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Natural frequencies, which are relatively easy parameters to obtain, provide efficient information about the
dynamic behavior of structures. Controlling these parameters can help to minimize the destructive effect of
dynamic loads on structures. However, the optimal design of the size and shape of truss structures with con-
trolling dynamic constraints is an expensive problem. While frequency constraints are nonlinear and non-convex,
handling natural frequencies as constraints is a challenging task, which prevents the phenomenon of resonance,
large deformations, and destruction of a structure. Also, reducing the vibration amplitude of a structure would
reduce the stress and deflections. In this paper, the Improved Marine Predators Algorithm (IMPA) is proposed
and implemented for size and shape optimization of truss structures subject to natural frequency constraints. In
this method, a Novel CF (NCF) factor is introduced to control the predator’s step size when looking for prey. To
evaluate the performance of IMPA, the optimum weight of structures under dynamic constraints was compu-
tationally investigated. To demonstrate the efficiency and robustness of IMPA, 37-bar truss bridge, 52-bar dome,
72-bar space truss, 120-bar dome, 200-bar planar truss, and 600-bar dome truss were optimized. Compared to
other state-of-the-art algorithms, the results indicate that IMPA performs better in solving these nonlinear

structural optimization problems.

1. Introduction

Most optimization problems fall into the category of nonlinear pro-
gramming problems due to the nonlinearity of the variables [1].
Therefore, finding a suitable solution for them is a difficult task. One
challenge in solving these problems is the existence of several local
optimal answers. A local minimum point gives a smaller value for the
objective function compared to its adjacent points, but it is not the
global minimum point. Therefore, achieving a global optimal answer (or
near it) in nonlinear problems is controversial, and the optimization
process in many cases converges to the local minimum points. In gen-
eral, optimization methods are categorized into two types: deterministic
and stochastic techniques [2]. Stochastic methods utilize arbitrary
sampling in their search space, whereas deterministic methods stop as
soon as they reach the first local optimal point, which they cannot leave
and proceed to another optimal point. Consequently, studies on algo-
rithms that can escape from optimal local points have been conducted

for a long time, and different methods have been proposed to date.
However, stochastic algorithms have received more attention due to
their simplicity and, therefore, ease of implementation using a com-
puter. In the pursuit of finding optimal points, two crucial factors must
be simultaneously considered. First, the optimization process encom-
passes the entirety of the search space, implying that the optimal solu-
tion can be located at any point within this domain. Second, adhering to
a local strategy, the probability of discovering a new point that enhances
the function’s value is higher when it is closer to a point with a superior
objective value rather than one with a poorer objective value [3].
Over the past five years, metaheuristic algorithms have become one
of the most important and popular optimization methods, many of
which have been developed for solving difficult problems. Due to their
simplicity and flexibility, they can solve a variety of linear, nonlinear,
constrained, and non-constrained problems. For instance, Good-
darzimehr et al. [4] developed SRS to solve structural and mechanical
problems. They organized a large comparative study and selected the
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best algorithm using Friedman’s statistical test. Grzywinski [5] proposed
a novel method called the Jaya algorithm, which was used to optimize
the braced domes under frequency constraints. Dastan et al. [6] opti-
mized steel frames utilized a hybrid method based on
teaching-learning-based optimization (TLBO) and Charged System
Search (CSS) algorithms. Talatahari et al. [7] proposed a multi-stage
particle swarm for optimization of truss structures. Refs [8,9] pro-
vided a comprehensive framework for the application of metaheuristic
algorithms in structural optimization. Tejani et al. [10] developed a
multi-objective modified adaptive Symbiotic Organisms Search (SOS)
with two modified phases planned along with a normal line method as
an archiving technique for designing structures. Dehghani et al. [11]
presented a modified Adolescent Identity Search Algorithm (AISA) for
solving nonlinear frame structures. Faramarzi et al. [12] developed the
Marine Predators Algorithm (MPA) for solving various optimization
problems.

