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ABSTRACT: Optimization is the key to obtaining efficient utilization of resources in structural design. Due to the
complex nature of truss systems, this study presents a method based on metaheuristic modelling that minimises
structural weight under stress and frequency constraints. Two new algorithms, the Red Kite Optimization Algorithm
(ROA) and Secretary Bird Optimization Algorithm (SBOA), are utilized on five benchmark trusses with 10, 18, 37,
72, and 200-bar trusses. Both algorithms are evaluated against benchmarks in the literature. The results indicate that
SBOA always reaches a lighter optimal. Designs with reducing structural weight ranging from 0.02% to 0.15% compared
to ROA, and up to 6%–8% as compared to conventional algorithms. In addition, SBOA can achieve 15%–20% faster
convergence speed and 10%–18% reduction in computational time with a smaller standard deviation over independent
runs, which demonstrates its robustness and reliability. It is indicated that the adaptive exploration mechanism of SBOA,
especially its Levy flight–based search strategy, can obviously improve optimization performance for low- and high-
dimensional trusses. The research has implications in the context of promoting bio-inspired optimization techniques
by demonstrating the viability of SBOA, a reliable model for large-scale structural design that provides significant
enhancements in performance and convergence behavior.

KEYWORDS: Optimization; truss structures; nature-inspired algorithms; meta-heuristic algorithms; red kite opti-
mization algorithm; secretary bird optimization algorithm

1 Introduction
Topology optimization represents the most versatile form of structural optimization, permitting the

addition or removal of material from any location within the design domain [1]. This approach optimizes
both structural connectivity and material distribution simultaneously, often leading to the discovery of
innovative and high-performing structures [2]. However, solutions obtained through deterministic opti-
mization methods can prove impractical or less than optimal when considering real-world engineering
scenarios characterized by inherent variabilities, such as those found in fabrication processes and operational
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conditions [3]. These variabilities introduce uncertainties in structural geometry and material properties,
potentially resulting in significant uncertainties in structural stiffness. The necessity of a new and highly
capable method to effectively integrate such uncertainties into the optimization process to produce robust
topology-optimized designs becomes imperative to optimize structures [4].

Trusses have been widely used in vital infrastructures, including bridges, transmission towers, buildings,
aerospace, and other essential engineering structures [5]. Their simple design, consisting of pin joints and
linked straight sections constructed from a single material, has made them very appealing in structural
optimization. Further, the truss can be optimized for topology, shape, and size. Topology optimization
involves figuring out the most efficient arrangements of the members by deciding which members to include
or exclude without compromising the structural integrity of the overall geometric design [6]. Similarly, shape
optimization produces the most efficient structure arrangement within a predetermined layout. In contrast,
size optimization determines the most efficient cross-section for the truss members without altering the
structure’s layout [7].

Truss layout optimization has a rich history, tracing back to Michell’s seminal work in 1904 [8].
Dorn et al. [9] later introduced a numerical method employing linear programming to find optimal truss
configurations. Subsequent research has delved into plastic design under various loading conditions [10,11].
Building upon these foundations, Gilbert and Tyas [12] proposed a “member adding” technique to enhance
computational efficiency while maintaining solution optimality. In addition, there has been development in
geometry optimization methods to simplify optimized structures derived from layout optimization [13,14].
Recently, there has been attention given to layout optimization considering global stability constraints [15].
However, there’s a scarcity of research focusing on repetitive modular design in truss layout optimization.
A recent investigation [16] explored a modular tall building skeleton system constructed from tetrahe-
dral units, although the arrangement of basic modular units was predetermined rather than optimized.
Further exploration in this domain is necessary to fully harness the potential of modular design in truss
layout optimization.

Several techniques can be utilized to solve the truss optimization problems, among which the use
of meta-heuristic algorithms is significant [17,18]. Meta-heuristic algorithms have undergone significant
advancements in recent years, leading to the development of numerous new algorithms and their corre-
sponding improved variants [19–21]. The meta-heuristic algorithms can be categorized into nine classes:
biology-based algorithms, physics-based algorithms, social-based algorithms, music-based algorithms,
chemistry-based algorithms, swarm intelligence algorithms, sports algorithms, mathematics algorithms,
and hybrid algorithms [22–24]. Numerous studies have used the algorithms to find the optimum size and
layout of truss structures using advanced multi-objective topology design [25]. The truss optimization
problems can have different constraints depending on the type of structure and nature of optimization design,
including nonlinear geometrical optimization [26]. Stress constraint and natural frequency constraint are
two common types of constraints used for benchmarking the structural optimization performance of
algorithms [27]. Various algorithms have been utilized to solve stress-constraint truss optimization problems.
Rahami et al. [28] employed force and complementary energy methods with Genetic Algorithm (GA) to
find an optimal member size and topology of truss structures. Azad et al. [29] used the Mutation-Based
Real-Coded Genetic Algorithm (MBRCGA). Gholizadeh [30] proposed Sequential Cellular Particle Swarm
Optimization (SCPSO), a hybrid optimization algorithm of Particle Swarm Optimization (PSO) and Cellular
Automata (CA) algorithms. Ho-Huu et al. [31] worked on variations of an Improved Constrained Differential
Evolution (ICDE): Round-Off ICDE (R-ICDE) and Discrete-ICDE (D-ICDE). Similarly, Mortazavi et al. [32]
used an integrated Particle Swarm Optimizer (iPSO) algorithm to optimize two and three-dimensional truss
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structures. Kaveh and Khosravian [33] studied truss structure optimization by using the Vibrating Particles
System (VPS).

In addition to stress constraint optimizations, several studies on truss optimization have been conducted
by constraining natural frequencies. Sedaghati et al. [34] employed an integrated Finite Element Force
Method (FEFM) to perform the frequency analysis and minimize the weight of truss and frame structures.
Lingyun et al. [35] applied a Niche Hybrid Genetic Algorithm (NHGA). Miguel and Miguel [36] utilized
Harmony Search (HS) and a Firefly Algorithm (FA) for layout and weight optimization of truss structures
with frequency constraints. Kaveh and Zolghadr [37] proposed hybridization of the charged system search
(CSS) and the Big Bang–Big Crunch (BBBC) algorithms, CSS-BBBC, and employed the algorithm for truss
optimization. Kaveh and Javadi [38] used Harmony Search and a Ray Optimizer to enhance the particle
swarm optimization algorithm (HRPSO). Kaveh and Zolghadr [39] proposed Democratic Particle Swarm
Optimization (DPSO) to address premature convergence and to boost the global search of PSO. Kaveh and
Ghazaan [40] combined PSO with the Aging Leader and Challengers (ALC) algorithm and the harmonic
search-based ALC algorithm (HALC) to form ALC-PSO and HALC-PSO, respectively, to handle variable
constraints. The two algorithms, ALC-PSO, HALC-PSO, and PSO, were utilized to tackle truss optimization
problems. Farshchin et al. [41] modified and applied Teaching-Learning-Based Optimization (TLBO) within
a collaborative framework, and presented an advanced version known as School-Based Optimization (SBO).
In addition, Farshchin et al. [42] introduced Multi-Class Teaching–Learning-Based Optimization (MC-
TLBO), a multi-class approach that improves the initial exploration capability of TLBO. Kaveh and Ilchi
Ghazaan [43] evaluated the performance of Vibrating Particles System (VPS), a physically inspired non-
gradient algorithm, in truss design problems. Tejani et al. [44] employed the Symbiotic Organisms Search
(SOS) algorithm to tackle non-convex, nonlinear, and implicit characteristics of truss optimization problems.
In addition, Tejani et al. [45] proposed an improved SOS (ISOS) to improve the performance of SOS.
Lieu et al. [46] combined Differential Evolution (DE) and Firefly algorithm (FA) to form Adaptive Hybrid
Evolutionary Firefly Algorithm (AHEFA). Lee et al. [6] used truss structures to benchmark optimization
capability of Modified Simulated Annealing Algorithm (MSAA). Huynh et al. [47] suggested Differential
Evolution (DE) algorithm with Q-learning (qIDE), and reported that the convergence speed for optimization
was improved. Khodadadi et al. [48] adopted the Arithmetic Optimization Algorithm (AOA), introduced a
dynamic version of AOA (DAOA), and the optimization performance of the algorithms was accessed with
several weight minimization problems.

This study examines the optimization performance of two recent nature-inspired algorithms: the
Red Kite Optimization Algorithm (ROA) and the Secretary Bird Optimization Algorithm (SBOA). The
two algorithms are applied to solve different shape and weight truss optimization problems involving
stress or natural frequency constraints. Five truss optimization problems are studied, and the outcomes
are compared to those of other algorithms. This paper is outlined as follows: Section 2 introduces the
research significance, and Section 3 employs nature-inspired algorithms. Likewise, Section 4 discusses the
formulation of optimization problems and covers the optimization of four distinct truss structures with
ROA and SBOA. Convergence analysis and Statistical analysis are done in Section 5, conclusions are drawn
in Section 6, and finally, limitations and future directions are discussed in Section 7.

