Ref. [51] reviewed cost optimization studies for RC beams and
performed spreadsheet-based optimization in MS Excel to demonstrate the effectiveness of nonlinear
deterministic approaches.

Significant optimization studies have been conducted on RC shear walls, another crucial structural
element in construction. Ref. [52] aimed to achieve both optimal seismic design and cost reduction for
shear walls, columns, and beams in RC structures. Ref. [53] employed the Charged System Search
Algorithm (CSSA) for seismic optimization of shear walls considering soil-structure interaction.
Ref. [54] performed optimization studies on RC structures with shear walls, using wall thickness,
reinforcement area, and layout as design variables. They applied optimality criteria to minimize the
costs of concrete, steel, and formwork. Ref. [55] utilized an evolutionary algorithm for shear wall
placement optimization in high-rise buildings, reducing structural irregularities and construction costs
while streamlining the design process. Ref. [56] implemented Genetic Algorithms to optimize material
costs in a 13-story RC shear wall system. Ref. [57] achieved both structural performance and cost
optimization for shear walls in seismic conditions. Ref. [58] worked on optimal shear wall positioning
to minimize lateral force effects according to Indian Standards.

In addition to optimization studies on structural elements, numerous optimization studies have
been conducted on RC frame systems. Ref. [59] worked on cost optimization of two-dimensional
RC frames. The design was performed according to ACI code and Genetic Algorithm (GA) was
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used to minimize material and construction costs of the RC structure. The study demonstrates the
effectiveness of genetic algorithm in the design of supported beams, uniaxial columns, and multi-
story frames. Ref. [60] developed a hybrid optimization algorithm combining Genetic Algorithm
(GA) and Particle Swarm Optimization (PSO) for design optimization of two-dimensional moment-
resisting RC frames, performing nonlinear static and dynamic analyses. They showed that the hybrid
GA-PSO method achieved optimal results with less computation time and material usage. Ref.
[61] developed an optimization methodology for performance-based system design of RC frame
systems. The optimization design method achieved structural performance design criteria under lateral
loading while simultaneously optimizing construction costs for multi-story RC frame systems. Ref.
[62] proposed a fully automated design method for seismic design of RC frames. The proposed
optimization method provided better control of structural performance under earthquake loads
and significantly reduced direct construction costs. Ref. [63] studied optimal design of 2D RC
frame systems using Sequential Quadratic Programming (SQP), a nonlinear programming algorithm,
achieving cost reductions up to 23%. Ref. [64] used ACI318-08 code for RC frame system design and
employed Artificial Bee Colony (ABC) algorithm for optimization design. The objective function
included concrete cost, reinforcement cost, and formwork cost to calculate total frame cost. They
demonstrated high performance when the number of food sources was less than the bee count in the
ABC algorithm. Ref. [65] used MLPSO, a hybrid algorithm combining Machine Learning (ML) and
Particle Swarm Optimization (PSO), for optimization of RC frame structures under lateral seismic
forces. The optimization objective was defined as minimizing material/construction costs or structural
mass. Results showed MLPSO effectively produced optimal cost solutions for progressive collapse-
resistant frames. Ref. [66] optimized Flower Pollination Algorithm for 2D RC frames under lateral
loading according to ACI 318, demonstrating the algorithm’s suitability for optimal cost design.
Ref. [67] conducted an optimization study on RC frames with steel plate shear walls using Dolphin
Echolocation Algorithm (DEA) and Bat Algorithm (BA), showing DEA’s superior performance.
Ref. [68] developed a hybrid Response Surface Method-PSO approach for element placement and
cost optimization in three high-rise shear wall-frame structures, achieving 14.3% cost reduction
compared to conventional methods. Ref. [69] used a hybrid multi-criteria decision-making-PSO
algorithm for 3D RC frame optimization, considering element dimensions, reinforcement areas, and
detailing, demonstrating efficient performance. Ref. [70] applied Flower Pollination Algorithm (FPA)
to optimize design and cost of two RC frames (4- and 12-story), showing FPA’s comparable or better
performance than SA, GA, and PSO algorithms.

This study aims to contribute an analysis and design method to the literature that can calculate
internal forces and displacements in RC space frame systems, perform design according to specified
codes and regulations, and produce optimal cost solutions using metaheuristic algorithms.

One of the original aspects of this study is the verification of the MATLAB-based analysis
tool (developed using the matrix displacement method) with SAP2000 software. This integration
demonstrates the developed method’s reliability and direct applicability to engineering practice. The
study compares not just the performance of a single algorithm, but also evaluates five different
optimization approaches, including hybrid algorithms. Quantitative assessment based on convergence
speed, solution stability, and standard deviation values distinguishes this research from similar studies
in literature.

The developed method is valuable for academic and practical applications, particularly in address-
ing complex structural systems’ subjected to vertical loads economic and safe design challenges.
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2 Methodology

The matrix displacement method offers several advantages over other classical methods (force
method, moment distribution method, slope-deflection method). Due to its matrix-based computa-
tional approach, the matrix displacement method can be readily implemented numerically using MAT-
LAB programming language, making it particularly suitable for computer-aided structural analysis
applications. This method can be used for all RC space frame systems, trusses, or composite systems.
Programs like SAP2000 and ETABS also use the matrix displacement method for internal force and
displacement calculations. The matrix displacement method was used to determine internal forces in
RC space frame systems. Structural deformations and internal forces are obtained in matrix form.
The determination and organization of data required for analysis constitutes a fundamental initial
step forming the basis of the optimization process. Using data received from the matrix displacement
method, design and cost optimization of RC space frame systems was performed through the Jaya
Algorithm, Teaching-Learning-Based Optimization Algorithm, and Flower Pollination Algorithm.
In this study, a code performing the design of RC systems subjected to vertical loads using the matrix
displacement method and carrying out cost optimization has been developed. For larger systems, the
use of analysis software is feasible. After the systems are created in analysis programs such as SAP2000,
they can be integrated into MATLAB.

2.1 Matrix Displacement Method

In RC space frame systems, external loads induce six internal force components at each end of
structural members: one axial force (Ny), two shear forces (V,), two bending moments (M), and
one torsional moment (T,), resulting in twelve internal force components per member. These internal
forces and their positive sign convention according to the matrix displacement method are shown in

Fig. 1.
TM)’& fMyj

IVyt IVY}
Nxi = Mx ij; M|

/ Vzi / Vzj
ﬁ!z‘ / Mzj

Figure 1: Internal forces in 3D elements

The analysis of RC space frame systems using the matrix displacement method is similar to the
study of two-dimensional frame systems. In RC space frame systems, each member element has three
linear displacements and three rotational displacements, resulting in twelve displacement components
per node for each member element. The degrees of freedom for three-dimensional beam elements in
space frames are shown in Fig. 2. The positive directions illustrated in the figure are valid when the
member axis is connected from end (i) to end (j).
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Figure 2: Degrees of freedom in 3D elements

The matrix displacement method utilizes two distinct coordinate systems. The first is the global
coordinate system which encompasses the entire structure. The second is the local coordinate system
defined for each structural element according to its position to determine sectional effects. These two
coordinate systems are employed in structural analysis to address different requirements and play a
crucial role in implementing the matrix displacement method.

Transformation matrices [T] are employed to convert between coordinate systems. In these
transformation matrices, 6 represents the angle between coordinate systems, while X, Y and Z
denote the coordinate system axes. The transformation matrix for three-dimensional beam elements
is obtained as shown in Egs. (1) and (2).

r 000
0 r 0O

T=10 0 r 0 M
0 00 r
CXX CYx CZx

r = C)(y ny CZy (2)
CXZ CY: CZ:

Cx, = cosby, is defined here, where 6y,, 6y,, and 8,, angles represent the angles between the global
X, Y, and Z axes and the local x-axis, respectively. In RC space frame systems, the transformation
matrix elements are calculated using the equations given below.

Cro= (5, — x))/L (3)
Cro=(n—n)/L 4)
Cro=(z—2)/L (5)
D =/(Cy,* Cy, + Cy % Cr)D (6)
Cy, = —Cy,/D (7)
Cy, = Cy,/D (®)
C,=0 9)
Cy. = —(Cy. % C,)/D (10)
Cy. = —(Cy. % C,)/D (11)
C.=D (12)
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In RC space frame systems, the rotational and flexural stiffness factors must also be calculated to
write the local stiffness matrices of the elements. Therefore, in three-dimensional systems, in addition
to the cross-sectional area (A), modulus of elasticity (E), moment of inertia (I) and member length (L)
of the member element, the shear modulus (G) and polar moment of inertia (J) must also be known
to write the stiffness matrix [K;] in the local coordinate system. When the stiffness terms obtained in
the three-dimensional member element are placed in a matrix, a 12 x 12 frame stiffness matrix with
symmetric and positive elements is obtained in the local coordinate system. The local stiffness matrix
is written in RC space frame systems, as shown in Fig. 3.

EA —EA
A 0 0 0 0 0 - 0 0 0 0 0
12E1z 6El1z —12E1z 6E1z
= 0 = 0 o 00T
12Ely —6Ely —12Ely —6Ely
7 0 0 0 i 0 B 0
GJ —GJ
I 0 0 0 0 0 I 0 0
4Ely 6Ely 2Ely
T 0 0 0 7 0 I 0
4Elz 0 —6Elz 0 0 0 2EIz
L L2 L
EA
T 0 0 0 0 0
12E1z —6Elz
= ° 0
12Ely 6Ely
L3 0 L? 0
GJ
— 0 0
L
4Ely
i 0
4E1z
sym -

Figure 3: Local stiffness matrix

In frame structural systems, the stiffness matrix for each member element in the global coordinate
system is calculated using Eq. (13). After determining the global stiffness matrix of each member
element, they are superimposed, and by considering the boundary conditions, the relevant rows and
columns are eliminated from the matrix to form the system’s global stiffness matrix [Kgs].

[Kol = [T]" % [K,] % [T] (13)

The forces acting on the structure are expressed in vector form. The load vector must have
dimensions of 3n x 1 for 2D systems and 6n x 1 for 3D systems, where (n) represents the number
of member elements. Using Eq. (14), the frame system’s global displacement vector [A] is calculated.
In the equation, [P;] denotes the external loads acting on the system in the global coordinate system.

[Ag] = [KGS]_1 * [Pg] (14)
To determine the internal forces of member elements in the frame system, a backward solution

is performed using Eq. (15). The local displacement vectors [A;] are calculated by multiplying the
transformation matrix by the global displacement vector.

[AL]=[T]*[Ag] (15)
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The internal forces of member elements are obtained by multiplying the local stiffness matrix of
each member with its local displacement vector using Eq. (16). In Eq. (16), [K,] represents the local
stiffness matrix of the member element, [A ;] denotes the displacement vector occurring in the member
element, and [P, ] indicates the internal force vector developed in the element.

[P.]=[K.]*[A.] (16)

2.2 Jaya Algorithm

The Jaya algorithm is an optimization method that simulates collective behavior in populations.
It moves away from poor solutions while approaching better ones [1]. This principle gives the Jaya
algorithm effective convergence capabilities. The Jaya algorithm can generally be examined in five
steps, as described below.

1. Definition of population size, iteration count, design variables, and stopping criteria

This stage determines fundamental parameters such as population size (number of candidate
solutions) and termination criteria (maximum iteration count). Design variables are specified and
randomly generated within their lower and upper bounds. Solution vectors are created according to
the defined population size. Analysis and design processes are executed for each solution vector and
objective function values are computed. These calculated values are stored in the objective function
vector.

ii. Identification and recording of the current best and worst results

The best and worst solution values from the objective functions calculated in the first step are
recorded.

ii1. Generation of new results based on the best and worst outcomes

In this stage, new design variables are randomly regenerated by considering both the design
variables yielding the best and the worst results. The newly generated values are checked to verify
they remain within the lower and upper limits. Using Eq. (17), the new design variables produced in
each iteration are calculated.

M= (= |X) (= ) i=12,. . mj=1,2,...,p;t=1,2,..., tmax (17)
iv. Update of the objective function vectors

If the newly generated objective function vectors are superior to the initially produced ones, the
old vectors are deleted and replaced with the newly generated solution vectors. This indicates that the
solution vectors have been revised to achieve better results. However, if the initially generated objective
function vectors remain more suitable than the newly generated ones the original objective function
vectors are retained unchanged.

v. The algorithm verifies whether the stopping criteria are satisfied.

The above-described operations are repeated from Step 2 until reaching the maximum iteration
count specified by the user. The user-defined maximum iteration number serves as the termination
condition. The obtained results are the optimal solution upon satisfying the stopping criterion.