The metaheuristic algorithms mentioned above offer a range of good
features, such as escape from the local optimal, low computation time,
no need for specific information about the problem, high convergence
rate, and simplicity. However, per the No Free Lunch theory [13], there
are no metaheuristics that can address all types of problems. According
to this point, researchers have used the idea of hybridization and
development to solve this problem. For example, Li et al. [14] used BIM
and hybrid metaheuristic algorithms for solving steel reinforcement
problems. Dillen et al. [15] employed a hybrid gradient algorithm for
the optimization of size, shape, and topology for steel structures. Ho
etal. [16] proposed a new approach using MPA to train neural networks
and then diagnose damages of three structural problems. Yousri et al.
[17] developed a novel hybrid algorithm based on MPA. Houssein et al.
[18] applied the reinforcement learning method to improve the effi-
ciency of MPA for energy problems. Yousri et al. [19] proposed a new
hybrid method to obtain the optimal parameters of the equivalent
capacitance of the supercapacitor, an improved metaheuristic method
using the Comprehensive Learning MPA. Elaziz et al. [20] proposed a
new hybrid method using MPA and quantum theory to solve the prob-
lem of multilevel image grouping.

Structural optimization under natural frequency constraints is a
difficult problem to handle. Since natural frequencies are a suitable
framework for studying the dynamic behavior of trusses, controlling
these parameters can help to reduce the dynamic effect of structures.
However, optimizing the weight of structures subject to natural fre-
quency constraints is a complex problem due to its nonlinear behavior.
Therefore, the application of deterministic methods in optimizing these
problems is challenging and even impossible in some cases. Hence, the
use of a metaheuristic optimization method for solving these problems
seems avoidable. Miguel [21] proposed a new hybrid method based on
Harmony Search (HS) and Firefly Algorithm (FA) to optimize truss
weight under frequency constraints. In the work by Lin et al. [22], a
two-factor a-f algorithm based on the Cohen-Tucker criterion was pro-
posed to optimize the mass of structures under frequency constraint.
Wang et al. [23] presented an optimality criteria method to optimize
truss structures under dynamic constraints. Gomes [26] developed a
modified Particle Swarm Optimization (PSO) algorithm for vibration
control and weight optimization of trusses. Kaveh and Mahdavi [27]
developed a Colliding-Bodies algorithm (CBA) to optimize truss struc-
tures under frequency constraints, and several benchmark structures
were optimized to demonstrate the effectiveness of the algorithm. Kaveh
and Zolghadr [28] proposed a democratic version of PSO to prevent
optimal local convergence and then optimized several structures under
dynamic constraints. Farshchin et al. [29] developed a multi-class
learning-based approach (MC-TLBO) for optimization, in which devel-
oping the learning process from one class to multiple classes increases
the chance of finding better optimal answers. Five structures were
optimized under frequency constraints to exhibit the algorithm’s per-
formance. Tejani et al. [32] developed three new versions of SOS. To
exhibit the efficiency of the new algorithm, they optimized six trusses
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subject to dynamic constraints. Khatibinia and Naseralavi [33] intro-
duced an efficient optimization algorithm to solve frequency constraint
problems and also developed the orthogonal multi-gravitational Search
Algorithm (GSA) as a new and effective method for optimization goals.
By adding memory to the CBO, Kaveh and Mahdavi [34] created a
balance between exploitation and exploration and introduced a new
optimization technique. Mortazavi [35] proposed a new interactive
fuzzy search algorithm version. Goodarzimehr et al. [37] introduced a
novel formulation for weight and improved Chaos Game Optimization
(CGO) for the optimum design of structures under dynamic constraints.
Truong et al. [38] proposed a new fuzzy-based adaptive algorithm for
solving frequency-constrained nonlinear dynamic problems, which
performed better than other previous methods. Kaveh et al. [39] created
an Improved Forensic-Based Examination (EFBI) for the ideal plan of
frequency-constrained dome-like trusses, in which the Forensic-Based
Examination calculation is a recently created population-based meta-
heuristic motivated by criminal examination preparation. Degertekin
et al. [40] introduced the Parameter-Free Jaya Algorithm (PFJA) for
evaluating and optimizing truss structures, considering inherent geo-
metric constraints. PFJA stands out for its unique characteristic: it
avoids both algorithm-specific and common parameters during the
search process. Employing an elitist strategy, PFJA performs critical
evaluations only when necessary and adaptively adjusts the population
size throughout the optimization process. The efficacy of PFJA was
demonstrated through the resolution of eight classical truss weight
minimization problems, encompassing up to 59 design variables. Dastan
et al. [41] proposed a hybrid TLBO-based CSS for optimization of steel
frames. Kaveh et al. [42] developed another new algorithm to optimize
the weight of truss structures under frequency constraints. They found
that the classical Slime Mould Algorithm (SMA) suffers from slow
convergence and often converges prematurely to non-optimal solutions,
especially for large-scale optimization problems.