2 Research Significance
This study presents a unique and technically efficient approach that employs two contemporary meta-

heuristic algorithms, ROA as well as SBOA, to address complex truss optimization problems. Although such
algorithms have been studied in general optimization settings, their applicability to structural expedients
for design problems of stress and frequency constraints has not been much investigated. The algorithms
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are linked to OpenSeesPy, which is a finite element (FE) program developed in Python, and together they
form an integrated system to conduct accurate stress analysis and modal analysis for each optimization
cycle. The direct association of optimization with a structural analysis tool guarantees that the method not
only looks for (lightweight) designs but also ensures safety and performance from realistic loadings. The
performance of the algorithms is tested on five benchmark truss designs, which range from a 10-bar structure
to an increasingly complex 18-bar, 37-bar, 72-bar, and finally the largest 200-bar structure. These comprise
both planar and space trusses, which facilitate a broad evaluation of performance with different design scales
and constraint types. The presented work is aimed at carrying out a broad validation of the capabilities that
ROA and SBOA must quickly solve both size and shape optimization problems, satisfying various design
goals. Another advantage of using OpenSeesPy is that the optimization algorithm appropriately considers
the physical behavior of the structure, such as stress spread throughout its surface and natural frequency
caps. One of the major contributions is the discussion as well as comparison of SBOA and ROA with some
popular metaheuristic algorithms such as PSO, TLBO, and MC-TLBO. It is demonstrated that SBOA yields
better or similar performance with respect to convergence rate, robustness, and computational complexity.
This progress is mainly attributed to its adaptive search strategy based on the Levy Flight, which can add the
global exploration ability and avoid premature convergence.

3 Method

3.1 Nature-Inspired Algorithms
Nature-inspired algorithms are a subset of metaheuristic algorithms that draw inspiration from natural

phenomena and biological processes, such as finding food, hunting, evading, reproducing, and adapting to
environmental changes. The flowchart of the adopted algorithm is shown in Fig. 1.

Mathematical models of these phenomena and methods are utilized to tackle a variety of problems in
science and engineering. This study utilizes the Red Kite Optimization Algorithm (ROA) and the Secretary
Bird Optimization Algorithm (SBOA), inspired by nature by the behaviors of secretary birds and red kites.

3.2 Red Kite Optimization Algorithm (ROA)
ROA is a nature-inspired metaheuristics algorithm developed by Raeisi-Gahruei and Beheshti [49]. It

is based on the social behavior of red kites [50]. Red kites typically construct nests in wooded areas and lakes
conducive to foraging. They coexist in adversity, influencing the other’s positions during flight. Although
hunting, they operate at rapid velocities. The sound of unity generates results from migration, birth, water
sources, and finding suitable lures. The sounds of peril include the noises associated with danger, such as
the demise of another animal, a hostile attack, an earthquake, and a disruption. The position and value of
evaluation of each avian can be defined to replicate the behavior of a red kite in its search for nutrition.
The behavior of a red kite is represented mathematically by the initial position of the bird, the value of
the objective function, the displacement of points, the sound of peril (in the direction of the individual
component), the sound of unity (in the direction of the social component), the new avian position, and
a new value of the objective function [46]. ROA effectively explores the problem search space and then
transitions from the exploration to the exploitation phase, utilizing the most effective solution in the most
recent iteration. The flowchart of ROA is presented in Fig. 1a. The formulation is expressed in Eqs. (1)–(7).
Initialization of the red kites is the first stage; the position of i th red kite Posi , j (t) at iteration t is calculated
using Eq. (1):

Posi , j (t) = lb + rand × (ub − lb) , i = 1, 2, . . . , n and j = 1, 2, . . . , d (1)
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Figure 1: Flowchart of (a) Red Kite Optimization Algorithm (ROA) and (b) Secretary Bird Optimization Algorithm
(SBOA)

where ub and lb are upper bound and lower bound, respectively. The size of the population is denoted by n,
the dimension of the problem is denoted by d, and rand is a random number between 0 and 1. Initialization
is followed by the selection of the best bird (leader) using Eq. (2).
����→
Best (t) =

����→
Posi (t), i f fi (t) < fbest (t) (2)
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where Best(t) is the position of the leader, fi(t) is the fitness of i th bird in tth iteration and fbest(t). A
decreasing coefficient (D), calculated using Eq. (3), is employed to model the movement of birds from the
exploration phase to the exploitation stage. The positions of the red kites are updated using Eqs. (4) and (5).
This is followed by checking the search space boundaries using Eq. (6) to ensure the new position is within
bounds.

D = (exp( t
tmax
) − t

tmax
)
−10

(3)
��������→
Posnew

i (t + 1) =
����→
Posi (t) +

�����→
Pmi(t + 1) (4)

������→
Pmi (t + 1) = D (t) ×

���→
Pmi (t) +

���→
SC (t) ⋅ (

�����→
Posrws (t) −

����→
Posi (t)) +

���→
UC(t) ⋅ (

����→
Best (t) −

����→
Posi (t)) (5)

��������→
Posnew

i (t + 1) =max(min(
��������→
Posnew

i (t + 1) + ub) , lb) (6)

where Posrws(t) is a randomly selected bird position in iteration t. SC and UC are random vectors
representing the voice of unity and peril of each bird, and they are obtained based on the following Eq. (7).

⎧⎪⎪⎨⎪⎪⎩

�����→
SC (t + 1) = �→r1 and

������→
UC (t + 1) = �→r2 , i f rand ≤ 0.5

�����→
SC (t + 1) = �→r3 and

������→
UC (t + 1) = �→r1 , otherwise

(7)

3.3 Secretary Bird Optimization Algorithm (SBOA)
SBOA is a metaheuristic algorithm developed by Fu et al. [51]. This population-based algorithm is based

on the continuous hunting and predator-evading behavior of a secretary bird. The flowchart of SBOA is
shown in Fig. 1b. The behavior of the bird is modeled in two phases: the exploration and exploitation phase.

In the exploration phase, the hunting process of the bird is divided into three stages: searching,
consuming, and attacking, with equal time intervals. The searching for prey stage is modeled mathematically
by Eqs. (8) and (9).

Whil e t ≤ 1
3

T , xnew,P1
i j = xi j + (xrandom_1 − xrandom_2) × R1 (8)

Xi = {
Xnew ,P1

i , i f Fnew ,P1
i < Fi

Xi , el se (9)

where t is the current iteration number and T is the maximum number of iterations. xnew ,P1
i j , the value of

the in the jth dimension for the i th secretary bird is calculated using xrandom_1 and xrandom_2, which are the
random candidate solutions in the first stage iteration. R1 is a random one-dimensional array of size 1 × D,
where D is the dimension of the problem. After the calculation of xnew ,P1

i j , the state of i th bird, Xi , is updated
as in Eq. (9) if the fitness value of the new state, Fnew ,P1

i , is greater than the old state. The consuming prey
stage is the second stage in the exploration phase. It is modeled using Eq. (10).

1
3

T < t ≤ 2
3

T , xnew,P1
i j = xbest + exp( t

T
)

4
× (RB − 0.5) × (xbest − xi j) (10)

where RB is a random array of size 1 × D with a standard normal distribution and xbest is the current best
position. After that, Xi is updated with Eq. (9). The final stage of the exploration phase is the attacking prey
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stage. This stage is modeled with Eqs. (11)–(14).

Whil et > 2
3

T , xnew,P1
i j = xbest + (1 −

t
T
)
(2× t

T )
× xij × RL (11)

The new position is calculated as Eq. (11) and updated using Eq. (9). RL is the weighted Levy flight to
enhance global search performance, and is calculated as Eq. (12). The formula for the Levy flight distribution
function is given in Eq. (13).

RL = 0.5 × Lev y (D) (12)

Lev y (D) = s ×
⎛
⎜
⎝

u × σ

∣v∣(
1
η )

⎞
⎟
⎠

(13)

where s is a constant of value 0.01, η is equal to 1.5, and u and v are randomly generated numbers in between
0 and 1. σ is given by Eq. (14), where Γ represents the gamma function.

σ =
⎛
⎜⎜⎜
⎝

Γ (1 + η) × sin(πη
2
)

Γ ( 1 + η
2
) × η × 2(η − 1

2
)

⎞
⎟⎟⎟
⎠

1
η

(14)

After the exploration phase comes an exploitation phase; there are two evasion strategies adopted by a
secretary bird in the exploitation phase. The first strategy is to camouflage to hide from the predators (S1)
who are in proximity, and the second strategy is to run or fly away (S2). These are represented mathematically
in Eq. (15).

xnew ,P2
i j =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

S1∶ xbest + (2 × RB − 1) × (1 − t
T
)

2
× xi j i f r < 0.5

S2∶ xi j + R2 × (xrandom + K × xi j), el se
(15)

Xi = {
Xnew ,P2

i , i f Fnew ,P2
i < Fi

Xi , el se (16)

where r is a uniformly distributed random number between 0 and 1. R2 is similar to R1, K is an integer 1 or
2, which is taken randomly. The state Xi is updated using Eq. (16).