2.3 Flower Pollination Algorithm

A global optimization search is performed in the flower pollination algorithm’s initial stage. The
long-distance pollen transfers by abiotic pollinators such as flies, bees, and insects guarantee optimal
reproduction. The algorithm models these long-distance insect movements during pollination using
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Lévy distribution [9]. The global optimum is shown in Eq. (18).
X = xj"—l—L(x’,?’ —gj‘)i =1,2,...,n;j=1,2,...,p;t=1,2,..., tmax (18)

In the above equation, L represents the Lévy distribution describing the random flight patterns
of pollinators like flies and insects. At the same time, g* denotes the design variable yielding the
best solution in the current population solution matrix. The mathematical expression of the Lévy
distribution is given in Eq. (19).

1 i
L=—x(r")xe 19

2 ( ) (19

The equation above, the variable r represents randomly generated numbers between 0 and 1.
The local optimization process mimics the abiotic characteristics of flowering plants, where abiotic
pollination refers to self-fertilization without pollinators, as formulated in Eq. (20).

X =X e (= x)i=12,...,mj=12,...,p;t=1,2,...,tmax (20)

In the above equation, ¢ represents a randomly selected number between 0 and 1. Two random
individuals (x** and x?') are chosen from the current population matrix to represent pollination within
the same plant species. If solutions obtained after these two stages yield better results with newly
calculated values, they are updated accordingly. The optimization continues until the specified iteration
count is reached or the defined design criterion is satisfied.

2.4 Teaching-Learning-Based Optimization

Another metaheuristic algorithm developed [2] for solving complex optimization problems is
the Teaching-Learning-Based Optimization (TLBO) algorithm. Inspired by knowledge acquisition
in classroom settings, TLBO consists of two phases: the teacher phase (knowledge transfer from
instructor to students) and the learner phase (peer interaction among students). The teacher phase
represents global optimization search, while the learner phase corresponds to local optimization
search. The mathematical formulation of the teaching phase is presented in Eq. (21).

The mathematical formulation of the algorithm’s teaching phase is shown in Eq. (21).

¥ =x4rand (g — TFY)i=1,2,...,m;j=1,2,...,p;t=1,2,...,tmax (21)

In the first phase of the algorithm, the best solution g in the solution matrix is used since the
teacher possesses the optimal knowledge. TF (teaching factor) is a parameter not specified by the user.
The teaching factor in the formula represents a randomly selected number between 1 and 2. Unlike
other two-phase algorithms, the teaching-learning-based optimization algorithm does not require
choosing between global and local searches. Both phases are performed in each iteration, and the
solution is updated whenever either phase yields improved results.

The learning phase represents the local optimization component of this algorithm. Eq. (22) shows
the formula for achieving correct knowledge through student interactions.

P x}' + rand (1) (x}'x) if £ (x}) < xp*
i - it at bt ¢ at b,t
xi* + rand (1) (x{x) if £ (x}) > x|

i

(22)

Similar to the flower pollination algorithm, the local optimization search selects two random
solution individuals (x* and x!"*) from the current solution matrix. These represent students who have
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acquired specific knowledge after the teaching phase and now interact to reach the correct knowledge
and learning levels. After both phases, the obtained solution is compared with the previous one, and
the better solution is retained.

The sequential combination of teaching and learning phases enables global and local optimum
solution searches. At each step, the algorithm aims to approach more optimal solutions in the search
space to obtain high-quality results. The optimization process continues until the specified iteration
count is reached or the defined design criterion is satisfied.

2.5 Reinforced Concrete Member Design Process and Calculation Methods

The design of RC frame systems is a significant and equally complex problem in the field of
structural engineering. Many countries derive their regulations or adopt and revise other regulations
to design frame systems. The design and construction rules in the codes used to design RC structures
are established to ensure that the structures safely carry the loads acting on them. In the design of
RC structures, the ACI-318 (Building Code Requirements for Structural Concrete and Commentary)
regulation is widely referenced in international projects [71]. Since many countries directly adopt the
ACI-318 code, this standard becomes a frequently used guide in RC design. The ACI-318-19 code is
considered when determining design constraints and construction rules. In the design of RC frame
systems, issues such as durability, safety, and structural integrity are addressed according to ACI-318-
19. This code is a reliable reference in projects as it contains standards for many details, from the sizing
of RC elements to material properties. For the design of RC space frame systems, the coordinates
of the column and beam connection points, the number and coordinates of the nodal points of the
structure, and the boundary conditions of the elements are first determined. In the RC frame system,
the cross-sectional dimensions are first defined. Then the reinforcement is designed according to the
internal forces resulting from the static analysis of the system. The cross-sectional width (b,,) and cross-
sectional height (4) of RC elements are design variables. The design variables remain within specific
values and are generated randomly. The minimum and maximum values of the element cross-sections
are shown in Eqs. (23) and (24).

300mm S bw S 600mm (23)
300mm S h S 600171m (24)

For the static analysis, the loads acting on the structure are defined. In the load definition,
G designates the dead load (D) while Q represents the live load (L). When the applied loads are
relatively small, the cross-sectional dimensions of columns and beams can be designed to meet the
minimum requirements specified by design codes. Conversely, higher load magnitudes—particularly
on columns—necessitate maximum permissible cross-sectional dimensions for structural members.
To systematically investigate the variation in member cross-sections using the adopted design method-
ology, uniformly distributed loads of DL = 100 kN/m and LL = 50 kN/m are applied to all beam
elements. The load combination used for static analysis is given in Eq. (25).

F,=14G+1.60 (25)

The design parameters for static analysis have been established. The design constants used in
frame systems are expressed as: concrete unit weight (y.), reinforcement unit weight (), modulus of
elasticity of reinforcement (E,), shear modulus (G), clear cover thickness (d’), concrete compressive
strength (f,), reinforcement yield strength (f,), cost per cubic meter of concrete (C.), cost per ton of
reinforcement (C,), and stirrup diameter (¢J).

https://www.scipedia.com/public/Duysak_et_al_2026 11


https://www.scipedia.com/public/Duysak_et_al_2026

Y. Duysak, S. M. Nigdeli and G. Bekdas,
Cost optimization of reinforced concrete frames

S I p E D I A using metaheuristic algorithms,
Rev. int. métodos numér. calc. diseno ing. (2026). Vol.42, (3), 92

The internal forces obtained from the matrix displacement method enable the design of columns
and beams in RC frame systems.

As shown in Fig. 4, a compression zone develops in the upper portion of the RC member above
the neutral axis, and the resultant force is designated as F.. Below the neutral axis, a tension zone exists,
with its corresponding force denoted as F,. When loads are applied to the RC beam, the concrete in
the upper region resists compressive forces, while the reinforcement in the lower region carries tensile
forces. These opposing forces in the two zones maintain equilibrium in the structural member and
enable it to sustain applied loads.

Fc=a*fc/*b>ka (26)

My —
—F. E<—Fc

Neutral Axis \ +—]
— ) —F

Figure 4: Pressure zone load distribution [37]

x

In Eq. (26), the concrete compressive strength is multiplied by the « coefficient (0.85). The
parameter a in Eq. (26) represents the depth of the equivalent rectangular pressure block.

a=p *c (27)

In Eq. (27), the variable ¢ represents the neutral axis depth within the compression zone. The ACI
318 standard defines B, as the equivalent rectangular pressure block parameter, as given in Eq. (28).

B = 0.8517 MPa < f. < 28 MPa
B = 0.85 — 0.0071428 (f, — 28) f. > 28 MPa (28)

The tensile force in the reinforcement occurring in the tension zone is shown in Eq. (29).

F =Axf, (29)

The tensile reinforcement area (A4,) shown in Eq. (29) represents the cross-sectional area of tension
reinforcement in concrete. When the concrete’s compressive strain (g.) reaches its ultimate value of
0.003, the tensile steel strain (e,) simultaneously reaches the yield strain (e,,). This condition is called
a balanced failure condition. According to ACI-318 code, beam designs must consider underbalanced
failure in calculations. The underbalanced failure calculations are performed based on the balanced
reinforcement ratio.

Considering the strain condition and internal forces shown in Fig. 5, the balanced reinforcement
ratio p, that determines the balanced condition can be calculated according to Eq. (30) when the
material properties are known.

B f 600
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Tensile
Region
(YYYY) —>Fs
€s=€sy

Figure 5: Beam cross-section and deformation state [37]

According to ACI-318 code, to ensure ductile behavior in beams, the maximum reinforcement
ratio p,.. shall not exceed 0.750, and shall not be less than 0.025p,. These limiting values for the
reinforcement ratio have been established to obtain beam sections with ductile behavior.

According to ACI-318 code, the minimum longitudinal reinforcement ratio for beams is calculated
based on Eqgs. (31) and (32).

VA
Asmin - _fbd 31
Ty (1)
1.4
As,min Z _bd (32)
e

The calculated reinforcement ratio shall be taken as the minimum longitudinal reinforcement ratio
if it is lower than the minimum ratios given in Eqs. (31) and (32). If the longitudinal reinforcement
ratio exceeds the maximum reinforcement ratio, the section dimensions shall be modified and calcu-
lations repeated. The stirrup design shall be performed after determining the required longitudinal
reinforcement for the beam. Stirrup design shall comply with the rules and limitations specified by the
relevant code.

The maximum shear strength provided by concrete

V.= 017,/fbd (33)
The maximum shear strength provided by reinforcement

v, = 0.67,/fbd (34)

Minimum stirrup area

b,
Av,min = 0'35LS (35)

yt

The variable s in Eq. (36) represents the spacing between stirrup reinforcements. The spacing
between shear reinforcements

N S ml}’l {d/4a ngz’m 150mm} (36)

must satisfy the conditions.
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The support, span, and shear reinforcement quantities for each beam were calculated in tons.
Then, the total reinforcement quantity for each beam was recorded in tons, and the total cost of each
beam was calculated. The total cost of beam elements is shown in Eq. (37).

B(‘r).\'t - Ac * L * Cc + BS * CS (37)

In the above equation, B,,, represents the total cost of the beam element, 4. denotes the cross-
sectional area of the element, L is the length of the element, and B, indicates the total amount of
reinforcement in the beam element calculated in tons.

Similar to beams, column cross-sections are generated randomly. As with beams, the maximum
and minimum column dimensions are specified in Eqs. (23) and (24). Following the same approach as
for beams, column dimensions are randomly generated at 5 cm intervals to facilitate construction.

According to ACI-318-19, the minimum number and diameter of longitudinal reinforcement must
not be less than either 4$16 or 6414. Due to symmetrical reinforcement requirements, the minimum
longitudinal reinforcement for columns is selected as 4¢16 in diameter and quantity.

The ACI-318 code recommends using the moment magnification method for columns carrying
axial compression and bending moments. The axial force and moment values obtained from static
analysis are not used directly in structural design. To better reflect the actual behavior of the structure,
we must consider the second-order effects of the obtained normal force and moment values. Second-
order moments are the structure that generates additional moments while deforming under applied
loads. Our frame system is designed as a laterally unbraced system since there are no large shear walls
in our frame system and no restraining system limiting the lateral movement of our structure.

The moment magnification method first requires determining the column effective length. The
column effective length (1) is obtained by multiplying the column free length (1,) by a k coefficient, as
shown in Eq. (38).

a, < 2ise, k = 2Oa Vv1+a,
a, >2ise,k =091 +a, (38)
In the moment magnification method, for columns with one pinned end in laterally unbraced

frames, k is calculated as k = 2 + 0.3a,. The «,, parameter used in Eq. (38) is calculated according to
Egs. (39) and (40) shown below.

2 ()

Z (%)kiris
a, =0.5% (a, + a,) (40)

(39)

a, =

For the «,,, ratios in Eq. (39), the beams acting in the column’s moment direction must be
considered. In some cases, the slenderness effect may be neglected. For laterally unbraced columns,
if (L/A)) < 34 — 12(M,/M,) < 40, the moment magnification method is not used and moment
magnification is neglected. For slender columns, the column buckling load is calculated using the Euler
equation shown in Eq. (41) to determine the moment magnification factor.

7’El

I;

N, = (1)
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The moment modification factor in ACI-318 is calculated as shown in Eq. (42).

M
C,=0.6—04x— (42)
M,
In Eq. (42), M, and M, represent the first-order moments calculated from static analysis. In the
equation, M, is always taken as the smaller absolute value of the column end moments. Finally, the
moment magnification coefficient is calculated according to the equation in Eq. (43).

C

0.75N;,

In the above equation, d represents the moment magnification coefficient. If the calculated value is
less than 1, the moment magnification coefficient should be 1. The new calculated column end moment
is determined as shown in Eq. (44). Furthermore, according to ACI-318 provisions, the column end
moment value must not be less than the value specified in Eq. (45). When the moment magnification
coefficient § exceeds 1.4 the column cross-sections must be enlarged.

M,,, = N, (154 0.03h) (45)

In Eq. (45), N, represents the axial load acting on the column, while / denotes the cross-sectional
dimension of the column in the direction being analyzed. In the equation, the values 15 and /4 are in
millimeters.