This presented study developed an effective method called the
Improved Marine Hunter Algorithm (IMPA) to optimize the size and
shape of five trusses under natural frequency constraints. MPA is
inspired by the movement behaviors of marine predators when trapping
prey in the ocean. The predator search behavior and strategy are based
on Lévy random flight and Brownian motion. Random walking is an
arbitrary method to find the next position, which depends on the present
position and the probability of getting to the next location. This opti-
mization method has three main optimization stages due to the different
predator and prey speeds, which are subsequently described. In Step 1,
the prey is moving faster than the predator. In Step 2, the prey and
predator are moving at about the same speed. In Step 3, the predator is
moving faster than the prey. The main disadvantage of MPA in the
second step is the lack of a suitable mechanism to control the step size of
the predator. In the main MPA, the CF factor is used to control the size of
the moving steps. The CF factor decreases from one to zero, descending
at each step. Since in the second step the predator moves towards the
prey with a very small number of steps, applying the CF factor causes a
further reduction in the size of the moving step. This makes the MPA
spend more time exploring the local optimal. In this research, the NCF
factor is proposed to control the size of moving steps. After the studies,
we concluded that an equation should be proposed to accelerate the
moving steps’ size. The NCF factor helps IMPA to perform better than
MPA. To evaluate the efficiency and robustness of IMPA, five real-world
engineering problems under natural frequency constraints were opti-
mized. The results show that IMPA is superior and more effective than
other state-of-the-art metaheuristics.

2. Improved Marine Predators Algorithm (IMPA)
2.1. Marine Predators Algorithm (MPA)

The Marine Predators Algorithm (MPA), first proposed by Faramarzi
et al. [12], is motivated by the behavior of marine predators to hunt
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Fig. 1. 3D plot of CF and NCF.

Table 1
Definition of the optimization problem.

F(X) = Y AL

Objective
function

Design variables find X = {A, N}
where A = {A1, As, A3, ., An}
Nn}.

Constraints aX

and N = {Ni, N2, N3, .,

Sy
Cf <

CAT <A < AT

LN <N < NP

where i=1,2, .m; j=1,2, ..n
If there is no violation, F(X)

Penalized
Fx) = {otherwise, F(X) X Fpenanry

prey. Random movements can be modeled by two methods: Lévy flight
and Brownian motion. These two methods are from the class of random
walking methods. According to the theory of proper survival, predators
should use the best movement method to increase the probability of
hunting prey. In general, most animals use random walking techniques
to find food in the wild. In the random walking system, selecting a new
destination depends on the previous position and how to move to the
new position. This plan of action is developed over a while and naturally
selected by predators to keep them alive. One of the most popular
random walk classes is Lévy flight, which has been utilized by many
optimal search methods [43]. The class of these search plans relates to a
development that is characterized by features, such as numerous small
movements with longer movements, based on a specific probability
distribution. Some studies show that the Lévy flight model is the
preferred feeding mechanism followed by a considerable number of
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animals and sea creatures [43]. MPA selects a set of possible optimal
solutions as the first test between low and high bounds, a process that is
performed using Eq. (1):

Xo = Xumin + rand(Xmax — Xmin) (@)

where X, and X,y are the minimum and maximum bounds of the
search space, respectively; and rand is a uniform arbitrary vector rand e
[0,1].