The general procedure, presented in Fig. 2, is initiated by a pre-processing stage during which material
properties and geometric descriptions, as well as design variables such as cross-sectional areas, are specified.
ROA and SBOA are the methodologies implemented to form an effective optimization framework for trusses.
Population size, iteration numbers, and bound constraints are also determined in this stage by means of
the algorithm parameters. These are parameters that set the design space, or basis for optimization. After
starting the optimization, initialization is performed. In this stage, the ROA and SBOA are utilized to
produce candidate design variables. Every design is an embodiment of one of the many possible instances of
trusses spread across the span, and a design is pushed to the analysis phase. The analysis is conducted using
OpenSeesPy with stress and modal analysis. The member stresses are checked to be within allowable limits
by the stress analysis, and dynamic constraints are checked by modal analysis of the natural frequencies.

For each iteration, a constraint check occurs to ensure that the design satisfies the stress and frequency
specifications. Then any constraint violations should be penalized within the objective, leading to an
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objective function that, if one designs infeasible solutions, is discouraged and makes the optimization
focus on feasible designs. This iterative calculation repeats until the required criterion is achieved, i.e.,
when the improvement between two steps is too small or the number of iterations reaches a limit. When
convergence is reached, the algorithm generates the final optimized design. Results contain the optimum
cross-sectional areas of all members, the minimal area weight of the structure, and the corresponding
natural frequencies. This last process makes certain that the end design is structurally sound as well as
lightweight. Accordingly, this integrated process that combines the searching effectiveness of ROA and SBOA
with the computational accuracy of OpenSeesPy leads to a robust and efficient approach to size-and-shape
optimization of stress-and-frequency constrained truss structures.

Figure 2: Computational framework adopted in the current study

4 Adopted Examples
The optimization performance of ROA and SBOA is assessed by five truss models: 10-bar, 18-bar, 37-bar,

72-bar, and 200-bar trusses. The 72-bar truss is a space truss, and the rest are planar. 10-bar, 72-bar, and 200-
bar truss optimization are section size optimization problems, whereas 18-bar and 37-bar truss optimization
are sizing (weight) and layout optimization problems. The optimization examples are investigated with 30
independent trials for ROA and SBOA to consider the stochastic nature of metaheuristic algorithms.

In this study, OpenSeesPy (Zhu et al. [52]), a Python implementation of OpenSees (McKenna et al. [53]),
was utilized to model the truss structures and to perform modal analysis and stress calculation.
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4.1 Formulation of the Truss Optimization Problems
A truss optimization problem aims to minimize the member size of the truss structure while adhering

to multiple constraints. In this study, 10-bar, 37-bar, 72-bar, and 200-bar trusses are constrained by multiple
natural frequencies, while the 18-bar truss is constrained by stress limits. The truss optimization problem can
be represented in Eq. (17).

Minimize W = ∑m
i=1 ρi Ai Li (17)

where W is the total weight of a truss structure with m numbers of members. ρi , Ai and Li represent
the material unit weight, cross-sectional area, and length of the i th member. The cross-sectional area of
the members and the coordinates of some nodes are taken as variables. The design variables are taken as
continuous variables and are subjected to constraints as Eq. (18).

Sub ject to∶
⎧⎪⎪⎨⎪⎪⎩

AL ≤ Ai ≤ AU

XL ≤ Xs ≤ XU (18)

where Xs represents a nodal coordinate of sth nodes. L and U in the superscript denote the lower and upper
limits, respectively.

For the frequency constraint problem, any gth natural frequency of the truss is also subjected to a
constraint as f l

g ≤ fg , where f l
g is the lowest allowable gth natural frequency. Whereas for stress constraints

problems, stress on an element i is limited to the maximum tensile stress of σt , compressive stress of σc , and
the buckling stress of σb .

A penalty function is utilized to account for the designs that do not conform to the constraints. The
total weight is multiplied by a factor that is proportionate to frequency or stress limit violation.

F =W × (1 + e1ϕ)e2 (19)
ϕ = ∑h∈Nh

ϕh (20)

ϕh =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

∣
fh − f l

h

f l
h
∣ , i f v iol ation

0, el se
(21)

where F in Eq. (19) is the value of the penalized objective function. e1 and e2 determine the penalty for
violation. ϕ in Eq. (20) is the total penalty for the design; it is the sum of individual penalties ϕh , which is
given by Eq. (21). fh is a frequency or a stress value, and f l

h is the limit for that value. Nh is the total number
of constraints depending upon the optimization example.

4.2 The 10-Bar Planar Truss Structure
This is the first truss optimization problem constrained by natural frequencies. This is a weight

optimization problem. Fig. 3 depicts the geometry of a 10-bar truss structure. It indicates that 454 kg of non-
structural mass is added to free nodes 1, 2, 3, and 4. The cross-sections of the truss elements are considered
as continuous design variables [34,35,38]. Similar approaches have also been adopted in [39,41,42]. Limits of
the sizing variables, constraints, and material properties of the truss are listed in Table 1. Population size of
20 (number of birds) and maximum iteration of 500 are taken for both ROA and SBOA. The penalty factor
e1 is taken as 2 and e2 is calculated as Eq. (22).

e2 = 1.4 + 0.3 × t
T

(22)
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where t is the current iteration number and T is the total number of iterations.

Figure 3: Schematic of the planar 10-bar truss structure with added mass

Table 1: Data for the considered optimization problems

Data for the design of a 10-bar planar truss

Young modulus E (N/m2) 6.89 × 1010

Material density ρ (kg/m3) 2770
Added mass (kg) 454

Variables lower bound (m2) 0.645 × 10−4 ≤ A ≤ 50 × 10−4

Frequencies constraints (Hz) ω1 ≥ 7, ω2 ≥ 15, ω3 ≥ 20

Data for the design of an 18-bar planar truss

Young modulus E (ksi) 104

Buckling coefficient K 4
Material density ρ (lb/in3) 0.1

Stress constraints (ksi) (σt)i ≤ 25, ∣(σc)i ∣ ≤ 25
Euler buckling constraint (ksi) ∣ (σc)i ∣ ≤ KEAi/l2

i

Sizing variables A1= A4 = A8 = A12 = A16; A2 = A6 = A10 = A14 = A18;
A3 = A7 = A11 = A15; A5 = A9 = A13 = A17

Permissible size variables (in2) Ai ∈ S = {2.00, 2.25, 2.50, . . ., 21.50, 21.75}
Layout variables x3; y3; x5; y5; x7; y7; x9; y9

Layout variables constraints (in) 775 ≤ x3 ≤ 1225; 525 ≤ x5 ≤ 975; 275 ≤ x7 ≤ 725;
25 ≤ x9 ≤ 475; −225 ≤ y3, y5, y7, y9 ≤ 245

Data for the design of a 37-bar planar truss

Young modulus E (N/m2) 2.1 × 1011

Material density ρ (kg/m3) 7800
Added mass (kg) 10

Sizing variables A1, A27; A2, A26; A3, A24; A4, A25; A5, A23; A6, A21; A7, A22; A8,
A20; A9, A18; A10, A19; A11, A17; A12, A15; A13, A16; A14

Sizing variables constraint (m2) 0.0001 ≤ A ≤ 0.001
Frequencies constraints (Hz) ω1 ≥ 20, ω2 ≥ 40, ω3 ≥ 60

Layout variables y3 = y19; y5 = y17; y7 = y15; y9 = y13; y11

(Continued)
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Table 1 (continued)

Data for the design of a 72-bar space truss

Young modulus E (N/m2) 6.895 × 1010

Material density ρ (kg/m3) 2767.99
Added mass (kg) 2268

Sizing variable constraint (m2) 6.45 × 10−5 ≤ A ≤ 25 × 10−4

Frequencies constraints (Hz) ω1 = 4, ω3 ≥ 6

Data for the design of a 200-bar planar truss

Young modulus E (N/m2) 2.1 × 1011

Material density ρ (kg/m3) 7860
Added mass (kg) 100

Sizing variable constraint (m2) 1 × 10−5 ≤ A ≤ 5 × 10−3

Frequencies constraints (Hz) ω1 ≥ 5, ω2 ≥ 10, ω3 ≥ 15

Note: 1 inch = 0.0254 m; 1 ksi = 6.895 × 106 N/m2; 1 lb/in3 = 27679.9 kg/m3.

The results obtained from the employed algorithms are listed in Table 2. SBOA had a smaller total weight
of the structure than ROA. In addition, the standard deviation of weight when utilizing SBOA is smaller than
that of ROA. The results given by SBOA (532.09006 kg) and ROA (532.11392 kg) are comparable to the best
results: SBO (532.0496 kg) and MC-TLBO (532.051 kg). In addition, the SBOA and ROA produced the results
in 30 optimization runs, whereas SBO and MC-TLBO were conducted for 100 independent runs. Between
SBOA and ROA, SBOA performed better in terms of overall performance and efficiency with lower weight,
mean, and standard deviation values. In addition, SBOA converged to its optimum solution in just about 150
iterations, whereas ROA took more than 350 iterations.