Eq. (46) shows the minimum and maximum longitudinal reinforcement ratios applicable to RC
columns. The randomly generated column dimensions are multiplied by the reinforcement ratios and
checked against the interaction diagram to verify that they fall within the usable region.

/Omin = 0013 /Omax = 006 (46)

The shear reinforcement calculations are performed after calculating and recording the longitudi-
nal reinforcement quantities in columns. The shear reinforcement design for columns follows the same
procedure as for beams, using Eqs. (33)—(36). The calculated longitudinal and shear reinforcement
quantities for columns are recorded in tons and the total cost for each column is determined. The
total cost of column elements is shown in Eq. (47).

Coi=A.«LxC.+ C,* C, (47)

In the above equation, C,,, represents the total cost of the column element, 4. denotes the cross-
sectional area of the element, L indicates the element length, C, is the total reinforcement quantity
in the column element calculated in tons, C. is the cost of concrete per m* and C, is the cost of
reinforcement per ton. After calculating the costs of columns and beams, the total cost of the structure
is determined as shown in Eq. (48).

TMs =" (Bu,+ . (Cun), (48)

Moreover, Eq. (48) serves as the objective function of the study. Throughout the optimization
process the solution yielding the best objective function value is recorded and continues until the
specified stopping criteria are met.
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3 Numerical Example

This section calculates the optimum cost of RC space frame systems subjected to vertical
loads using metaheuristic algorithms. Within this scope, the Flower Pollination Algorithm (FPA),
Teaching-Learning Based Optimization Algorithm (TLBO), and Jaya Algorithm (JA) have been
employed. The standalone performance of the Jaya Algorithm (JA) appears weaker compared to other
algorithms; however, its structural simplicity and parameter-free design make it a strong candidate
for hybridization. With no requirement for user-defined parameters, JA allows more straightforward
implementation and integration with other optimization methods. The principle of moving towards
the best solution while avoiding the worst provides a flexible yet straightforward foundation for hybrid
models. By incorporating the strengths of the Flower Pollination Algorithm (FPA) and the Teaching—
Learning-Based Optimization (TLBO), two hybrids, JA/FPA and JA/TLBO, emerge as enhanced
variants. These hybrids reduce the likelihood of entrapment in local optima while improving both
solution quality and search efficiency. For these reasons, JA serves as a suitable base algorithm for
hybridization. A total of five different algorithms including the hybrid ones, are utilized.

To identify the algorithm providing the most suitable solution, two structures a two-story 42-
element structure and a 58-element structure, have been optimized and their results examined. Table |
presents the design constants and variables used for the static analysis of RC structures. All static
analyses conducted have employed concrete class C30 and reinforcing steel with a yield strength of
420 MPa.

Table 1: Design constants and design variables

Explanation Symbol Unit Values
Section width b, mm 300-600 mm
Section height h mm 300-600 mm
Concrete compressive strength f. MPa 30 MPa
Steel yield strength f MPa 420 MPa
Concrete modulus of elasticity E MPa 27,800 MPa
Concrete unit weight V. t/m? 2.5 t/m?
Steel unit weight Y, t/m’ 7.86 t/m’
Clear cover d mm 40 mm
Stirrup diameter (7] mm 8-14 mm
Concrete unit cost (per m?) 3 USD 78
Reinforcement unit cost (per ton) 3 USD 676

The cross-sectional dimensions of RC structural elements—width (b,,) and height (h)—have been
limited to a minimum of 300 mm and a maximum of 600 mm. For the optimum cost design, the cross-
sectional dimensions of structural elements have been treated as discrete variables, implemented with
50 mm increments within the defined range of 300 to 600 mm. Another discrete variable used in the cost
design has been the stirrup diameter, with structural design performed using stirrup diameters ranging
between § and 14 mm. The calculated reinforcement quantity for columns and beams determines
the minimum reinforcement area required in the section. Since the diameter and quantity of the
longitudinal reinforcements are not specified in detail, no constraints are imposed regarding the
minimum and maximum spacing between the reinforcements. In the analyses, a personal computer
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with an Intel(R) Core(TM) 17-10750H CPU @ 2.60 GHz (2.59 GHz) processor and 16.0 GB RAM
was used.

3.1 Example 1

This section examines optimizing a two-story RC frame system with two spans in both directions.
The structure contains 18 columns and 24 beams, totaling 42 structural members. The design features
4 m span lengths and 3 m story heights. Fig. 6 displays the frame system elevation, loading conditions,
and cross-section along the x-axis. Fig. 6 represents a simple two-story reinforced concrete structure
under vertical load only. Each story of the structure contains 9 columns and 12 beams. Additionally,
Fig. 6 shows the structure cross-section and the vertical loads acting on the structure. The structure is
subjected to a 100 kN/m dead load and 50 kN/m live load. The 1.4G + 1.6Q load combination has
only been applied for vertical loads.

> G=100 kN'm G=100 kN'm
AT > Q=50 kN'm Q=50 kN'm
L 11T 11 I I |
=

8" g S
3m
> G=100 kN'm G=100 kN'm
Q=50 kN'm Q=50 kN'm
I N I I

AN
VAN

4m 4m

Figure 6: Load distribution and cross-section view of the 2-storey 2-span structure

Fig. 7 presents the floor plan, showing columns and beams of the RC frame system, as illustrated
in Fig. 6. In Fig. 7, labels starting with ‘S’ (e.g., S1, S2, S3, ...) represent the reinforced concrete
columns, while labels starting with ‘K’ (e.g., K1, K2, K3, ...) represent the beams. All columns
maintain constant cross-sectional dimensions throughout the building height. At the same time their
reinforcement quantities may vary along the structural height without any restrictions. To ensure
construction convenience, the design retains identical cross-sectional dimensions for all beams on the
same axis.

3.1.1 JAYA Algorithm

The JAYA algorithm represents a single-phase metaheuristic optimization technique designed to
progressively converge toward optimal solutions while systematically diverging from suboptimal ones.
The algorithm parameters were specified with a population size of 100 individuals and a maximum
iteration count of 2000 cycles. The implementation incorporates a termination criterion monitoring
mechanism that records the precise iteration number at which convergence to the optimal solution
occurs. Table 2 systematically presents the optimized structural solutions and their corresponding
convergence iteration counts for each analytical scenario.
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Figure 7: Column and beam layout plan of the 2-storey 2-span structure

Table 2: Cost optimization results obtained from the JAYA algorithm for the 42 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution solution deviation

Cost (USD) 3712.4 37124 3722.6 3719.9 3722.6 37124 37124 37124 3722.6 3722.6 37124  3722.6 490

Optimization 354 256 91 94 74 135 150 107 87 86 74 87 -

completion step

The Jaya algorithm achieves global optimum solutions in 5 out of 10 conducted analyses. Fig. 8
displays the optimal cost distribution obtained from these analyses. Results indicate that the Jaya
algorithm is less likely to reach global optimum solutions than other employed algorithms.

Cost Distribution

o =~ N W »~ 0 o

Number of Analyses

Cost
37199 $

u37124$

u37226 %

Figure 8: Distribution of analysis results from the Jaya algorithm

The convergence behavior of Analysis 8, which achieved the fastest optimization in the Jaya
algorithm, is shown in Fig. 9. It is seen that the algorithm reaches the optimum result at the 107th
iteration.

3.1.2 Flower Pollination Algorithm (FPA)

Table 3 presents the flower pollination algorithm (FPA) optimization performance, a two-phase
metaheuristic approach. It details both the optimal solutions and their respective convergence iter-
ations. The analysis employed a population size of 100 and a maximum of 2000 iterations, with
an implemented termination criterion that recorded the exact iteration number of optimization
completion.
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Figure 9: Convergence graph of the Jaya algorithm

Table 3: Cost optimization results obtained from the FPA algorithm for the 42-element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution _solution _deviation

Cost (USD) 37309 37124 37124 37124 3726.8 3719.8 3712.4 3748.1 37124 37124 37124  3748.1 12.02

Optimization 105 154 331 285 118 126 180 233 218 317 126 233 -

completion step

The FPA algorithm achieves the global optimum in 6 out of 10 conducted analyses. Fig. 10
presents the optimal cost distribution obtained from these analyses.

Cost Distribution

Number of Analyses
ESN

o BN I .
Cost
u37124% =37199% m3726.8% =3730.9$ m3748.1$

Figure 10: Distribution of analysis results from the FPA algorithm

The convergence behavior of Analysis 2 which achieved the fastest optimization in the flower
pollination algorithm is shown in Fig. 11. It is seen that the algorithm reaches the optimum result at
the 154th iteration.

FPA Convergence
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Figure 11: Convergence graph of the FPA algorithm
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3.1.3 Teaching-Learning-Based Optimization (TLBO) Algorithm

The Teaching-Learning-Based Optimization (TLBO) algorithm a two-phase metaheuristic
method, produces optimal solutions with their respective convergence iterations as presented in
Table 4. The analysis uses a population size of 100 and runs for 2000 iterations with specialized
code tracking and storing the exact iteration where optimization reaches completion.

Table 4: Cost optimization results obtained from the TLBO algorithm for the 42 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution _solution _deviation

Cost (USD) 3712.4 37134 37124 37124 37124 37199 37124 37124 37124 37124 37124 37199 236

Optimization 56 41 73 71 66 88 61 58 103 70 58 88 -

completion step

The TLBO algorithm achieves the global optimum in 8 out of 10 conducted analyses. Fig. 12
presents the optimal cost distribution obtained from these analyses.

Cost Distribution
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Figure 12: Distribution of analysis results from the TLBO algorithm

The convergence behavior of Analysis 1 which achieved the fastest optimization in the Teaching-
Learning-Based Optimization (TLBO) algorithm is shown in Fig. 13. It is seen that the algorithm
reaches the optimum result at the 56th iteration.
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Figure 13: Convergence graph of the TLBO algorithm

3.1.4 JAIFPA Hybrid Algorithm

The flower pollination algorithm is a two-phase algorithm. In the first phase, it performs a global
search, while in the second phase, it conducts a local search. The algorithm uses the Jaya algorithm in
its first phase and retains the original second phase of the flower pollination algorithm. The number
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of iterations is set to 2000 with implemented code tracking the exact iteration step where optimization
concludes and saving this completion step. The population size is taken as 100. The ps factor, which
serves as a switching probability between global and local search, is used in the calculations as shown
below. The ps factor has been set to 0.5 to provide equal opportunity for both types of optimization.

If ps < 0.5Phase 1
If  ps>0.5Phase 2 continues.

The static analysis of the frame system involves numerous variables and varying reinforcement
quantities for each section, which may cause the algorithm to converge to local optima. Therefore,
each analysis was repeated 10 times. Table 5 presents the optimal solution obtained for the structure
and the iteration number at which the algorithm reached the optimum result in each analysis.

Table 5: Cost optimization results obtained from the JA/FPA algorithm for the 42 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution solution deviation

Cost (USD) 37124 37124 37124 37124 3791.2 37124 37124 37124 37124 37240 37124  3791.2 2478

Optimization 410 807 824 102 117 141 144 746 113 78 746 117 -

completion step

The hybrid algorithm achieves the global optimum in 8 out of 10 conducted analyses. Fig. 14
presents the optimal cost distribution obtained from these analyses.

Cost Distribution

-
o
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Cost
u37124 % 37240 % u3791.2 %

Figure 14: Distribution of analysis results from the JA/FPA algorithm

The convergence behavior of Analysis 4 which achieved the fastest optimization in the JA/FPA
algorithm is shown in Fig. 15. It is observed that the algorithm achieves the optimum result at the
102nd iteration.

3.1.5 JAITLBO Hybrid Algorithm

The teaching-learning-based optimization algorithm is a two-phase algorithm. The new hybrid
algorithm is similar to the previous hybrid algorithm, with the only difference being that no ps factor
is used in this algorithm. In each iteration of the hybrid algorithm, the Jaya algorithm is used first,
followed by the student phase of the TLBO algorithm sequentially.

The population size is set to 100. The number of iterations is specified as 2000 with implemented
code tracking the exact iteration where optimization concludes and recording this completion step.
Each analysis is repeated 10 times. Table 6 presents the optimal solution achieved for the structure
and the iteration number at which the algorithm reaches the optimum result in each analysis.
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Figure 15: Convergence graph of the JA/FPA algorithm

Table 6: Cost optimization results obtained from the JA/TLBO algorithm for the 42 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution _solution _deviation

Cost (USD) 3712.4 3722.6 37124 37124 37124 37124 37124 37124 3722.6 37124 37124  3722.6 4.30

Optimization 80 66 168 319 91 330 77 114 73 102 114 73 -

completion step

The JA/TLBO algorithm achieves the global optimum in 8 out of 10 conducted analyses. Fig. 16
presents the optimal cost distribution obtained from these analyses.