The most suitable solution, which is considered the top predator, is
defined by the matrix in Eq. (2), where each array contains information
about the prey positions that are used in the search process:

1 1 1
X1,1 X1,2 o Xia
1 1 1
XZ.I Xz,z X
Elite = : : : 2
lex‘l Xrl,,z X;]Ld

where X is the vector of the best solution; n is the number of possible
solutions; and d is the number of variables. The predator’s positions will
be updated based on the prey matrix. The prey is defined using Eq. (3):

X1 Xz o0 Xia
X1 Xon 0 Xou

prey = Poor 3)
Xn.l Xn,Z ot Xn.d

where X;; is the jth dimension of the i solution. The MPA optimization
mechanism is highly dependent on Eq. (2) and Eq. (3).

According to the differences in velocity between the predator and
prey, the MPA process is divided into three main steps. In Step 1, the
prey moves faster than the predator; in Step 2, the predator and prey
move at the same velocities; and in Step 3, the predator moves faster
than the prey. For each step, a specific iteration period is fixed. These
stages are considered based on the laws governing the nature of the
movement of the predator and prey in nature.

Step 1: The speed of the prey is greater than that of the predator. This
step is implemented in the initial iterations of the optimization process.
Execution of this step depends on the current iteration (Iter) and the
maximum number of iterations (MaxlIter). Eq. (4) is utilized when the Iter
is less than one-third of MaxIter:

prey; = prey; + P.R @ (Rg @ (Elite; — Rp ® prey;)) (©)]

where P is a constant of value 0.5; R is an arbitrary value, R € [0,1]; and
Rpis an arbitrary vector based on the normal distribution that represents
Brownian motion. Multiplying Rp in the prey simulates its motion.
Step 2: The prey and the predator are moving at almost the same
velocity. This shows that each of them is looking for food. At this stage,
both exploration and exploitation are important. This section runs in the
middle part of the optimization process. The exploration and

O Additional masses
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Fig. 2. The 37-bar bridge truss structure with additional masses.
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Table 2

Comparative results of MPA, IMPA, and other methods for solving the 37-bar truss problem.
Design oC GA PSO HS FA CBO DPSO TLBO TLBO SBO SOS SBO PFJA This study
variables [23] [25] [26] [21] [21] [27] [38] [29] [29] [30] [32] [30] [40]