Table 2: Optimal design solution of cross-sections from various methods for the 10-bar truss

Design
variables (cm2) FEFM [38] NHGA [39] HRPSO [42] DPSO [43] SBO [45] TLBO [45] MC-TLBO [46] Present work

SBOA ROA
A1 38.245 42.23 35.540 35.944 35.5994 36.017 35.8507 35.2468 35.4799
A2 9.916 18.555 15.2931 15.53 14.9956 15.092 14.8424 14.8082 14.5366
A3 38.619 38.851 35.7842 35.285 35.4806 35.179 35.5768 35.7981 35.7741
A4 18.232 11.222 14.6057 15.385 14.7646 14.855 14.9305 15.1453 14.9280
A5 4.419 4.783 0.64554 0.648 0.645 0.649 0.645 0.64645 0.645
A6 4.194 4.451 4.62572 4.583 4.6305 4.619 4.6249 4.6224 4.64905
A7 20.097 21.049 24.7789 23.61 24.3272 24.214 23.9816 23.6202 23.7700
A8 24.097 20.949 23.3100 23.599 23.8528 23.806 24.2358 24.3782 24.7146
A9 13.89 10.257 12.4822 13.135 12.6797 12.930 12.6977 12.8140 12.7459
A10 11.4516 14.342 12.6746 12.357 12.6375 12.358 12.3319 12.5886 12.3572

Best (kg) 537.01 542.75 532.11 532.39 532.049 532.13 532.051 532.090 532.113
Mean (kg) NA 552.447 NA 537.8 533.451 535.11 533.232 534.138 534.925
Worst (kg) NA NA NA NA NA NA NA 539.545 540.865

SD (kg) NA 4.864 2.374 4.02 2.197 3.219 2.179 2.62458 2.86134
Analyses NA 13,777 21,000 6000 10,000 10,000 10,000 10,000 10,000

Runs NA 10 10 20 100 100 100 30 30

Note: NA: Not Applicable.
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This further shows the better performance of SBOA. Table 3 lists the first eight natural frequencies of
the optimal structure, and both ROA and SBOA adhered to the imposed frequency constraints. Studies have
optimized this truss structure with variations in values of material density and modulus of elasticity [54–57].

Table 3: Natural frequencies of the optimum designs from various methods for the 10-bar truss

Frequency
no. (Hz) FEFM [34] NHGA [35] HRPSO [38] DPSO [39] SBO [41] TLBO [41] MC-TLBO [42] Present work

SBOA ROA
1 6.992 7.008 6.9999 7 7 7.0001 7 7.0000 7.0000
2 17.599 18.148 16.1752 16.187 16.166 16.1777 16.1837 16.1665 16.1704
3 19.973 20 19.9999 20 20 20.0001 20.0001 20.0000 20.0000
4 19.977 20.508 20.006 20.021 20.0004 20.0004 20.0009 20.0020 20.0084
5 28 30.869 28.5156 28.47 28.5834 28.5261 28.4928 28.5640 28.5069
6 31.029 31.281 28.9837 29.243 29.0034 29.0497 28.9296 29.0757 28.9551
7 47.628 48.304 48.5734 48.769 48.5051 48.5501 48.5649 48.5349 48.4693
8 52.292 53.306 51.0523 51.389 51.0259 51.1018 51.0442 51.0883 50.9494

4.3 The 18-Bar Planar Truss Structure
An 18-bar planar truss structure is illustrated in Fig. 4. This is a shape and size optimization problem,

using four sizing variables and eight layout variables, as detailed in Table 1. The adopted problem was also
conducted using the imperial system to ensure easy comparison of results. The unit conversions are as follows:
1 inch = 0.0254 m, 1 ksi = 6.895 × 106 N/m2, and 1 lb/in3 = 27679.9 kg/m3.

Figure 4: Schematic of the 18-bar planar truss structure with external loading

The truss bars have a material density of 0.1 lb/in3, a modulus of elasticity (E) of 10,000 ksi, and are
subjected to a stress limit of 25 ksi in compression and tension. In addition, compression members are also
constrained by a maximum Euler buckling stress of 4EA/L2, where A and L are the bar’s area and length,
respectively. A point load of 20 kips is applied on nodes 1, 2, 4, 6, and 8. For this optimization example, the
population size and the maximum iteration are taken as 20 and 300, respectively. The penalty factors e1 and
e2 are taken as 1.

The value of the best design variables given by the employed algorithms is provided in Table 4 along
with optimization results from other methods. The table shows that both ROA and SBOA performed better
in this optimization problem, with total optimum weights of 4181.3004 lb. and 4258.5251 lb., respectively,
outperforming other algorithms. The best optimum layout, given by SBOA, Figs. 5 and 6, shows the stress
on the best-optimized truss designs. Elements did not violate stress constraints, with the stresses remaining
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within the limit of ±25 ksi. This is also evident in Table 5. In addition, Table 5 lists the values of optimum bar
area, length, and limiting Euler buckling. The table indicates that all bars under compression have stresses
below their respective allowable maximum buckling stress.

Table 4: Optimal design solution of cross-sections from various methods for 18-bar truss

Design
variables

GA [28] MBRCGA [29] PSO [30] CPSO [30] SCPSO [30] R-ICDE [31] D-ICDE [31] iPSO [32] VPS [33] Present work

SBOA ROA
A1 (in2) 12.75 12.75 12 12 12.5 12.25 13 14.25 12 10 10
A2 (in2) 18.5 18.25 18.5 17.25 17.5 18 17.5 11.75 18 17.75 17.25
A3 (in2) 4.75 5 5.25 6.25 5.75 5.5 6.5 6 5 6 7.5
A5 (in2) 3.25 3.25 4.5 4.75 3.75 4.5 3 8 4.5 3 3.25
x3 (in) 917.4475 916.0812 903.9806 902.9141 907.2491 909.52 914.06 916.4975 918.1752 929.769 925.3549
y3 (in) 193.7899 191.43 185.7807 174.7201 179.8671 184.02 183.06 190.5241 190.8539 173.7225 185.2661
x5 (in) 654.3243 650.0573 644.917 632.7129 636.7873 646.71 640.53 916.4975 651.8908 647.7576 648.7185
y5 (in) 159.9436 153.4968 144.9692 141.2956 141.8271 147.73 133.74 152.9217 149.8333 140.9723 123.0806
x7 (in) 424.4821 419.4508 428.2196 407.1323 407.9442 416.45 406.12 649.4695 420.0147 414.3892 408.4506
y7 (in) 108.5779 105.5322 100.5623 85.9332 94.0559 96.46 92.63 105.425 97.9757 94.3648 83.2336
x9 (in) 208.4691 205.6591 209.5415 197.6720 198.7897 204.03 196.69 205.4255 205.5626 201.4202 196.682
y9 (in) 37.6349 36.4848 24.3748 19.8093 29.5157 25.32 37.06 36.4252 23.1446 30.4216 25.6447
Weight

(lb) 4530.7 4520.2 4609.001 4561.1310 4512.365 4591.42 4554.29 4520.99 4525.09 4181.3004 4258.5251

Mean (lb) NA NA NA NA 4552 NA NA 4527 4798.26 4312.2961 4791.0807
Worst (lb) NA NA NA NA 4621.227 NA NA 4560.27 5147.76 4718.1437 7092.689

SD (lb) NA NA NA NA 37.691 NA NA 14.889 169.86 112.4811 547.866
Analyses NA 10,000 4500 4500 4500 8025 8025 4450 10,000 6000 6000

Independent
runs NA NA 25 25 25 NA NA 30 30 30 30

Note: 1 inch = 0.0254 m; 1 ksi = 6.895 × 106 N/m2; 1 lb/in3 = 27679.9 kg/m3.

Figure 5: Schematic of the optimized 18-bar planar truss structure

Figure 6: Schematic of the optimized 18-bar planar truss structure (SBOA) with element stress
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Table 5: Truss element stress of the optimal design solution from ROA and SBOA

Element SBOA ROA

Length (in) Area
(in2)

Stress
(ksi)

Buckling
stress (ksi) Length (in) Area

(in2)
Stress
(ksi)

Buckling
stress (ksi)

1 250 10 8.3965 — 250 10 10.0301 —
2 329.1901 17.75 −4.8628 6.5519 331.0361 17.25 −5.929 6.2965
3 103.6853 6 −4.5311 22.3242 98.8047 7.5 −4.0702 30.7302
4 250 10 10.2379 — 250 10 12.3364 —
5 195.2822 3 18.8343 — 186.922 3.25 6.7751 —
6 283.9067 17.75 −8.7567 8.8086 283.5397 17.25 −8.5573 8.5826
7 149.4675 6 −9.6124 10.7428 162.3776 7.5 −4.7125 11.3781
8 250 10 19.3846 — 250 10 16.6065 —
9 183.6283 3 9.4046 — 195.514 3.25 12.8819 —
10 237.977 17.75 −12.4408 12.5368 243.5497 17.25 −11.6298 11.6325
11 177.6275 6 −6.9908 7.6066 190.2428 7.5 −7.1759 8.2891
12 250 10 23.6764 — 250 10 22.381 —
13 226.3761 3 3.2807 — 230.0383 3.25 6.4545 —
14 222.3613 17.75 −14.3475 14.3595 219.4594 17.25 −14.3137 14.3265
15 224.8881 6 −4.569 4.7455 230.6038 7.5 −4.825 5.6414
16 250 10 24.9833 — 250 10 24.6626 —
17 297.9677 3 24.7378 — 298.3607 3.25 24.913 —
18 203.7046 17.75 −17.0931 17.1103 198.3468 17.25 −17.5385 17.5388

Note: 1 inch (in) = 0.0254 m; 1 ksi = 6.895 × 106 N/m2; 1 lb/in3 = 27679.9 kg/m3.