Cost Distribution

Number of Analyses
o N £ [« o)

Cost
u37124$ 3722.6 $

Figure 16: Distribution of analysis results from the JA/TLBO algorithm

The convergence behavior of Analysis 7 which achieved the fastest optimization in the JA/TLBO
algorithm is shown in Fig. 17. It is seen that the algorithm reaches the optimum result at the 77th
iteration.

JA/TLBO Convergence
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Figure 17: Convergence graph of the JA/TLBO algorithm
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This study employs five different optimization algorithms, including two hybrid algorithms. These
five optimization algorithms perform static calculations and analyses of the RC frame system. Each
algorithm solves the structure with 10 repetitions, and the results are recorded. Table 7 presents the
optimal results and standard deviation values of the algorithms. One-way ANOVA test was conducted
for these results and p-value is found as 0.56. Since p > 0.05, there is no statistically significant
difference.

Table 7: Optimum cost results and standard deviation values calculated by the algorithms

Algorithm 1 2 3 4 5 6 7 8 9 10 Standard
deviation

JAYA 37124 37124  3722.6 37199  3722.6 37124 37124 37124  3722.6  3722.6 490

COST ($)

FPA 37309 37124 37124 37124 37268 3719.8 37124  3748.1 37124 37124 12.02

COST ($)

TLBO 37124 37134 37124 37124 37124 37199 37124 37124 37124 37124 236

COST (%)

JAIFPA 37124 37124 37124 37124  3791.2 37124 37124 37124 37124 37240 24.78

COST (%)

JAITLBO 37124 3722.6 37124 37124 37124 37124 37124 37124  3722.6 37124  4.30

COST (%)

All algorithms reach optimal solutions but when examining stability, faster convergence, and stan-
dard deviation values the Teaching-Learning-Based Optimization (TLBO) algorithm demonstrates
superior performance in this case. The TLBO algorithm achieves the best standard deviation value at
2.36 while the JA/FPA hybrid algorithm shows the worst performance with a standard deviation of
24.78. Table 8 presents the section dimensions and each element’s cost for the 42-member RC space
frame system based on the analysis results.

Table 8: Section dimensions and optimum cost values of the 42-eclement RC system obtained using the
TLBO

Element name b,, (m) h (m) Cost (5)
S101 0.30 0.30 54.60
S102 0.45 0.30 72.02
S103 0.30 0.30 54.60
S104 0.35 0.30 76.55
S105 0.40 0.40 98.70
S106 0.35 0.30 76.55
S107 0.30 0.30 54.60
S108 0.45 0.30 72.02
S109 0.30 0.30 54.60
K101 0.30 0.55 99.08
K102 0.30 0.55 99.08
(Continued)
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Table 8 (continued)

Element name b, (m) h (m) Cost (9)
K103 0.30 0.55 98.53
K104 0.30 0.55 98.53
K105 0.30 0.55 99.08
K106 0.30 0.55 99.08
K107 0.30 0.60 101.63
K108 0.30 0.60 101.63
K109 0.30 0.60 100.70
K110 0.30 0.60 100.70
K111 0.30 0.60 101.63
K112 0.30 0.60 101.63
S201 0.30 0.30 76.12
S202 0.45 0.30 61.26
S203 0.30 0.30 76.12
S204 0.35 0.30 84.91
S205 0.40 0.40 73.20
S206 0.35 0.30 84.91
S207 0.30 0.30 76.12
S208 0.45 0.30 61.26
S209 0.30 0.30 76.12
K201 0.30 0.60 103.35
K202 0.30 0.60 103.35
K203 0.30 0.60 102.81
K204 0.30 0.60 102.81
K205 0.30 0.60 103.35
K206 0.30 0.60 103.35
K207 0.30 0.55 101.45
K208 0.30 0.55 101.45
K209 0.30 0.55 100.98
K210 0.30 0.55 100.98
K211 0.30 0.55 101.45
K212 0.30 0.55 101.45
Total Cost 3712.4%

The RC frame system consisting of 42 elements undergoes static analysis in SAP2000 using the
optimal section dimensions obtained through a metaheuristic algorithm-based design. The results
from MATLAB and SAP2000 are compared, demonstrating the analysis’ validity. Table 9 displays
displacement values from both MATLAB and SAP2000 for four selected structural elements (one
column and one beam per floor).
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Table 9: Comparison of displacement values obtained from MATLAB and SAP2000

X (m) Y (m) Z (m) 0x (rad) Oy (rad) 0z (rad)
SAP2000 S104(i) 0 0 0 0 0 0
MATLAB 0 0 0 0 0 0
SAP2000 S104(j) 0 —0.000029 —0.00305 —0.00127 0 0
MATLAB 0 —0.000029 —0.00305 0.00123 0 0
SAP2000 K101(3) —0.000023 —0.000023 —0.00192 —0.00161 0.00207 —0.000000078
MATLAB —0.000023 —0.000022 —0.00192 0.00155 —0.00200 0.000000014
SAP2000 K101() 0 —0.000029 —0.00305 —0.00127 0 0
MATLAB 0 —0.000029 —0.00305 0.00123 0 0
SAP2000 $205(i) 0 0 —0.00295 0 0 0
MATLAB 0 0 —0.00297 0 0 0
SAP2000 $205(j) 0 0 —0.00446 0 0 0
MATLAB 0 0 —0.00447 0 0 0
SAP2000 K206(i) 0 —0.000053 —0.00458 0.00198 0 0
MATLAB 0 —0.000054 —0.00458 0.00195 0 0
SAP2000 K206(j) —0.000042 —0.0000420 —0.00287 0.00239 —0.00226 0.00000045
MATLAB 0.000042 —0.0000417 —0.00287 0.00230 0.00218 0.00000054

The evaluation of displacement results obtained from MATLAB and SAP2000 analyses using the
Mean Absolute Error (MAE) method is presented in Table 10. A comparison of values obtained from
the code developed based on the Mean Absolute Error (MAE) method and the SAP2000 software
revealed that the maximum difference in displacement values was 0.002 cm, while the maximum
difference in rotation values was 0.00009 radians. The differences between the results presented in
Table 10 have been determined to originate from the rounding errors used by the programs in their
calculations. It was observed that the displacements and rotations generated using our developed code
were consistent with the values obtained from the software package, and the differences between the
results were determined to be within acceptable limits from a civil engineering perspective.

Table 10: MAE comparison of displacement values: MATLAB vs. SAP2000
X(m)MAE  Y(m)MAE  Z(m)MAE  6x(rad) MAE 0y (rad) MAE 6z (rad) MAE

SAP2000 S104(3i) 0 0 0 0 0 0

MATLAB

SAP2000 S104() 0 0 0 0.00004 0 0

MATLAB

SAP2000 K101(3) 0 0.000001 0 0.00006 0.00007 0.000000064
MATLAB

SAP2000 K101(G) 0 0 0 0.00004 0 0

MATLAB

(Continued)
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Table 10 (continued)

X (m) MAE Y (m) MAE Z (m) MAE 0x (rad) MAE 0y (rad) MAE 6z (rad) MAE
SAP2000 S205(i) 0 0 0.00002 0 0 0
MATLAB
SAP2000 S205(j) 0 0 0.00001 0 0 0
MATLAB
SAP2000 K206(i) 0 0.000001 0 0.00003 0 0
MATLAB
SAP2000 K206() 0 0.0000003 0 0.00009 0.00008 0.00000009
MATLAB

3.2 Example 2

This section addresses optimizing a two-story RC frame system with two spans in the z-direction
and three spans in the x-direction. The structure contains 24 columns and 34 beams, totaling 58
structural elements. The design features 4-m span lengths and 3-m story heights. Fig. 18 illustrates a
view of the frame system, loading conditions, and cross-section along the x-axis. The structure carries

a 100 kN/m dead load and 50 kN/m live load with load combinations using only vertical loads (1.4G
+ 1.6Q) applied.

G=100 kN'm G=100 kN/m

G=100 kN/'m
Q=50 kN/'m Q=50 kN/m Q=50 kN/m
{{S > [ T T T T T T T TP T T I T o T I TT O 4
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N < S< /u/ I I O A L
3" < /u/ ™
> mn mn 3™
- m
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y mn

4m 4m 4m
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Figure 18: Load distribution and cross-section view of the 2-storey 3-span structure

Fig. 19 presents the floor plan showing columns and beams for the RC frame system illustrated in
Fig. 18. The design maintains constant cross-sectional areas for all columns throughout the building
height while allowing variation in reinforcement quantities along the columns. For beams, the design

ensures uniform cross-sectional dimensions for all beams along the same axis to facilitate construction
practicality.

3.2.1 Jaya Algorithm

The Jaya algorithm is a single-phase optimization method that aims to approach the best solution
while avoiding poor solutions. The analysis uses a population size of 100 and 2000 iterations, with
implemented code tracking the exact iteration where optimization concludes and recording this
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completion step. Table 11 presents both the optimal structural solution and the iteration number at
which the algorithm reaches the optimum result for each analysis.
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Figure 19: Column and beam layout plan of the 2-storey 3-span structure

Table 11: Cost optimization results obtained from the JAYA algorithm for the 58 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution  solution  deviation

Cost (USD) 5116.8 5118.6 5131.1 5118.6 5118.6 5116.8 51359 5118.6 5118.6 5150.1 5116.8 5150.1 11.60

Optimization 128 89 76 108 107 143 149 82 86 78 89 78 -

completion step

Fig. 20 displays the optimal cost distribution obtained from the analyses. The Jaya algorithm
demonstrates a lower probability of reaching global optimum solutions compared to other algorithms
used. Results show the Jaya algorithm achieves global optimum in only 2 out of 10 conducted analyses.

Cost Distribution

Number of Analyses

: - I

—
Cost

u5116.8$% =5118.6% =5131.1$ =51359% m5150.1$

Figure 20: Distribution of analysis results from the Jaya algorithm

The convergence behavior of Analysis 1 which achieved the fastest optimization in the Jaya
algorithm is shown in Fig. 21. It is seen that the algorithm reaches the optimum result at the 128th
iteration.

3.2.2 Flower Pollination Algorithm (FPA)

Table 12 below shows the optimal solutions and the iteration numbers reaching optimum results
for the flower pollination algorithm, a two-phase metaheuristic algorithm. The population size was
set to 100 and iterations to 2000, with code implemented to track and record the exact iteration step
where optimization completed.
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Figure 21: Convergence graph of the Jaya algorithm

Table 12: Cost optimization results obtained from the FPA algorithm for the 58 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution solution deviation

Cost (USD) 5118.6 5136.3 5116.8 5136.3 5116.8 5116.8 51309 5116.8 5116.8 5170.1 5116.8  5170.1 16.85

Optimization 118 117 400 149 146 147 133 128 174 150 146 150 —

completion step

The FPA algorithm achieves the global optimum in 5 out of 10 conducted analyses. Fig. 22
presents the optimal cost distribution obtained from these analyses.

Cost Distribution

Number of Analyses
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Figure 22: Distribution of analysis results from the FPA algorithm

The convergence behavior of Analysis 8 which achieved the fastest optimization in the FPA is
shown in Fig. 23. It is seen that the algorithm reaches the optimum result at the 128th iteration.

3.2.3 Teaching-Learning-Based Optimization (TLBO) Algorithm

The Teaching-Learning-Based Optimization (TLBO) algorithm, a two-phase metaheuristic
method, produces optimal solutions with their respective convergence iterations as presented in
Table 13. The analysis uses a population size of 100 and runs for 2000 iterations with specialized
code tracking and storing the exact iteration where optimization reaches completion.
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Figure 23: Convergence graph of the FPA algorithm

Table 13: Cost optimization results obtained from the TLBO algorithm for the 58 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution solution deviation

Cost (USD) 5116.8 5116.8 5116.8 5116.8 5116.8 5116.8 5116.8 5116.8 5116.8 5118.6 5116.8  5118.6  0.57

Optimization 37 46 57 43 31 77 49 67 87 51 87 51 —

completion step

The TLBO algorithm achieves the global optimum in 9 out of 10 conducted analyses. Fig. 24
presents the optimal cost distribution obtained from these analyses.

Cost Distribution
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Figure 24: Distribution of analysis results from the TLBO algorithm

The convergence behavior of Analysis 5 which achieved the fastest optimization in the TLBO
algorithm is shown in Fig. 25. It is seen that the algorithm reaches the optimum result at the 31th
iteration.
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Figure 25: Convergence graph of the TLBO algorithm
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3.2.4 JAIFPA Hybrid Algorithm

The flower pollination algorithm is a two-phase algorithm. In the first phase, it performs a global
search in the second phase, it conducts a local search. The algorithm uses the Jaya algorithm in its
first phase and retains the original second phase of the flower pollination algorithm. The number of
iterations is set to 2000 with implemented code tracking the exact iteration step where optimization
concludes and saving this completion step. The population size is taken as 100. The ps factor which
serves as a switching probability between global and local search is used in the calculations as shown
below. The ps factor has been set to 0.5 to provide equal opportunity for both types of optimization.