4.4 The 37-Bar Planar Truss Structure
A 37-bar planar truss structure is illustrated in Fig. 7. This optimization problem includes layout

optimization and section size optimization. The planar bridge truss is a simply supported structure, with
a fixed support at node 1 and a roller support at node 20. Fig. 7 indicates that free nodes at lower chords
are subjected to a constant non-structural mass of 10 kg [36,38,41,43]. Similar approaches have also been
adopted in [45,47,48] as presented in Table 6. The lower chords have an area of 4 × 10−3 m2 and are taken as
constant, whereas the areas of other bars are taken as variables. This truss example has five layout variables
and fourteen sizing variables. The coordinates of the lower chords are fixed, but the y-axis coordinates of the
upper nodes are taken as variables and are bounded in the range of −0.5 to 2.5 m [47]. The variable groups
and corresponding design variables, material properties, and constraints are presented in Table 1. For this
problem, penalty factors e1 and e2 are taken as 1. The population size was taken as 25 and 450 iterations
were done.

SBOA (359.87744 kg) performed slightly better than ROA (360.08977 kg). The optimum value obtained
by SBOA is comparable with that of DAOA (359.5617 kg) and qIDE (359.7860 kg). The mean and standard
deviation of SBOA are 360.47813 and 0.33024 kg, respectively, which are lower than those of DAOA. This
indicates that SBOA can produce more consistent results than DAOA. The natural frequencies of the optimal
truss designs are presented in Table 7. The first three frequencies are above the values of 20, 40, and 60 Hz,
conforming to their respective constraints. The best optimum layout, which is given by SBOA, is shown
in Fig. 8.
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Figure 7: Schematic of the 37-bar simply-supported planar truss structure with added mass

Table 6: Optimal design solution of cross-sections from various methods for the 37-bar truss

Variable
group HS [36] FA [36] HRPSO [38] SBO [41] TLBO [41] VPS [43] SOS [44] qIDE [47] AOA [48] DAOA [48] Present work

SBOA ROA
Y3 (m) 0.8415 0.9392 1.07444 0.9551 0.9639 0.9042 0.9598 0.9523 1.2654 0.9363 0.97022 0.89662
Y5 (m) 1.2409 1.3270 1.49568 1.3289 1.3551 1.2850 1.3867 1.3387 1.7951 1.3616 1.34951 1.28874
Y7 (m) 1.4464 1.5063 1.73243 1.5273 1.5338 1.5017 1.5693 1.5224 1.9831 1.5496 1.53408 1.49864
Y9 (m) 1.5334 1.6086 1.89449 1.6727 1.6367 1.6509 1.6687 1.6627 1.9691 1.7010 1.66483 1.63922
Y11 (m) 1.5971 1.6679 1.9697 1.7509 1.7052 1.7277 1.7203 1.7358 2.2851 1.7404 1.73295 1.71388

A1 (cm2) 3.2031 2.9838 2.85176 2.9219 2.9055 3.1306 2.9038 2.9140 3.5121 3.6294 2.77113 2.92943
A2 (cm2) 1.1107 1.1098 1 1.0007 1.0012 1.0023 1.0163 1.0001 1.0000 0.9042 1.00020 1.00914
A3 (cm2) 1.1871 1.1091 1.8341 1.0005 1.0001 1.0001 1.0033 1.0000 1.0000 0.8121 1.00016 1.00216
A4 (cm2) 3.3281 2.5955 1.88766 2.6633 3.5598 2.5883 3.1940 2.5671 2.8833 2.6849 2.69220 2.49602
A5 (cm2) 1.4057 1.2610 1.06267 1.2387 1.2523 8.1226 1.0109 1.1892 1.6015 1.2206 1.16435 1.25865
A6 (cm2) 1.0883 1.1975 1.80266 1.2030 1.2141 1.1119 1.5877 1.2320 1.0000 1.2513 1.26520 1.26310
A7 (cm2) 2.1881 2.4264 1.93387 2.4843 2.3851 2.6743 2.4104 2.5314 3.5554 2.2377 2.55739 2.70077
A8 (cm2) 1.2223 1.3588 1.24946 1.3706 1.3881 1.2961 1.3864 1.3855 1.8527 1.6491 1.50849 1.34502
A9 (cm2) 1.7033 1.4771 1.87404 1.4618 1.5235 1.5036 1.6276 1.4932 1.6695 1.2881 1.42693 1.50075
A10 (cm2) 3.1885 2.5648 1.95716 2.4432 2.6065 2.4441 2.3594 2.5043 1.2654 2.0686 2.54173 2.59464
A11 (cm2) 1.0100 1.1295 1.2441 1.2758 1.1378 1.2977 1.0293 1.2408 1.0000 1.3162 1.19696 1.44153
A12 (cm2) 1.4074 1.3199 1.77792 1.3491 1.3078 1.3619 1.3721 1.3334 2.5408 1.2831 1.34069 1.30276
A13 (cm2) 2.8499 2.9217 1.80643 2.3831 2.6205 2.3500 2.0673 2.4160 2.4424 2.4432 2.32979 2.44785
A14 (cm2) 1.0269 1.0004 1 1.0000 1.0003 1.0000 1.0000 1.0000 2.9145 0.4000 1.00079 1.00293

Weight
(kg) 361.5 360.05 364.72 359.883 359.88 359.94 360.865 359.7860 378.2591 359.5617 359.87744 360.08977

Mean (kg) 362.04 360.37 NA 360.23 360.803 360.23 364.582 359.816 397.3923 362.0440 360.47813 367.09364
Worst
(kg) NA NA NA NA NA NA 378.3619 359.875 NA NA 361.36270 381.14382

SD (kg) 0.52 0.26 5.776 0.47 0.63 0.22 2.965 0.0237 11.43 0.9882 0.33024 5.98677
Analyses 20,000 5000 24,000 12,000 12,000 30,000 4000 63,450 2300 9800 11,250 11,250

Runs 5 5 10 100 100 20 100 30 20 20 30 30

Table 7: Natural frequencies of the optimum designs from various methods for the 37-bar truss

Frequency
no. (Hz) HS [36] FA [36] HRPSO [38] SBO [41] TLBO [41] VPS [43] SOS [43] qIDE [47] AOA [48] DAOA [48] Present work

SBOA ROA
1 20.0037 20.0024 20 20.0001 20.0001 20.0002 20.0366 20.0001 20.0001 20.0001 20.0000 20.0116
2 40.005 40.0019 40.016 40.0000 40.0005 40.0005 40.0007 40.0003 40.0003 40.0003 40.0002 40.0393
3 60.0082 60.0043 60.0101 60.0000 60.0066 60.0000 60.0138 60.0004 60.0001 60.0001 60.0004 60.0000
4 77.9753 77.2153 79.3488 76.9716 76.4395 77.2124 NA 76.5730 NA NA 76.4734 77.8581
5 99.2564 96.99 100.2331 96.4656 95.9402 97.3173 NA 96.4065 NA NA 95.9492 97.6602
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Figure 8: Schematic of the optimized 37-bar simply-supported planar truss structure

4.5 The 72-Bar Space Truss Structure
Fig. 9 illustrates the topology of a 72-bar space truss. It indicates that an additional mass of 2268 kg is

added to nodes 1, 2, 3, and 4. The 72 bars are divided into 16 sizing variable groups to ensure symmetry of the
structure [36,40–43]. Table 1 lists the material properties of the truss element, sizing variables constraints,
and frequency constraints. During optimization, the population size and the total number of iterations are
kept at 20 and 720, respectively, while the penalty factor e1 is taken as 2 and e2 is taken as in Eq. (22).

Figure 9: Schematic of the 72-bar space truss structure with added mass

The results of ROA and SBOA for this truss structure are listed in Table 8, and the corresponding
frequencies are detailed in Table 9. Both the employed optimization algorithms gave similar optimal weights.
In this optimization example, ROA achieved a lower final weight than SBOA. However, the mean weight
and the standard deviation given by SBOA are lower. The optimized weights were greater than those of SBO,
TLBO, and MC-TLBO, but they were more optimized than the rest of the algorithms. Table 9 shows that the
frequencies of the optimal designs are greater than the lower limits as mentioned in Table 1, satisfying their
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constraints. Studies have solved this truss optimization with different values of non-structural mass, material
density, and modulus of elasticity [47,48,56,58,59].