If ps<0.5Phasel
If ps>0.5Phase 2 continues.

The static analysis of the frame system involves numerous variables and varying reinforcement
quantities for each section, which may cause the algorithm to converge to local optima. Therefore,
each analysis was repeated 10 times. Table 14 presents the optimal solution obtained for the structure
and the iteration number at which the algorithm reached the optimum result in each analysis.

Table 14: Cost optimization results obtained from the JA/FPA algorithm for the 58 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution solution deviation

Cost (USD) 5116.8 5116.8 5116.8 5116.8 5116.8 5116.8 5116.8 5136.3 5116.8 5116.8 5116.8 51363  6.16

Optimization 149 235 196 168 173 179 148 108 214 186 214 108 -

completion step

The hybrid algorithm achieves the global optimum in 9 out of 10 conducted analyses. Fig. 26
presents the optimal cost distribution obtained from these analyses.
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Figure 26: Distribution of analysis results from the JA/FPA algorithm

The convergence behavior of Analysis 7, which achieved the fastest optimization in the JA/FPA
algorithm, is shown in Fig. 27. It is seen that the algorithm reaches the optimum result at the 148th
iteration.

3.2.5 JAITLBO Hybrid Algorithm

The teaching-learning-based optimization algorithm is a two-phase algorithm. The new hybrid
algorithm is similar to the previous one, with the only difference being that no ps factor is used in this
algorithm. In each iteration of the hybrid algorithm, the Jaya algorithm is used first, followed by the
student phase of the TLBO algorithm sequentially.
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Figure 27: Convergence graph of the JA/FPA algorithm

The population size is set to 100. The number of iterations is specified as 2000 with implemented
code tracking the exact iteration where optimization concludes and recording this completion step.
Each analysis is repeated 10 times. Table 15 presents the optimal solution achieved for the structure
and the iteration number at which the algorithm reaches the optimum result in each analysis.

Table 15: Cost optimization results obtained from the JA/TLBO algorithm for the 58 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution solution deviation

Cost (USD) 5116.8 5116.8 5116.8 5116.8 5116.8 5116.8 5118.6 5116.8 5136.3 5116.8 5116.8 51363  6.14

Optimization 82 102 97 78 103 91 92 88 78 105 88 78 -

completion step

The JA/TLBO algorithm achieves the global optimum in 8 out of 10 conducted analyses. Fig. 28
presents the optimal cost distribution obtained from these analyses.
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Figure 28: Distribution of analysis results from the JA/TLBO algorithm

The convergence behavior of Analysis 4 which achieved the fastest optimization in the JA/TLBO
algorithm is shown in Fig. 29. It is seen that the algorithm reaches the optimum result at the 78th
iteration.

This study utilizes five different optimization algorithms, including two hybrid algorithms. These
five algorithms perform static calculations and optimization analyses for the RC frame system. Each
algorithm solves the structure with 10 repetitions, and the results are recorded. Table 16 presents the
optimal results and standard deviation values of the algorithms. One-way ANOVA test has a p-value
of 0.106 and there is no statistically significant difference between the algorithms.
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Figure 29: Convergence graph of the JA/TLBO algorithm

st ($)

8 Worst

Table 16: Optimum cost results and standard deviation values calculated by the algorithms

Algorithm 1 2 3 4 5 6 7 8 9 10 Standard
deviation

JAYA 5116.8  5118.6  5131.1 5118.6  5118.6  5116.8 51359  5118.6  5118.6  5150.1 11.16

COST ($)

FPA 5118.6 51363  5116.8 51363  5116.8  5116.8 51309  5116.8  5116.8  5170.1 16.85

COST ($)

TLBO 5116.8  5116.8  5116.8  5116.8 51168  5116.8 51168  5116.8  5116.8  5118.6  0.57

COST ($)

JAIFPA 5116.8  5116.8  5116.8  5116.8  5116.8  5116.8  5116.8  5136.3 51168  5116.8  6.16

COST ($)

JAITLBO 5116.8  5116.8  5116.8  5116.8  5116.8  5116.8  5118.6  5116.8 51363  5116.8  6.14

COST ($)

All algorithms achieve optimal solutions, but when evaluating stability, convergence speed, and
standard deviation values, the Teaching-Learning-Based Optimization (TLBO) algorithm demon-
strates superior performance in this case. The analysis reveals the Flower Pollination Algorithm (FPA)
shows the poorest convergence with a standard deviation value of 16.85. Table 17 displays the section
dimensions and individual element costs for the 58-member RC space frame system based on the
analysis results.

Table 17: Section dimensions and optimum cost values of the 58-element RC system obtained using
the TLBO

Element name b, (m) h (m) Cost () Element name b,, (m) h (m) Cost ($)

S101 0.30 0.30 54.60 S201 0.30 0.30 76.12
S102 0.45 0.30 72.02 S202 0.45 0.30 66.64
S103 0.30 0.30 54.60 S203 0.30 0.30 76.12
S104 0.35 0.30 68.18 S204 0.35 0.30 84.91
S105 0.45 0.35 90.80 S205 0.45 0.35 71.97
S106 0.35 0.30 68.18 S206 0.35 0.30 84.91
S107 0.35 0.30 68.18 S207 0.35 0.30 84.91
(Continued)
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Table 17 (continued)

Element name b,, (m) h (m) Cost (¥) Element name b,, (m) h (m) Cost (9)
S108 0.45 0.35 90.80 S208 0.45 0.35 71.97
S109 0.35 0.30 68.18 S209 0.35 0.30 84.91
S110 0.30 0.30 54.60 S210 0.30 0.30 76.12
S111 0.45 0.30 72.02 S211 0.45 0.30 66.64
S112 0.30 0.30 54.60 S212 0.30 0.30 76.12
K101 0.30 0.50 98.14 K201 0.30 0.50 99.78
K102 0.30 0.50 93.60 K202 0.30 0.50 93.22
K103 0.30 0.50 98.14 K203 0.30 0.50 99.78
K104 0.30 0.55 98.82 K204 0.30 0.60 103.89
K105 0.30 0.55 94.57 K205 0.30 0.60 96.25
K106 0.30 0.55 98.82 K206 0.30 0.60 103.89
K107 0.30 0.50 98.14 K207 0.30 0.50 99.78
K108 0.30 0.50 93.60 K208 0.30 0.50 93.22
K109 0.30 0.50 98.14 K209 0.30 0.50 99.78
K110 0.30 0.60 101.67 K210 0.30 0.55 101.56
K111 0.30 0.60 101.67 K211 0.30 0.55 101.56
K112 0.30 0.60 100.49 K212 0.30 0.55 100.58
K113 0.30 0.60 100.49 K213 0.30 0.55 100.58
K114 0.30 0.60 100.49 K214 0.30 0.55 100.58
K115 0.30 0.60 100.49 K215 0.30 0.55 100.58
K116 0.30 0.60 101.67 K216 0.30 0.55 101.56
K117 0.30 0.60 101.67 K217 0.30 0.55 101.56
Total Cost 5116.8%

The RC frame system with 58 elements is analyzed in SAP2000 using optimal section dimensions
obtained through metaheuristic algorithm optimization. The MATLAB and SAP2000 results are
compared to confirm the accuracy of the analysis. Table 18 shows displacement values from both
MATLAB and SAP2000 for four structural elements selected as one column and one beam from each

floor.

Table 18: Comparison of displacement values obtained from MATLAB and SAP2000

X (m) Y (m) Z (m) 0x (rad) Oy (rad) 6z (rad)
SAP2000 S101(1) 0 0 0 0 0 0
MATLAB 0 0 0 0 0 0
SAP2000 S101G) —0.000050 —0.000023 —0.00196 —0.001619 0.00237 —0.00000201
MATLAB —0.000049 —0.000025 —0.00196 0.001555 —0.00229 0.00000178
SAP2000 K109(i) 0.000014 0.000029 —0.00289 0.001287 0.00031 —0.00000087
MATLAB 0.000014 0.000029 —0.00288 —0.001237 —0.00031 0.00000088

(Continued)
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Table 18 (continued)

X (m) Y (m) Z (m) 0x (rad) Oy (rad) 0z (rad)

SAP2000 K109() 0.000050 0.000023 —0.00196 0.001619 —0.00237 —0.00000201
MATLAB 0.000049 0.000025 —0.00196 —0.001555 0.00229 0.00000178
SAP2000 S205(1) —0.000011 0 —0.00289 0 —0.00023 0
MATLAB —0.000011 0 —0.00290 0 0.00024 0

SAP2000 S205()) 0.00002 0 —0.00435 0 —0.00035 0
MATLAB 0.00002 0 —0.00436 0 0.00038 0

SAP2000 K204(i) 0.000075 0 —0.00364 0 0.00205 0
MATLAB —0.000076 0 —0.00364 0 —0.00205 0

SAP2000 K204() 0.00002 0 —0.00435 0 —0.00035 0
MATLAB 0.00002 0 —0.00436 0 0.00038 0

The evaluation of displacement results obtained from MATLAB and SAP2000 analyses using the
Mean Absolute Error (MAE) method is presented in Table 19. A comparison of values obtained from
the code developed based on the Mean Absolute Error (MAE) method and the SAP2000 software
revealed that the maximum difference in displacement values was 0.001 cm, while the maximum
difference in rotation values was 0.00008 radians. The differences between the results presented in
Table 19 have been determined to originate from the rounding errors used by the programs in their
calculations. It was observed that the displacements and rotations generated using our developed code
were consistent with the values obtained from the software package, and the differences between the
results were determined to be within acceptable limits from a civil engineering perspective.

Table 19: MAE comparison of displacement values: MATLAB vs. SAP2000

X (m) MAE Y (m) MAE Z (m) MAE 0x (rad) MAE 0y (rad) MAE 0z (rad) MAE

SAP2000 S101(i) 0 0 0 0 0 0
MATLAB

SAP2000 S101() 0.000001 0.000002 0 0.000064 0.00008 0.00000023
MATLAB

SAP2000 K109(i) 0 0 0.00001 0.00005 0 0.00000001
MATLAB

SAP2000 K109() 0.000001 0.000002 0 0.000064 0.00008 0.00000023
MATLAB

SAP2000 S205(1) 0 0 0.00001 0 0.00001 0
MATLAB

SAP2000 S205(3j) 0 0 0.00001 0 0.00003 0
MATLAB

SAP2000 K204(i) 0.000001 0 0 0 0 0
MATLAB

SAP2000 K204() 0 0 0.00001 0 0.00003 0
MATLAB
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When examining the optimal results from all algorithms, the Teaching-Learning-Based Optimiza-
tion (TLBO) algorithm demonstrates superior performance in optimizing space RC frame systems,
considering stability, faster convergence, and standard deviation values. In subsequent structural
optimization solutions, only the TLBO algorithm was employed for the analysis.

3.3 Example 3

This section examines optimizing a five-story RC frame system with two spans along the z-axis
and three spans along the x-axis. The structure contains 60 columns and 85 beams, totaling 145
structural members. The design features 4-m span lengths and 3-m story heights. Fig. 30 illustrates a
view of the frame system, loading conditions, and cross-section along the x-axis. The structure carries a
100 kN/m dead load and 50 kN/m live load with load combinations using only vertical loads (1.4G +
1.6Q) applied.
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Figure 30: Load distribution and cross-section view of the 5-storey 3-span structure

Fig. 31 displays the floor plan showing column and beam layout for the RC frame system
presented in Fig. 30. The design maintains constant cross-sectional areas for columns throughout the
building height while allowing variable reinforcement quantities along columns. For beams, the design
enforces uniform cross-sectional dimensions for all beams along the same axis to ensure construction
efficiency.
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Figure 31: Column and beam layout plan of the 5-storey 3-span structure

The Teaching-Learning-Based Optimization (TLBO) algorithm, a two-phase metaheuristic
method, produces optimal solutions with their respective convergence iterations as presented in
Table 20.

Table 20: Cost optimization results obtained from the TLBO algorithm for the 145 element structure

Analysis 1 2 3 4 5 6 7 8 9 10 Best Worst  Standard
number solution solution deviation

Cost (USD) 17,042.4 17,043.5 17,042.4 17,043.5 17,042.4 17,042.4 17,042.4 17,042.4 17,042.4 17,042.4 17,042.4 17,043.5 0.50
Optimization 70 81 77 198 63 92 93 71 62 65 71 198 -
completion

step

Previous sections analyzed two different frame systems with 42 and 58 elements. A population
size of 100 and 2000 iterations is utilized, with implemented code tracking and recording the exact
iteration step where optimization completes.

The TLBO algorithm achieves the global optimum in 8 out of 10 conducted analyses. Fig. 32
presents the optimal cost distribution obtained from these analyses.

Cost Distribution
10

Number of Analyses
N £ (o) oo

Cost
u17042.4 $ 17043.5 $

Figure 32: Distribution of analysis results from the TLBO algorithm
The convergence behaviour of Analysis 9 which achieved the fastest optimization in the TLBO

algorithm is shown in Fig. 33. It is seen that the algorithm reaches the optimum result at the 62th
iteration
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Figure 33: Convergence graph of the TLBO algorithm

According to the analysis results, Table 21 displays the cross-sectional dimensions and individual
element costs for the 145-member RC space frame system.

Table 21: Section dimensions and optimum cost values of the 145-element RC system

Element bw (m) h(m) Cost Element by (m) h(m) Cost Element bw (m)  h(m) Cost ($)
name &) name &) name
S101 0.50 0.30 116.08 K209 0.30 0.55 107.08  S412 0.50 0.30 77.83
S102 0.50 0.55 163.02 K210 0.30 0.60 107.39 K401 0.30 0.55 107.24
S103 0.50 0.30 116.08 K211 0.30 0.60 107.59 K402 0.30 0.55 107.05
S104 0.50 0.45 204.50 K212 0.30 0.60 107.59 K403 0.30 0.55 107.24
S105 0.50 0.60 264.23 K213 0.30 0.60 107.32 K404 0.30 0.55 107.03
S106 0.50 0.45 204.50 K214 0.30 0.60 107.32 K405 0.30 0.55 107.02
S107 0.50 0.45 204.50 K215 0.30 0.60 107.32 K406 0.30 0.55 107.03
S108 0.50 0.60 264.23 K216 0.30 0.60 107.32 K407 0.30 0.55 107.24
S109 0.50 0.45 204.50 K217 0.30 0.60 107.59 K408 0.30 0.55 107.05
S110 0.50 0.30 116.08  S301 0.50 0.30 107.59 K409 0.30 0.55 107.24
S111 0.50 0.55 163.02  S302 0.50 0.55 82.61 K410 0.30 0.60 107.53
S112 0.50 0.30 116.08  S303 0.50 0.30 136.72 K411 0.30 0.60 107.53
K101 0.30 0.55 107.63  S304 0.50 0.45 82.61 K412 0.30 0.60 107.26
K102 0.30 0.55 107.11 S305 0.50 0.60 11843 K413 0.30 0.60 107.26
K103 0.30 0.55 107.63  S306 0.50 0.45 149.46 K414 0.30 0.60 107.26
K104 0.30 0.55 106.96  S307 0.50 0.45 11843 K415 0.30 0.60 107.26
K105 0.30 0.55 107.05  S308 0.50 0.60 118.43 K416 0.30 0.60 107.53
K106 0.30 0.55 106.96  S309 0.50 0.45 149.46 K417 0.30 0.60 107.53
K107 0.30 0.55 107.63  S310 0.50 0.30 118.43  S501 0.50 0.30 111.30
K108 0.30 0.55 107.11 S311 0.50 0.55 82.61 S502 0.50 0.55 127.96
K109 0.30 0.55 107.63  S312 0.50 0.30 136.72  S503 0.50 0.30 111.30
K110 0.30 0.60 107.66 K301 0.30 0.55 82.61 S504 0.50 0.45 154.29
K111 0.30 0.60 107.66 K302 0.30 0.55 107.32  S505 0.50 0.60 139.89
K112 0.30 0.60 107.40 K303 0.30 0.55 107.08  S506 0.50 0.45 154.29
K113 0.30 0.60 107.40 K304 0.30 0.55 107.32  S507 0.50 0.45 154.29
K114 0.30 0.60 107.40 K305 0.30 0.55 106.96  S508 0.50 0.60 139.89
K115 0.30 0.60 107.40 K306 0.30 0.55 107.04  S509 0.50 0.45 154.29
K116 0.30 0.60 107.66 K307 0.30 0.55 106.96  S510 0.50 0.30 111.30
K117 0.30 0.60 107.66 K308 0.30 0.55 107.32  S511 0.50 0.55 127.96
S201 0.50 0.30 87.39 K309 0.30 0.55 107.08  S512 0.50 0.30 111.30
S202 0.50 0.55 14549 K310 0.30 0.60 107.32 K501 0.30 0.55 108.61
S203 0.50 0.30 87.39 K311 0.30 0.60 107.67 K502 0.30 0.55 107.17
S204 0.50 0.45 125.60 K312 0.30 0.60 107.67 K503 0.30 0.55 108.61
S205 0.50 0.60 168.59 K313 0.30 0.60 107.33 K504 0.30 0.55 106.88
(Continued)
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Table 21 (continued)

Element bw (m) h(m) Cost Element bw (m) h(m) Cost Element by (m) h(m) Cost ($)
name &) name &) name
S206 0.50 0.45 125.60 K314 0.30 0.60 107.33 K505 0.30 0.55 107.03
S207 0.50 0.45 125.60 K315 0.30 0.60 107.33 K506 0.30 0.55 106.88
S208 0.50 0.60 168.59 K316 0.30 0.60 107.33 K507 0.30 0.55 108.61
S209 0.50 0.45 125.60 K317 0.30 0.60 107.67 K508 0.30 0.55 107.17
S210 0.50 0.30 87.39 S401 0.50 0.30 107.67 K509 0.30 0.55 108.61
S211 0.50 0.55 14549  S102 0.50 0.55 77.83 K510 0.30 0.45 111.71
S212 0.50 0.30 87.39 S403 0.50 0.30 127.96 K511 0.30 0.45 111.71
K201 0.30 0.55 107.39  S404 0.50 0.45 77.83 K512 0.30 0.45 111.18
K202 0.30 0.55 107.08  S405 0.50 0.60 111.25 K513 0.30 0.45 111.18
K203 0.30 0.55 107.39  S406 0.50 0.45 139.89 K514 0.30 0.45 111.18
K204 0.30 0.55 106.95  S407 0.50 0.45 111.25 K515 0.30 0.45 111.18
K205 0.30 0.55 107.03  S408 0.50 0.60 111.25 K516 0.30 0.45 111.71
K206 0.30 0.55 106.95  S409 0.50 0.45 139.89 K517 0.30 0.45 111.71
K207 0.30 0.55 107.39  S410 0.50 0.30 111.25
K208 0.30 0.55 116.08  S411 0.50 0.55 77.83

Total Cost 17,042.4%

In RC frame systems increasing the number of stories and applied loads substantially increases
both axial loads and moment effects on columns. When compared with previous examples column
sections are subjected to higher axial and moment effects and consequently designed with larger
dimensions.

For beams, all studies show that increasing beam height to utilize the effective depth reduces
reinforcement requirements. This approach increases the moment arm capacity, effectively resists
applied moments, and provides more economical solutions.

The RC frame system with 145 elements undergoes static analysis in SAP2000 using optimal
cross-section dimensions obtained through metaheuristic algorithm-based design. The MATLAB and
SAP2000 results are compared to verify the analysis accuracy. Table 22 presents displacement values
from both programs for four structural elements selected as one column and one beam from each
floor. It was observed that the displacements and rotations generated using our developed code were
consistent with the values obtained from the software package, and the differences between the results
were determined to be within acceptable limits from a civil engineering perspective.

Table 22: Comparison of displacement values obtained from MATLAB and SAP2000

X (m) Y (m) Z (m) 0x (rad) 0y (rad) 6z (rad)

SAP2000 S101(3i) 0 0 0 0 0 0
MATLAB 0 0 0 0 0 0
SAP2000 S101(j) —0.000035 —0.000026 —0.00310 —0.00076 0.001557 0.000003007
MATLAB —0.000036 —0.000026 —0.00310 0.00071 —0.001476 —0.000003007
SAP2000 K102(3i) —0.0000098 —0.000030 —0.00346 —0.00059 —0.000141 0.000000219
MATLAB —0.0000095 —0.000029 —0.00346 0.00056 0.000137 —0.000000267
SAP2000 K102() 0.0000098 —0.000030 —0.00346 —0.00059 0.000141 —0.000000219
MATLAB 0.0000095 —0.000029 —0.00346 0.00056 —0.000137 0.000000267
SAP2000 S206(i) —0.000019 0 —0.00351 0 —0.000014 0
MATLAB —0.000019 0 —0.00351 0 0.000016 0

(Continued)
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Table 22 (continued)

X (m) Y (m) Z (m) 0x (rad) Oy (rad) 6z (rad)
SAP2000 S206(j) —0.0000025 0 —0.00631 0 0.000021 0
MATLAB —0.0000027 0 —0.00631 0 —0.000020 0
SAP2000 K203(i) 0.0000015 0.0000031 —0.00624 —0.00050 0.000078 —0.000000054
MATLAB 0.0000016 0.0000032 —0.00624 0.00046 —0.000073 0.000000069
SAP2000 K203() 0.00000091 0.0000037 —0.00559 —0.00063 —0.00140 —0.00000052
MATLAB 0.00000113 0.0000039 —0.00559 0.00059 0.00140 0.00000062
SAP2000 S209(i) 0.0000015 —0.0000031 —0.00624 0.00050 0.000078 0.000000055
MATLAB 0.0000016 —0.0000032 —0.00624 —0.00046 —0.000073 —0.000000069
SAP2000 S209() 0.0000015 —0.0000045 —0.00832 0.00053 0.000083 0.00000015
MATLAB 0.0000016 —0.0000050 —0.00832 —0.00049 —0.000080 —0.00000018
SAP2000 K3113) —0.0000015 0.0000046 —0.00745 —0.00065 0.00150 0.00000060
MATLAB —0.0000016 0.0000050 —0.00745 —0.00061 —0.00142 —0.00000064
SAP2000 K311(G) —0.0000022 0 —0.00710 0 0.000487 0
MATLAB —0.0000022 0 —0.00711 0 —0.000468 0
SAP2000 S405(1) —0.0000026 0 —0.00842 0 0.000017 0
MATLAB —0.0000028 0 —0.00873 0 —0.000013 0
SAP2000 S405()) —0.000016 0 —0.00981 0 0.000056 0
MATLAB —0.000016 0 —0.00981 0 —0.000056 0
SAP2000 K415(i) 0.0000014 —0.000043 —0.00971 —0.000402 0.000028 —0.00000055
MATLAB 0.0000011 —0.000044 —0.00971 0.000360 —0.000021 0.00000060
SAP2000 K415G) 0.000016 0 —0.00981 0 —0.000056 0
MATLAB 0.000016 0 —0.00981 0 0.000056 0
SAP2000 S511(31) 0.000056 0 —0.00828 0 —0.000418 0
MATLAB 0.000056 0 —0.00829 0 0.000394 0
SAP2000 S511() —0.000204 0 —0.00887 0 —0.001092 0
MATLAB —0.000212 0 —0.00888 0 0.001049 0
SAP2000 K508(i) 0.000024 —0.00014 —0.01041 0.001359 —0.000226 —0.000000259
MATLAB 0.000024 —0.00014 —0.01041 —0.001302 0.000229 0.000000144
SAP2000 K508() —0.000024 —0.00014 —0.01041 0.001359 0.000226 0.000000259
MATLAB —0.000024 —0.00014 —0.01041 —0.001302 —0.000229 —0.000000144

The evaluation of displacement results obtained from MATLAB and SAP2000 analyses using the
Mean Absolute Error (MAE) method is presented in Table 23. A comparison of values obtained from
the code developed based on the Mean Absolute Error (MAE) method and the SAP2000 software
revealed that the maximum difference in displacement values was 0.031 cm, while the maximum
difference in rotation values was 0.00005 radians. The differences between the results presented in
Table 23 have been determined to originate from the rounding errors used by the programs in their

calculations.
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Table 23: MAE comparison of displacement values: MATLAB vs. SAP2000