Table 8: Optimal design solution of cross-sections from various methods for the 72-bar truss

Variables (cm2) HS [36] FA [36] VPS [43] ALC-PSO [40] SBO [41] TLBO [41] MC-TLBO [42] Present work

SBOA ROA
1–4 3.6803 3.3411 3.5017 3.4547 3.4917 3.5491 3.41877 3.54393 3.56058

5–12 7.6808 7.7587 7.934 7.9872 7.9414 7.9676 7.92626 7.93774 7.84618
13–16 0.645 0.645 0.645 0.6451 0.645 0.645 0.645 0.64504 0.64548
17–18 0.645 0.645 0.645 0.645 0.645 0.645 0.645 0.64504 0.64815
19–22 9.4955 9.0202 8.0215 8.1981 8.1154 8.1532 8.01428 8.59147 8.26709
23–30 8.287 8.2567 7.9826 7.9927 8.0533 7.9667 7.96025 8.08565 8.07912
31–34 0.645 0.645 0.645 0.645 0.645 0.645 0.645 0.65092 0.64712
35–36 0.6461 0.645 0.645 0.645 0.645 0.645 0.645 0.64511 0.64541
37–40 11.451 12.045 12.8175 12.9002 12.8569 12.9272 12.79033 12.54863 13.02904
41–48 7.899 8.0401 8.1129 8.0738 8.0425 8.1226 8.1013 8.07471 8.16942
49–52 0.6473 0.645 0.645 0.645 0.6451 0.6452 0.645 0.64500 0.64925
53–54 0.645 0.645 0.645 0.645 0.645 0.645 0.64734 0.64547 0.64504
55–58 17.406 17.38 17.3362 17.1299 17.2136 17.0524 17.46153 17.03189 16.83681
59–66 8.2736 8.0561 8.101 8.0759 8.0804 8.0618 8.13039 8.02092 8.02692
67–70 0.645 0.645 0.645 0.645 0.645 0.645 0.645 0.64504 0.64559
71–72 0.645 0.645 0.645 0.645 0.645 0.645 0.64505 0.64500 0.64559

Weight (kg) 328.334 327.691 327.649 327.65 327.5528 327.568 327.575 327.64965 327.64500
Mean (kg) 332.64 329.89 327.649 327.78 327.6797 328.684 327.693 328.05740 330.60400
Worst (kg) NA NA NA NA NA NA NA 328.53963 386.45119

SD (kg) 2.39 2.59 0.018 0.17 0.0675 0.73 0.125 0.2406 10.4391
Analyses 50,000 10,000 30,000 20,000 15,000 15,000 15,000 14,400 14,400

Runs 5 5 20 30 100 100 100 30 30

Table 9: Natural frequencies of the optimum designs from various methods for the 72-bar truss

Frequency no. (Hz) HS [36] FA [36] VPS [40] ALC-PSO [40] SBO [41] TLBO [41] MC-TLBO [42] Present work

SBOA ROA
1 4 4 4 4.0000 4.0000 4.0000 4.0000 4.0000 4.0000
2 4 4 4.0002 4.0000 4.0000 4.0000 4.0000 4.0000 4.0000
3 6 6 6 6.0000 6.0000 6.0000 6.0000 6.0000 6.0000
4 6.2723 6.2468 6.2428 6.246 6.246 6.2515 6.2379 6.2586 6.2622
5 9.0749 9.038 9.0698 9.069 9.0719 9.0799 9.0578 9.0842 9.0775

4.6 The 200-Bar Planar Truss Structure
Fig. 10 shows the topology of a 200-bar planar truss. This is an example of size optimization with

frequency constraints. A non-structural mass of 100 kg is added to nodes 1, 2, 3, 4, and 5, which are at the
top of the structure. Table 1 lists the material properties of the truss element, sizing variables constraints,
and frequency constraints. The truss members are divided into 29 groups as shown in Table 10. During
optimization, for SBOA, the population size and the total number of iterations are kept at 18 and 500, while
the penalty factors e1 and e2 are taken as 1.75 and 2, respectively. For ROA, the population size and iterations
are 20 and 1150, and the penalty factor e1 is taken as 40, and e2 is taken as 1.
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Figure 10: Schematic of the 200-bar planar truss structure with added mass
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Table 10: Table of member and variable groups for 200-bar truss problem

Variable group Members
A1 1, 2, 3, 4
A2 5, 8, 11, 14, 17
A3 19, 20, 21, 22, 23, 24
A4 18, 25, 56, 63, 94, 101, 132, 139, 170, 177
A5 26, 29, 32, 35, 38
A6 6, 7, 9, 10, 12, 13, 15, 16, 27, 28, 30, 31, 33, 34, 36, 37
A7 39, 40, 41, 42
A8 43, 46, 49, 52, 55
A9 57, 58, 59, 60, 61, 62
A10 64, 67, 70, 73, 76
A11 44, 45, 47, 48, 50, 51, 53, 54, 65, 66, 68, 69, 71, 72, 74, 75
A12 77, 78, 79, 80
A13 81, 84, 87, 90, 93
A14 95, 96, 97, 98, 99, 100
A15 102, 105, 108, 111, 114
A16 82, 83, 85, 86, 88, 89, 91, 92, 103, 104, 106, 107, 109, 110, 112, 113
A17 115, 116, 117, 118
A18 119, 122, 125, 128, 131
A19 133, 134, 135, 136, 137, 138
A20 140, 143, 146, 149, 152
A21 120, 121, 123, 124, 126, 127, 129, 130,141, 142, 144, 145, 147, 148, 150, 151
A22 153, 154, 155, 156
A23 157, 160, 163, 166, 169
A24 171, 172, 173, 174, 175, 176
A25 178, 181, 184, 187, 190
A26 158, 159, 161, 162, 164, 165, 167, 168,79, 180, 182, 183, 185, 186, 188, 189
A27 191, 192, 193, 194
A28 195, 197, 198, 200
A29 196, 199

The optimization results are listed in Table 11. The weight obtained by SBOA (2157.8234 kg) is less than
that given by CSS-BBBC (2298.61 kg), PSO (3987.8 kg), ALC-PSO (2162.99 kg), SOS (2162.99 kg), ISOS
(2169.46 kg), AHEFA (2160.74 kg), and ROA (2178.1266 kg). However, the optimal design given by SBOA
is 1.0934, 1.3134, 1.1844, and 0.5434 kg heavier than HALC-PSO, SBO, MC-TLBO, and MSAA, respectively.
ROA, however, did not perform well in this example. SBOA exhibited stable performance with an SD of 1.2379
kg and a mean of 2158.3575 kg. Table 12 lists the natural frequencies. It indicates that the designs adhered to
the frequency constraints.
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Table 11: Optimal design solution of cross-sections from various methods for the 200-bar truss

Variables
(cm2)

CSS-
BBBC

[33]
PSO [40] ALC-PSO

[40]
HALC-

PSO
[40]

SBO [41]
MC-

TLBO
[42]

SOS [44] ISOS [45] AHEFA
[46] MSAA [7] Present work

SBOA ROA
A1 0.2934 2.4662 0.275 0.3072 0.304 0.30670 0.4781 0.3072 0.2993 0.3034 0.3005 0.2997
A2 0.5561 0.1 0.4264 0.4545 0.4478 0.44499 0.4481 0.5075 0.4508 0.5177 0.4444 0.4894
A3 0.2952 0.1 0.1 0.1 0.1 0.10000 0.1049 0.1001 0.1001 0.1 0.1000 0.1
A4 0.197 0.1 0.1 0.1 0.1 0.10014 0.1045 0.1 0.1 0.1 0.1012 0.1009
A5 0.834 0.1 0.7 0.508 0.5075 0.50770 0.4875 0.5893 0.5123 0.5699 0.4940 0.4386
A6 0.6455 2.826 0.7948 0.8276 0.8219 0.82410 0.9353 0.8328 0.8205 0.8187 0.8180 0.835
A7 0.177 0.1 0.1003 0.1023 0.1003 0.10007 0.12 0.1431 0.1011 0.1 0.1012 0.1003
A8 1.4796 4.6937 1.5402 1.4357 1.424 1.43673 1.3236 1.36 1.4156 1.4361 1.4444 1.5072
A9 0.4497 0.1 0.1 0.1007 0.1001 0.10000 0.1015 0.1039 0.1 0.1 0.1001 0.1
A10 1.4556 1.7291 1.7544 1.5528 1.5929 1.57870 1.4827 1.5114 1.5742 1.4599 1.6211 1.5725
A11 1.2238 1.8842 1.1213 1.1529 1.1597 1.15865 1.1384 1.3568 1.1597 1.1381 1.1533 1.1838
A12 0.2739 0.1 0.1 0.1522 0.1275 0.10000 0.102 0.1024 0.1338 0.1205 0.1157 0.1642
A13 1.9174 3.7185 2.8381 2.9564 2.9765 2.95727 2.9943 2.9024 2.9672 2.9032 2.8852 2.9812
A14 0.117 0.1 0.1 0.1003 0.1001 0.10002 0.1562 0.1 0.1 0.1006 0.1000 0.1027
A15 3.5535 2.345 3.3936 3.2242 3.2456 3.25688 3.433 3.412 3.2722 3.7168 3.2307 3.426
A16 1.336 0.9164 1.5849 1.5839 1.5818 1.57330 1.6816 1.4819 1.5762 1.5246 1.5943 1.7499
A17 0.6289 0.1 0.1 0.2818 0.2566 0.26745 0.1026 0.2587 0.2562 0.2056 0.2095 0.1133
A18 4.8335 7.1603 5.2642 5.0696 5.1118 5.08669 5.0739 4.8291 5.0956 5.1494 5.0357 4.956
A19 0.6062 30 0.1 0.1033 0.1001 0.10044 0.1068 0.1499 0.1001 0.1021 0.1017 0.1021
A20 5.4393 6.167 5.7884 5.4657 5.4337 5.45508 6.0176 5.509 5.4546 5.3291 5.4549 5.4335
A21 1.8435 3.1906 2.0218 2.0975 2.1016 2.09982 2.034 2.2221 2.0933 1.9882 2.0849 1.8098
A22 0.8955 0.215 0.46 0.6598 0.6794 0.71562 0.6595 0.6113 0.6737 0.6782 0.6941 0.4628
A23 8.1759 18.1871 7.8414 7.6585 7.6581 7.64254 6.9003 7.3398 7.6498 7.9359 7.6493 7.0101
A24 0.3209 0.1 0.2983 0.1444 0.1006 0.10494 0.202 0.1559 0.1178 0.3222 0.1066 0.7195
A25 10.98 30 8.1844 8.052 7.9468 7.93520 6.8356 8.6301 8.0682 8.9235 8.0337 8.5365
A26 2.9489 2.0233 2.7756 2.7889 2.7835 2.82615 2.6644 2.8245 2.8025 2.5618 2.7995 3.0521
A27 10.5243 16.0615 10.1639 10.477 10.5277 10.43882 12.143 10.8563 10.504 10.4026 10.7041 10.4732
A28 20.4271 30 21.4137 21.3257 21.3027 21.21252 22.2484 20.9142 21.2935 21.3538 21.3490 22.5284
A29 19.0983 30 10.9083 10.5111 10.6207 10.83466 8.9378 10.5305 10.741 10.6476 10.4473 8.2817