X (m) MAE Y (m) MAE Z (m) MAE 0x (rad) MAE 0y (rad) MAE 0z (rad) MAE

SAP2000 S101(i) 0 0 0 0 0 0

MATLAB

SAP2000 S101(j) 0.000001 0 0 0.00005 0.000081 0

MATLAB

SAP2000 K102(i) 0.0000003 0.000001 0 0.00003 0.000005 0.00000005
MATLAB

SAP2000 K102(j) 0.0000003 0.000001 0 0.00003 0.000004 0.00000005
MATLAB

SAP2000 S206(i) 0 0 0 0 0.000002 0

MATLAB

SAP2000 S206()) 0.0000002 0 0 0 0.000001 0

MATLAB

SAP2000 K203(i) 0.0000001 0.0000001 0 0.00004 0.000005 0.000000005
MATLAB

SAP2000 K203() 0.0000002 0.0000000.2 0 0.00004 0 0.0000001
MATLAB

SAP2000 S209(i) 0.0000001 0.0000001 0 0.00004 0.000005 0.000000014
MATLAB

SAP2000 S209(j) 0.0000001 0.0000005 0 0.00004 0.000003 0.00000004
MATLAB

SAP2000 K311(3) 0.0000001 0.0000004 0 0.00004 0.00008 0.00000004
MATLAB

SAP2000 K311() 0 0 0.00001 0 0.000019 0

MATLAB

SAP2000 S405(i) 0.0000002 0 0.00031 0 0.000004 0
MATLAB

SAP2000 S405()) 0 0 0 0 0 0

MATLAB

SAP2000 K415(i) 0.0000003 0.000001 0 0.00004 0.000007 0.00000005
MATLAB

SAP2000 K415()) 0 0 0 0 0 0

MATLAB

SAP2000 S511(31) 0 0 0.00001 0 0.000024 0

MATLAB

SAP2000 S511()) 0.000008 0 0.00001 0 0.000043 0

MATLAB

SAP2000 K508(i) 0 0 0 0.00005 0.000003 0.000000115
MATLAB

SAP2000 K508()) 0 0 0 0.00005 0.000003 0.000000115
MATLAB
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This section addresses optimizing a three-story RC frame system with two spans along the z-
axis and three spans along the x-axis. The structure contains 36 columns and 51 beams, totaling 87
structural members. The design features asymmetric span lengths of 3 m along the z-axis and 4, 3, and
5 m along the x-axis, with uniform story heights of 3 m. Fig. 34 illustrates view of the frame system,
loading conditions, and cross-section along the x-axis. The structure carries a 100 kN/m dead load
and 50 kN/m live load, with load combinations using only vertical loads (1.4G + 1.6Q) applied.
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Figure 34: Load distribution and cross-section view of the 3-storey 3-span structure

Fig. 35 displays the floor plan showing column and beam layout for the RC frame system
presented in Fig. 34. The design maintains constant cross-sectional areas for columns throughout the
building height while allowing variable reinforcement quantities along columns. For beams, the design
enforces uniform cross-sectional dimensions for all beams along the same axis to ensure construction

efficiency.
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Figure 35: Column and beam layout plan of the 3-storey 3-span structure

Previous sections analyzed two different frame systems with 42 and 58 elements. A population
size of 100 and 2000 iterations are utilized, with implemented code tracking and recording the exact
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iteration step where optimization completes. Each analysis runs 10 repetitions, and Table 24 presents
the optimal cost achieved for the structure and the iteration number reaching the optimum result.

Table 24: Cost optimization results obtained from the TLBO algorithm for the 87 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution solution deviation

Cost (USD) 7475.5 7475.5 7475.5 7475.5 7475.5 7486.8 7475.5 7475.5 7475.5 7486.8 7475.5 7486.8  5.05

Optimization 135 144 166 128 116 165 174 113 285 142 113 165 -

completion step

The TLBO algorithm achieves the global optimum in § out of 10 conducted analyses. Fig. 36
presents the optimal cost distribution obtained from these analyses.

Cost Distribution

Number of Analyses

Cost
m7475.5$ 7486.8 $

Figure 36: Distribution of analysis results from the TLBO algorithm
The convergence behavior of Analysis 8§ which achieved the fastest optimization in the TLBO

algorithm is shown in Fig. 37. It is seen that the algorithm reaches the optimum result at the 113th
iteration.

TLBO Convergence

8400
8200
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& 7800
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Number Of Iterations

Figure 37: Convergence graph of the TLBO algorithm

Table 25 displays the optimized section dimensions and corresponding cost values for each
structural member of the 87-element RC space frame system obtained from the computational
analysis.
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Table 25: Section dimensions and optimum cost values of the §7-element RC system

Element name b,, (m) h (m) Cost (&) Element name b,, (m) h (m) Cost ()

S101 0.30 0.30 60.34 K204 0.30 0.60 103.57
S102 0.50 0.30 82.61 K205 0.30 0.60 73.15
S103 0.30 0.30 60.34 K206 0.30 0.60 159.18
S104 0.40 0.30 88.69 K207 0.30 0.60 104.41
S105 0.45 0.40 105.62 K208 0.30 0.60 75.57
S106 0.40 0.30 88.69 K209 0.30 0.60 160.25
S107 0.45 0.35 92.05 K210 0.30 0.45 61.93
S108 0.50 0.40 117.64 K211 0.30 0.45 61.93
S109 0.45 0.35 92.05 K212 0.30 0.45 61.73
S110 0.30 0.30 63.21 K213 0.30 0.45 61.73
S111 0.30 0.45 100.00 K214 0.30 0.45 61.55
S112 0.30 0.30 63.21 K215 0.30 0.45 61.55
K101 0.30 0.60 105.57 K216 0.30 0.45 61.79
K102 0.30 0.60 76.80 K217 0.30 0.45 61.79
K103 0.30 0.60 160.55 S301 0.30 0.30 66.08
K104 0.30 0.60 104.53 S302 0.50 0.30 68.26
K105 0.30 0.60 74.61 S303 0.30 0.30 66.08
K106 0.30 0.60 159.23 S304 0.40 0.30 77.21
K107 0.30 0.60 105.57 S305 0.45 0.40 82.67
K108 0.30 0.60 76.80 S306 0.40 0.30 77.21
K109 0.30 0.60 160.55 S307 0.45 0.35 97.07
K110 0.30 0.50 64.79 S308 0.50 0.40 92.14
K111 0.30 0.50 64.79 S309 0.45 0.35 97.07
K112 0.30 0.50 63.52 S310 0.30 0.30 77.55
K113 0.30 0.50 63.52 S311 0.30 0.45 112.91
K114 0.30 0.50 62.47 S312 0.30 0.30 77.55
K115 0.30 0.50 62.47 K301 0.30 0.60 107.52
K116 0.30 0.50 64.46 K302 0.30 0.60 79.08
K117 0.30 0.50 64.46 K303 0.30 0.60 163.35
S201 0.30 0.30 54.60 K304 0.30 0.60 106.45
S202 0.50 0.30 68.26 K305 0.30 0.60 76.95
S203 0.30 0.30 54.60 K306 0.30 0.60 159.98
S204 0.40 0.30 61.91 K307 0.30 0.60 107.52
S205 0.45 0.40 88.41 K308 0.30 0.60 79.08
S206 0.40 0.30 61.91 K309 0.30 0.60 163.35
S207 0.45 0.35 76.99 K310 0.30 0.40 62.98
S208 0.50 0.40 98.52 K311 0.30 0.40 62.98
S209 0.45 0.35 76.99 K312 0.30 0.40 62.31
S210 0.30 0.30 71.81 K313 0.30 0.40 62.31
S211 0.30 0.45 95.69 K314 0.30 0.40 61.96
S212 0.30 0.30 71.81 K315 0.30 0.40 61.96
(Continued)
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Table 25 (continued)

Element name b,, (m) h (m) Cost () Element name b,, (m) h (m) Cost (§)
K201 0.30 0.60 104.41 K316 0.30 0.40 62.45
K202 0.30 0.60 75.57 K317 0.30 0.40 62.45
K203 0.30 0.60 160.25

Total Cost 7475.5%

The RC frame system with 87 elements undergoes static analysis in SAP2000 using optimal cross-
section dimensions obtained through a metaheuristic algorithm-based design. The MATLAB and
SAP2000 results are compared to verify the accuracy of the analysis. Table 26 presents displacement
values from both programs for four structural elements selected as one column and one beam from
each floor. It was observed that the displacements and rotations generated using our developed code
were consistent with the values obtained from the software package, and the differences between the
results were determined to be within acceptable limits from a civil engineering perspective.

Table 26: Comparison of displacement values obtained from MATLAB and SAP2000

X (m) Y (m) Z (m) 0x (rad) Oy (rad) 6z (rad)
SAP2000 S101(31) 0 0 0 0 0 0
MATLAB 0 0 0 0 0 0
SAP2000 S101(j) —0.000119 —0.0000091 —0.00265 —0.001033 0.00194 —0.000012
MATLAB —0.000132 —0.0000089 0.00265 0.000097 —0.00189 —0.000012
SAP2000 K105(1) —0.000037 0 —0.00293 0 —0.00061 0
MATLAB —0.000051 0 —0.00294 0 0.00062 0
SAP2000 K105(@) —0.000029 0 —0.00289 0 0.00091 0
MATLAB —0.000043 0 —0.00289 0 —0.00090 0
SAP2000 S209(i) —0.000098 0.000014 —0.00287 0.00055 0.00124 0.00000614
MATLAB —0.000111 0.000014 —0.00287 —0.00054 —0.00122 —0.00000580
SAP2000 S209() —0.000121 0.00002 —0.00480 0.00042 0.00104 —0.00000483
MATLAB —0.000152 0.00002 —0.00480 —0.00041 —0.00100 —0.00000574
SAP2000 K209(1) —0.000121 0.00002 —0.00480 0.00042 0.00104 —0.00000483
MATLAB —0.000152 0.00002 —0.00480 —0.00041 —0.00101 —0.00000574
SAP2000 K209() —0.000112 0.0000093 —0.00501 0.00115 —0.00273 —0.00000791
MATLAB —0.000143 0.0000091 —0.00501 —0.00109 0.00268 0.00000104
SAP2000 S303(i) —0.000126 0.0000091 —0.00443 0.00107 0.00182 —0.00000933
MATLAB —0.000157 0.0000089 —0.00443 —0.00101 —0.00178 0.00001097
SAP2000 S303(j) 0.000021 —0.000032 —0.00530 0.00198 0.00248 —0.000073
MATLAB —0.000024 —0.000031 —0.00530 —0.00188 —0.00244 0.000076
SAP2000 K306(i) —0.000416 0 —0.00581 0 0.00131 0
MATLAB —0.000477 0 —0.00581 0 —0.00128 0
SAP2000 K306() —0.000558 0 —0.00648 0 —0.00267 0
MATLAB —0.000623 0 —0.00648 0 —0.00260 0
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The evaluation of displacement results obtained from MATLAB and SAP2000 analyses using the
Mean Absolute Error (MAE) method is presented in Table 27. A comparison of values obtained from
the code developed based on the Mean Absolute Error (MAE) method and the SAP2000 software
revealed that the maximum difference in displacement values was 0.0065 cm, while the maximum
difference in rotation values was 0.00093 radians. It was observed that the displacements and rotations
generated using our developed code were consistent with the values obtained from the software
package, and the differences between the results were determined to be within acceptable limits from
a civil engineering perspective.

Table 27: MAE comparison of displacement values: MATLAB vs. SAP2000

X (m) MAE Y (m) MAE Z (m) MAE 0x (rad) MAE Oy (rad) MAE 0z (rad) MAE

SAP2000 S101(i) 0 0 0 0 0 0
MATLAB

SAP2000 S101() 0.000013 0.0000003 0 0.00093 0.00005 0
MATLAB

SAP2000 K105(i) 0.000014 0 0.00001 0 0.00001 0
MATLAB

SAP2000 K105(j) 0.000014 0 0 0 0.00001 0
MATLAB

SAP2000 $209(i) 0.000013 0 0 0.00001 0.00002 0.00000034
MATLAB

SAP2000 $209(j) 0.000031 0 0 0.00001 0.00004 0.0000009
MATLAB

SAP2000 K209(i) 0.000031 0 0 0.00001 0.00003 0.0000009
MATLAB

SAP2000 K209(j) 0.000031 0.0000002 0 0.00006 0.00005 0.0000068
MATLAB

SAP2000 S303(i) 0.000031 0.0000003 0 0.00006 0.00004 0.0000016
MATLAB

SAP2000 S303(j) 0.000001 0.000001 0 0.0001 0.00004 0.000003
MATLAB

SAP2000 K306(i) 0.000061 0 0 0 0.00003 0
MATLAB

SAP2000 K306(j) 0.000065 0 0 0 0.00007 0
MATLAB

3.5 Example 5

This section designs the RC space frame system differently from the rectangular forms in the
previous sections. The building floor plan has an L-shape. The structure has single spans on the first
x-axis and three spans on other x-axis, while having single spans on the first two z-axes and two spans
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on the last z-axis. The two-story RC frame system with two spans in the z-direction and three spans in
the x-direction contains 20 columns and 26 beams, totaling 46 structural members. The design features
4-m span lengths and 3-m story heights. Fig. 38 shows view of the frame system, loading conditions,
and cross-section along the x-axis. The structure carries a 100 kN/m dead load and 50 kN/m live load
using only vertical load combinations (1.4G + 1.6Q).
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Figure 38: Load distribution and cross-section view of the 46-member structure

Fig. 39 displays the floor plan showing column and beam layout for the RC frame system
presented in Fig. 38. The design maintains constant cross-sectional areas for columns throughout the
building height while allowing variable reinforcement quantities along columns. For beams, the design
enforces equal cross-sectional dimensions for all beams along the same axis to ensure construction
efficiency.
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Figure 39: Column and beam layout plan of the 46-member structure

A population size of 100 and 2000 iterations are utilized, with implemented code tracking and
recording the exact iteration step where optimization completes. Each analysis runs 10 repetitions and
Table 28 presents the optimal cost achieved for the structure and the iteration number reaching the
optimum result.
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Table 28: Cost optimization results obtained from the TLBO algorithm for the 46 element structure

Analysis number 1 2 3 4 5 6 7 8 9 10 Best Worst Standard
solution _solution _deviation

Cost (USD) 4421.9 44219 44254 44219 44219 44219 44254 44219 44219 44219 44219 44254 1.57

Optimization 77 89 96 87 104 154 97 76 91 70 76 97 -

completion step

The TLBO algorithm achieves the global optimum in 8 out of 10 conducted analyses. Fig. 40
presents the optimal cost distribution obtained from these analyses.

Cost Distribution

Number of Analyses
o N B (o] o

Cost
m44219% 44254 $

Figure 40: Distribution of analysis results from the TLBO algorithm

The convergence behavior of Analysis 10 which achieved the fastest optimization in the TLBO
algorithm is shown in Fig. 41. It is seen that the algorithm reaches the optimum result at the 70th
iteration.
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Figure 41: Convergence graph of the TLBO algorithm

Table 29 displays the optimized section dimensions and corresponding cost values for each
structural member of the 46-element RC space frame system obtained from the computational
analysis.

Table 29: Section dimensions and optimum cost values of the 46-element RC system

Element name b,, (m) h (m) Cost (&) Element name b, (m) h (m) Cost ($)

S101 0.30 0.30 2431.0 S201 0.30 0.30 3424.2
(Continued)
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Table 29 (continued)
Element name b,, (m) h (m) Cost () Element name b,, (m) h (m) Cost (§)

S102 0.30 0.30 2431.0 S202 0.30 0.30 3424.2
S103 0.35 0.30 2976.3 S203 0.35 0.30 3748.8
S104 0.35 0.30 2976.3 S204 0.35 0.30 3877.5
S105 0.30 0.30 2210.3 S205 0.30 0.30 2872.5
S106 0.45 0.35 3540.4 S206 0.45 0.35 2767.9
S107 0.35 0.30 2590.0 S207 0.35 0.30 3105.0
S108 0.30 0.30 2100.0 S208 0.30 0.30 3203.5
S109 0.45 0.30 2852.8 S209 0.45 0.30 2521.8
S110 0.30 0.30 2100.0 S210 0.30 0.30 3203.5
K101 0.30 0.55 4172.9 K201 0.30 0.55 4232.0
K102 0.30 0.55 4209.8 K202 0.30 0.60 4382.4
K103 0.30 0.55 4180.8 K203 0.30 0.60 4272.3
K104 0.30 0.55 4197.8 K204 0.30 0.60 4363.4
K105 0.30 0.55 4202.8 K205 0.30 0.50 4262.0
K106 0.30 0.55 4180.0 K206 0.30 0.50 4226.4
K107 0.30 0.55 4200.7 K207 0.30 0.50 4270.1
K108 0.35 0.60 47104 K208 0.30 0.60 4421.7
K109 0.30 0.60 4178.7 K209 0.30 0.60 4280.2
K110 0.30 0.60 4320.7 K210 0.30 0.60 4432.7
K111 0.30 0.60 4290.1 K211 0.30 0.60 4404.3
K112 0.30 0.60 4326.4 K212 0.30 0.50 4345.1
K113 0.30 0.60 4318.6 K213 0.30 0.50 4337.4
Total Cost 4421.9%

The 46-element RC frame system, optimized using metaheuristic algorithms, was analyzed in
SAP2000 with the obtained cross-sectional dimensions. The results from MATLAB and SAP2000
were compared to verify the accuracy of the analysis. Table 30 presents the displacement values from
both programs for four structural elements (one column and one beam selected from each floor).
The coordinate system notation in the comparison table follows SAP2000 conventions, where Z
denotes the vertical building height direction. Due to the absence of horizontal loading and the
symmetric, distributed nature of the applied loads, the displacement values in the X and Y directions
are significantly lower than in other directions. It was observed that the displacements and rotations
generated using our developed code were consistent with the values obtained from the software
package, and the differences between the results were determined to be within acceptable limits from
a civil engineering perspective.

Table 30: Comparison of displacement values obtained from MATLAB and SAP2000

X (m) Y (m) Z (m) 0x (rad) Oy (rad) 6z (rad)
SAP2000 S101(3i) 0 0 0 0 0 0
(Continued)
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Table 30 (continued)

X (m) Y (m) Z (m) 0x (rad) Oy (rad) 6z (rad)

MATLAB 0 0 0 0 0 0

SAP2000 S101(G) —0.000098 —0.00002 —0.00213 —0.00204 0.00213 —0.00000511
MATLAB —0.000094 —0.00002 —0.00213 0.00200 —0.00208 0.00000518
SAP2000 K103(i) —0.000073 —0.00004 —0.00305 —0.00171 —0.00033 —0.00000475
MATLAB —0.000069 —0.00004 —0.00305 0.00165 0.00034 0.00000344
SAP2000 K1033) —0.000053 —0.00005 —0.00291 —0.000043 0.00027 —0.00000301
MATLAB —0.000051 —0.00005 —0.00291 0.000058 0.00032 —0.00000363
SAP2000 S207(i) —0.000025 —0.00002 —0.00289 0.00134 0.00026 —0.00000294
MATLAB —0.000017 —0.00002 —0.00289 —0.00131 —0.00027 —0.00000341
SAP2000 S207(j) —0.000121 —0.00015 —0.00434 0.00176 0.00048 —0.00000541
MATLAB —0.000103 —0.00012 —0.00434 —0.00174 —0.00049 —0.00000139
SAP2000 K212(i) —0.000239 —0.00010 —0.00363 0.000019 —0.00208 —0.00000433
MATLAB —0.000205 —0.00009 —0.00363 —0.000007 0.00208 —0.00000126
SAP2000 K2123j) —0.000182 —0.00015 —0.00292 0.00287 —0.00322 —0.00000671
MATLAB —0.000163 —0.00014 —0.00292 —0.00277 0.00312 —0.00000694

The evaluation of displacement results obtained from MATLAB and SAP2000 analyses using the
Mean Absolute Error (MAE) method is presented in Table 31. A comparison of values obtained from
the code developed based on the Mean Absolute Error (MAE) method and the SAP2000 software
revealed that the maximum difference in displacement values was 0.003 cm, while the maximum
difference in rotation values was 0.0001 radians. The differences between the results presented in
Table 31 have been determined to originate from the rounding errors used by the programs in their
calculations. It was observed that the displacements and rotations generated using our developed code
were consistent with the values obtained from the software package, and the differences between the
results were determined to be within acceptable limits from a civil engineering perspective.

Table 31: MAE comparison of displacement values: MATLAB vs. SAP2000
X (m) MAE Y (m) MAE Z (m) MAE 0x (rad) MAE 0y (rad) MAE 6z (rad) MAE

SAP2000 S101(31) 0 0 0 0 0 0
MATLAB
SAP2000 S101(G) 0.000004 0 0 0.00004 0.00005 0.00000007
MATLAB
SAP2000 K103(3i) 0.000004 0 0 0.00006 0.00001 0.0000013
MATLAB
SAP2000 K103() 0.000002 0 0 0.000015 0.00005 0.0000006
MATLAB
SAP2000 S207(i) 0.000008 0 0 0.00003 0.00001 0.00000047
MATLAB
SAP2000 S207() 0.000018 0.00003 0 0.00002 0.00001 0.0000040
MATLAB
SAP2000 K212(i) 0.000034 0.00001 0 0.000012 0 0.00000307
MATLAB

(Continued)
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Table 31 (continued)
X (m) MAE Y (m) MAE Z (m) MAE 0x (rad) MAE Oy (rad) MAE 6z (rad) MAE

SAP2000 K212() 0.000019 0.00001 0 0.0001 0.0001 0.00000023
MATLAB

4 Conclusions

This study examines five different RC space frame systems subjected to vertical loads. The
first two case studies utilize five optimization algorithms (Jaya algorithm, Teaching-Learning-Based
Optimization (TLBO) algorithm, Flower Pollination Algorithm (FPA), JA/TLBO hybrid algorithm,
and JA/FPA hybrid algorithm). The TLBO algorithm, which demonstrated the best performance
among the optimization algorithms, was subsequently used to analyze the remaining three structural
systems.

Based on the first two analyses, the Teaching-Learning-Based Optimization (TLBO) algorithm
emerges as the most effective method for optimal cost design of space RC frame systems. The third
case study examines a five-story RC structure with 145 elements, maintaining symmetry like the second
example. TLBO-based cost optimization yields a total structural cost of $17,042.4. Due to high axial
loads, column dimensions increase significantly. All algorithms in this study accommodate axial loads
by enlarging column sections, while beam design optimizes cost by increasing only beam height to
reduce reinforcement area for moment resistance. This approach achieves optimal structural costs
through:

Symmetrically planned reinforced concrete structures are examined in the first three examples. The
fourth case performs cost optimization on a three-story RC frame system with 87 elements, featuring
two spans in one direction and three unequal spans in the other direction. The TLBO algorithm
calculates the frame system’s construction cost as $7475.5. Increasing span lengths results in greater
beam depths. The algorithm provides an economical solution by increasing beam depth to enhance
moment capacity while using less reinforcement.

The final case study in this research examines a completely asymmetric structure. The L-shaped
floor plan features span lengths throughout the 46-element RC frame system. The TLBO algorithm
calculates the optimized construction cost as $4421.9. The TLBO algorithm achieves optimal results
for this asymmetric frame system in 8 out of 10 analyses, demonstrating its effectiveness for static
analysis and cost optimization of space RC frame systems.

Despite the increase in the number of variables, the optimum solution can be reached by the
algorithm. Although the convergence step is larger in asymmetric structures compared to symmetric
ones, it has been observed that the TLBO algorithm is effective in achieving the optimum solution for
both types of structures.

Five different RC frame systems subjected to vertical loads are designed and cost-optimized.
While all algorithms achieved optimal results, the Teaching-Learning-Based Optimization (TLBO)
algorithm proved most suitable and effective for cost optimization of RC frame systems when
considering convergence speed, stability, and standard deviation values. Structural static analysis was
performed in MATLAB using the matrix displacement method, enabling optimal cost design based
on derived section forces. The optimized cross-sections were verified through additional analysis
in SAP2000. To validate the accuracy of the analysis, all RC structure examples were analyzed in
both programs, comparing displacement values in columns and beams. The close agreement between
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MATLAB and SAP2000 results for horizontal/vertical displacements and rotations at member ends
confirms the reliability of MATLAB’s static analysis.

The Jaya algorithm encountered local optima trapping problems when working with discrete
variables. This trapping in local optima negatively affected the algorithm’s performance and limited
solution accuracy. The TLBO (Teaching-Learning-Based Optimization) and FPA (Flower Pollination
Algorithm) were also employed to obtain better results. Test results demonstrated that the TLBO
algorithm yielded the best outcomes.

Considering that the Jaya algorithm could be successfully applied to other structural engineering
problems, and to overcome its local optima trapping issue, two hybrid algorithms (JA/TLBO and
JA/FPA) were developed by separately combining it with TLBO (Teaching-Learning-Based Optimiza-
tion) and FPA (Flower Pollination Algorithm). The hybrid models integrate the strengths of each
algorithm to enhance Jaya’s performance. While the hybrid algorithms achieved optimal results as
consistently as TLBO, they did not match TLBO’s convergence speed. In this context, the TLBO
algorithm emerged as the most efficient method delivering the best results.

Using metaheuristic algorithms in RC frame system design enables structures to effectively carry
applied loads while achieving optimal dimensioning and reinforcement under the most economical
conditions within structural design requirements.

This study excluded slabs, foundations, and formwork from the cost estimation in order to focus
on the primary superstructure elements. However, it is important to recognize that this omission
leads to an underestimation of total construction cost. The type of slab system (e.g., flat slab, waffle
slab, ribbed slab) is particularly influential in cost optimization, as slab design affects both material
consumption and construction complexity. Furthermore, formwork is a more significant cost factor
for slabs than for beams and columns, due to the large surface areas and extensive temporary supports
required.

Foundations also represent a major cost component, with the selected system (e.g., shallow
footings, raft foundations, or deep pile foundations) heavily dependent on soil conditions and loading
requirements. Since foundations can constitute a substantial portion of total structural costs, their
exclusion limits the applicability of the current estimates to real-world budgeting.

In future studies, the developed method is intended to be extended by including dynamic loads
such as wind and seismic effects, as well as by incorporating other significant cost factors such as
formwork, labor, overhead, slab, and foundation costs to provide the total project cost.
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