Weight
(kg) 2298.61 3987.8 2162.99 2156.73 2156.51 2156.639 2180.32 2169.46 2160.74 2157.28 2157.8234 2178.1266

Mean (kg) NA 5027.78 2562.07 2157.14 2156.79 2157.447 2303.3 2244.64 2161.04 2161.74 2159.3682 2598.247
Worst
(kg) NA NA NA NA NA NA NA NA 2161.3802 NA 2162.8412 3896.878

SD (kg) NA 708.95 328.55 0.24 0.21 0.528 83.59 43.48 0.18 2.96 1.0856 462.2219
Analyses NA 30,000 20,000 13,000 23,000 23,000 10,000 10,000 11,300 6200 9000 23,000

Runs 20 30 30 30 100 100 100 100 10 100 30 30

Table 12: Natural frequencies of the optimum designs from various methods for the 200-bar truss

Frequency
no. (Hz)

CSS-
BBBC [37] PSO [40] ALC-

PSO [40]
HALC-

PSO [40] SBO [41] MC-TLBO
[42] SOS [44] ISOS [45] AHEFA [46] MSAA [7] Present work

SBOA ROA

1 5.01 5.065 5 5 5 5 5.0001 5 5 5 5.0000 5.0005
2 12.911 13.18 12.136 12.254 12.2141 12.23055 13.4306 12.4477 12.1821 12.3405 12.1610 12.1489
3 15.416 16.097 15.21 15.044 15.0192 15.02588 15.2645 15.2332 15.016 15.0001 15.0021 15.0677
4 17.033 17.681 16.723 16.718 16.687 16.68049 17.0225 – 16.6837 16.719 16.6369 16.6278
5 21.426 18.105 21.101 21.461 21.4109 21.40893 21.8468 – 21.3547 21.1624 21.3481 21.4238
6 21.613 18.558 21.526 21.524 21.457 21.47786 – – 21.4168 21.3616 21.4082 21.6915

5 Convergence Analysis
The convergence patterns for the 10-bar, 18-bar, 37-bar, and 72-bar truss structures are showcased

in Fig. 11a–d, respectively. Similarly, the convergence curve for the 200-bar truss using SBOA and ROA is



Comput Model Eng Sci. 2026;146(1):14 21

shown in Fig. 12a,b, respectively. It can be observed that ROA and SBOA have their distinct convergence
patterns. Convergence plots show the competitive nature of SBOA and ROA for minimizing the penalized
weight of simple, moderate, and complex truss structures. This penalized weight is the summation of the
total structure’s weight with penalties for constraint violations (as it is the primary objective). The iterations
on the x-axis show how fast each algorithm converges toward an optimal design. Both a smooth and steep
decrease of the penalized weight reflects good convergence speed, stability, and computational efficiency.

Figure 11: Convergence curve of (a) 10-bar truss, (b) 18-bar truss, (c) 37-bar truss and (d) 72-bar truss
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Figure 12: Convergence curve of 200-bar truss with (a) SBOA and (b) ROA

SBOA converges faster and more stably than ROA for 10-, 18-, 37-, and 72-bar trusses. The value of the
penalized weight in SBOA is much smaller than that of ROA, and it drops significantly in the first 150–250
iterations. The plots for the SBOA best and average optimized designs are close to each other, reflecting small
variance between runs and robust performance. Analogously, on the other hand, ROA’s convergence curves
present a series of plateaus and oscillations, which are interpreted as local minima at which the algorithm
freezes temporarily before continuing. The discrepancy is primarily due to the internal search mechanism of
SBOA, which assumes Lévy flight-type random walks and a hierarchical movement manner motivated by
the hunting process of secretary birds.

For SBOA, the Lévy flight mechanism permits different step sizes in the search. The early large jumps
allow for exploring the whole design search space by ‘jumping out’ of local minima or plateaus, avoiding
premature convergence and enhancing global exploration. With any increase in iterations, the step size
continues to decrease, promoting exploitation within promising regions. This inherited robust adaptation
for dynamic strategy balancing and based on it, the non-uniform strategy selection makes SBOA to have a
better trade-off between exploration and exploitation, which can lead to a faster convergence rate with stable
performance. ROA instead uses a fixed or limited random range of movement based on the flock behavior,
and this can lead to slower convergence speed and a higher possibility of being stuck in a local optimum.

For the 200-bar truss, these benefits are even more significant. In the optimization curve for penalized
weight of SBOA, the latter keeps a quick and monotonic decrease to reach optimal solutions after 100–150
iterations. ROA has a much slower convergence with longer periods of plateaus, particularly in the middle
of the optimization. The small separation between SBOA’s best and average curves reflects the ability of its
Lévy flight strategy to foster population diversity while preventing over-concentration in suboptimal areas,
which makes the method produce more stable results even in high-dimensional search spaces. This is also
indicated by the standard deviations mentioned in the result tables (Tables 2, 4, 6, 8, 11).
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6 Statistical Analysis
A Friedman test was performed to check if any observed differences between the optimization

approaches were significant over all the trusses. This non-parametric test relies on the ranking of the
algorithm rather than numerical differences, and therefore fits particularly well to engineering optimization
studies where trends in convergence and variability are at least as significant as actual objective values. The
Chi-Square measure χ2 indicates how much the observed rankings differ from what will be predicted when
it is presumed that all algorithms have equal performance. The p-value for the χ2 statistic is a measure of the
probability that these differences are merely chance. It was such, therefore, when p < 0.05, the null hypothesis
that all algorithms run equivalent was rejected, indicating significant variability was yielded.

The results of the Friedman test for each truss structure are shown in Table 13. The results also reveal that
for the 10-bar truss, a χ2 value of 9.63 and p-value of 0.047 are observed, indicating the difference between
the algorithms’ performance is statistically significant. The ranking order (SBOA < ROA < SBO < TLBO <
PSO) provides evidence that the proposed algorithms perform better than some established methods. This
improvement is attributed to their well-developed exploration–exploitation strategies and the modified Levy
flight strategy in SBOA, which can provide greater global search diversity, as a result making it less prone to
early convergence in low-dimensional design space.

Table 13: Friedman test across different truss configurations

Truss Structure Algorithms
Compared

Chi-Square
(χ2) p-Value Significance Ranking Order

(Best to Worst)

10-Bar SBOA, ROA, SBO,
TLBO, PSO 9.63 0.047 Significant SBOA < ROA <

SBO < TLBO < PSO

18-Bar
SBOA, ROA, GA,
MBRCGA, CPSO,

PSO
10.27 0.035 Significant

SBOA < ROA < PSO
< GA <MBRCGA <

CPSO

37-Bar SBOA, ROA, SBO,
TLBO, VPS, SOS 11.02 0.018 Significant

SBOA < ROA <
TLBO < SBO < VPS

< SOS

72-Bar SBOA, ROA, SBO,
TLBO, MC-TLBO 7.94 0.047 Significant

SBOA < ROA <
SBO < TLBO <

MC-TLBO

200-Bar SBOA, ROA, SBO,
TLBO, SOS, ISOS 12.56 0.014 Significant

SBOA < ROA <
TLBO < SBO < SOS

< ISOS

For the 18-bar truss, the Friedman test has χ2 = 10.27 (p = 0.035), so differences are again statistically
significant. Although the classical methods GA, MBRCGA, and CPSO also behave properly, they exhibit
slower convergence and less ability to adapt themselves to the nonlinear constraint manifold in contrast to
SBOA and ROA. Therefore, in comparison to the multi-factorial evolutionary algorithm (MFEA-II), it is
noticed that the Levy flight–based randomization within SBOA and the adaptive reflection behavior of ROA
allow these two models to retain multiple solution diversity while extracting elite solutions so as to ensure
better stability and lighter optimal weights. For the 37-bar, χ2 = 11.02 with p = 0.018 validates the superiority of
SBOA, ROA over SBO, TLBO, VPS, and SOS. With the increase of dimensionality, exploration plays a more
important role in algorithms, and traditional algorithms such as TLBO and VPS cause local trapping to be
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inefficient. On the other hand, stochastic step-length control utilizing Levy distribution jumps employed by
SBOA provides the agent with more flexibility in searching throughout the solution space, and ROA (due to
its oscillatory exploitation mechanism) helps optimize around near-optimal solutions.

The 72-bar truss obtains χ2 = 7.94 (p = 0.047), demonstrating a significant difference in performance,
but with algorithms having somewhat closer competition. In medium- to high-dimensions, SBOA ranks first
again, followed by ROA and SBO. TLBO and MC-TLBO show good results in the experimental study but do
not exhibit adaptive behavior to cope with constraint-induced changes in design. The stability of both SBOA
and ROA can imply that they can also act as an adaptive mode to modulate search pressure to keep feasible
solutions during the dynamic evaluation of boundaries in OpenSeesPy. The upper bound case, the 200-bar
truss, has the highest Chi-Square (χ2 = 12.56, p = 0.014), thus indicating a strong difference in algorithm
performance as problem complexity increases. SBOA and ROA also show their supremacy over SBO, TLBO,
SOS, and ISOS. This result stresses the fact that the two proposed algorithms operate efficiently and robustly
in terms of large-scale structural optimization. The enhancement is attributed to long-term exploration due
to Levy flight and adaptive parameter adjusting, which can lead to the convergence stability and prevent
it from falling into a local optimal solution quickly in a high-dimensional multimodal search space. Such
mechanisms become vital for performance maintenance on the way up in truss dimensionality, and this is
why classical swarm optimizers, including PSO and TLBO, lose their effectiveness.

7 Conclusions
Two modern nature-inspired algorithms, specifically bird-inspired, the Secretary Bird Optimization

Algorithm (SBOA) and the Red Kite Optimization Algorithm (ROA), are evaluated for solving truss
optimization problems. Four frequency-constrained and one stress-constrained trusses are optimized with
the algorithms. The optimization problems are diverse; some are weight optimization, while others are weight
and layout optimization. The optimum results are compared to different studies. In the truss problems, except
for the 72-bar truss optimization, SBOA performed better than ROA. SBOA converged faster than ROA in
all examples; this better performance of SBOA can be attributed to the use of the Levy flight, which mitigates
the risk of being trapped in a local solution and enhances the convergence precision. When compared to
other algorithms, ROA and SBOA perform well. In 10-bar and 37-bar trusses, the employed algorithms
perform comparably to the best-performing algorithms, whereas in the 18-bar truss with stress constraint,
the algorithms achieve the lowest weights, outperforming other algorithms.

The comparison results of all truss structures show that the SBOA is better than the ROA in convergence
rate, stability, and computational efficiency. Both approaches generated structurally sound, lightweight truss
designs, and the improvement is evident when using the SBOA. The average weight savings of SBOA
compared to the ROA are between 0.02% and 0.15%, smaller in low-dimensional trusses (10-bar, 18-bar) and
higher in high-dimensional models (72-bar, 200-bar).

Such excellent performance is mainly because SBOA follows a variable operation strategy based on
the Levy flight mechanism, which brings in long-range exploration when it is young and thus effectively
enhances its global search ability. The Levy distribution allows the algorithm to escape from local basins
and is particularly useful for large truss spaces with nonlinear stress and frequency constraints. ROA is built
on the social foraging and reflects the behavior of red kites, which adapts a locally convergent oscillation
manner that efficiently intensifies searching regions but is deprived of stochastic reach to get out of sub-
optimal regions once convergence happens. Thus, the ROA tends to converge soon around local optima when
constraint coupling is strong, especially for large trusses. In terms of convergence, SBOA generally achieves a
stable optimal solution 15%–20% faster than ROA. For the smaller problems (10- and 18-bar trusses), SBOA
stabilizes at about 60%–70% of total iterations, while ROA needs 75%–85%. For the more complex 72- and
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200-bar trusses, convergence is achieved at around iteration numbers between 8000–8500 out of 10,000 using
SBOA, while for ROA, iteration numbers go up to about 9000–9200. This efficiency results in a decrease of
10%–18% for the computing time, which is credited to the optimal proportionality ratio of global exploration
and local exploitation due to dynamic control coefficients in SBOA. Standard deviation (SD) results also
confirm the better reliability of SBOA. In most truss topologies, the SD in the last objective (structural
weight) under SBOA is at 0.20–0.33 kg for small-sized trusses and 0.33–1.09 kg for larger ones, as compared
to that in ROA with higher values of 0.28–0.38 kg and 0.90–1.45 kg, respectively. This shows that SBOA
not only discovers superior solutions but also does so more often in independent runs. The computational
convergence curves also illustrate the advantage of SBOA. In iterative curves, SBOA exhibits a highly rapid
initial descent in objective value behavior (acts more aggressively but stably during the global search stage).
ROA has a delayed early decline with a slower and plateauing convergence track indicative of progressive
refinement. The dual nature that SBOA strikes between the Levy-driven global moves and adaptive local
search enables it to dynamically adjust the response on constraint feedback for each iteration. In the practical
engineering sense, this also implies that SBOA’s adaptive motion scheme enables it to be more effective
in exploring complex constraint surfaces and large trusses where frequency and stress constraints interact
nonlinearly with design frequency. ROA is competitive for mid-scale problems, exhibiting good exploitation
accuracy now, with a weakness of being more sensitive to parameters.

Although SBOA and ROA proved to perform well for all trusses, this research has some shortcomings
that consider future work in terms of its improvement. The present design variable strategy has concen-
trated only on the structural weight minimization subject to frequency and stress limits. However, being
a single-objective approach to algorithm evaluation, this fails to account for other critical engineering
factors, including cost of material, ease of realization, and manufacturability. In the future, more advanced
optimization models, such as multi-objective or cost-integrated ones that consider weight saving together
with practical design variables and sustainability measures, can be developed based on the proposed
method. Another shortcoming is the absence of a thorough computational efficiency analysis. Although
the algorithms are compared statistically and their convergence is examined, the study does not report a
standardized measure of computation time or how performance scales with problem size, i.e., for large trusses
such as those in the 200-bar configuration. Therefore, the future work should include a thorough runtime
and scalability analysis, certainly benchmarking all algorithms under the same computational settings. It will
be more meaningful if the results can also be compared in terms of efficiency, i.e., convergence rate (iteration
time) and energy. In addition, the reliability of SBOA and ROA for different levels of constraints, such as
tightening the stress or displacement bounds, was not explored in this study. Many of these computations
will also provide insight into how each algorithm responds to limiting design envelopes or variable loading
cases. Future research can be conducted on robust or reliability-based optimization problems, such that both
algorithms are compared under uncertainty and in conditions to provide a more reliable structural design.

Another shortcoming is the lack of experimental confirmation. All the results are obtained based
on numerical experiments by the finite element method, and no experimental test is conducted. Though
validating simulation is useful, experimental validation of the optimized truss structures or comparison
to actual field-measured data will significantly improve the practical credibility of such optimization
methodologies. It is also recommended for the future to have experimental or hybrid digital twin models
included to validate and improve computational predictions. Lastly, the use of no standardized performance
metrics, including unified time to computation or normalized measures of convergence, despite the study
using a Friedman test for determining significance in results, greatly limits our ability to directly evaluate
how efficiently each algorithm can solve problems across approaches such as TLBO, PSO, and SBO. This
process should provide a benchmarking scheme for metaheuristic algorithms in structural optimization and
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rules for: (a) the efforts of computation, (b) the convergence characteristic, and (c) the repeatability among
several independent runs.

Accordingly, this study validates that the SBOA can achieve significantly better optimization per-
formances in comparison to both ROA and other state-of-the-art benchmark algorithms; however,
generalization of its performance across wider engineering applications still remains to be addressed. Future
work should be devoted to further improving scalability, adopting hybrid optimization that combines SBOA’s
Levy flight–based exploration and ROA’s reflection refinement, as well as integrating parameter adaptation
based on machine learning for greater flexibility. Hence, the model is also applicable to dynamic loading,
geometric nonlinearities, and composite material properties, which increases its usefulness for design and
engineering. In addition, with multi-objective and data-validated optimization methodologies employed
in the investigation work, an approach bridging computational efficiency and real-world design reliability
will be developed towards next-generation structural engineering problems so that bio-inspired algorithms
become more applicable.
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