MPA IMPA

Ys, Yio 1.2086 1.1998 0.9637 0.8415 0.9392 0.9562 0.9482 0.9639 0.9830 0.9598 0.9598 0.9639 0.9724 1.0000 1.0052
Ys, Y17 1.5788 1.6553 1.3978 1.2409 1.3270 1.3236 1.3439 1.3551 1.3803 1.3289 1.3867 1.3551 1.3603 1.4255 1.3718
Y7, Yis 1.6719 1.9652 1.5929 1.4464 1.5063 1.5037 1.5043 1.5338 1.5645 1.5273 1.5698 1.5338 1.4976 1.5964 1.5624
Yy, Y13 1.7703 2.0737 1.8812 1.5334 1.6086 1.6318 1.6350 1.6367 1.6871 1.6727 1.6687 1.6367 1.6140 1.7039 1.6748
Y11 1.8502 2.3050 2.0856 1.5971 1.6679 1.6987 1.7182 1.7052 1.7590 1.7509 1.7203 1.7052 1.6929 1.7555 1.7463
Ay, Ayy 3.2508 2.8932 2.6797 3.2031 2.9838 2.7472 2.6208 2.9055 2.9913 2.9219 2.9038 2.9055 3.2214 3.9385 2.9154
Ag, Agg 1.2364 1.1201 1.1568 1.1107 1.1098 1.0132 1.0397 1.0012 1.0005 1.0007 1.0163 1.0012 1.0000 1.0383 1.0000
As, Aoy 1.0000 1.0000 2.3476 1.1871 1.0091 1.0052 1.0464 1.0001 1.0042 1.0005 1.0033 1.0001 1.0000 1.0072 1.0000
As A o5 2.5386 1.3655 1.7182 3.3281 2.5955 2.5054 2.7163 2.5598 2.5958 2.6633 3.1940 2.5598 2.6189 2.6114 2.5564
As, Azs 1.3714 1.5962 1.2751 1.4057 1.2610 1.1809 1.0252 1.2523 1.2139 1.2387 1.0109 1.2523 1.3890 1.3799 1.0373
Ag, Ay 1.3681 1.2642 1.4819 1.0883 1.1975 12603 1.5081 1.2141 1.1423 1.2030 1.5877 1.2141 1.5061 1.3722 1.2789
Az, Az 2.4290 1.8254 4.6850 2.1881 2.4264 2.7090 2.3750 2.3851 2.3170 2.4843 2.4104 2.3851 2.7945 2.5980 2.3844
Ag, Ao 1.6522 2.0009 1.1246 1.2223 1.3588 1.4023 1.4498 1.3881 1.5100 1.3706 1.3864 1.3881 1.5383 1.7561 1.4833
Ag, Arg 1.8257 1.9526 2.1214 1.7033 1.4771 1.4661 1.4499 1.5235 1.5172 1.4618 1.6276 1.5235 1.7091 1.0431 1.5233
Aio, Ao 2.3022 1.9705 3.8600 3.1885 2.5648 2.6107 2.5327 2.6065 2.2722 2.4432 2.3594 2.6065 2.6400 1.8654 2.5348
Aq1, Agy 1.3103 1.8294 2.9817 1.0100 1.1295 1.1764 1.2358 1.1378 1.2112 1.2758 1.0293 1.1378 1.1418 1.2786 1.2550
Az, Ais 1.4067 1.2358 1.2021 1.4074 1.3199 1.3767 1.3528 1.3078 1.2739 1.3491 1.3721 1.3078 1.3366 1.2021 1.2450
A3, Ass 2.1896 1.4049 1.2563 2.8499 2.9217 2.8609 2.9144 2.6205 2.4934 2.3831 2.0673 2.6205 2.5320 2.1639 2.3555
A1y 1.0000 1.0000 3.3276 1.0269 1.0004 1.0064 1.0085 1.0003 1.0000 1.0000 1.0000 1.0003 1.0000 1.0267 1.0000
Best (kg) 366.50 368.84 377.20 361.50 360.05 359.92 360.40 359.88 359.96 359.88 360.86 359.88 363.05 362.120 359.985
Worst - - - - - - - - - - - - - 369.586 360.213
Mean NA NA 381.20 362.04 360.37 360.44 362.21 360.80 360.83 360.23 364.85 360.80 363.93 365.170 360.107
SD NA 9.0325 4.26 0.52 0.26 0.35 1.68 0.63 0.49 0.47 2.9650 0.633 0.5529 2.1700 0.0593
NFEs NA NA 12,500 20,000 5000 6000 6000 12,000 12,000 12,000 4000 12,000 5600 6000 6000

exploitation process is carried out simultaneously so that half of the
population is used for exploration and the other half is utilized for
exploitation. At this stage, the predator is in charge of exploitation, and
the predator is in charge of exploration. Based on this theory, if the prey
is moving with Lévy motion, the best strategy for the predator is
Brownian motion. This process is performed using Eq. (5) when Iter is
greater than one-third of MaxIter and less than two-thirds of MaxIter:

prey; = prey; + P.R ® (R, ® (Elite; — R, @ prey;)) 5)

where RL is a vector of arbitrary numbers based on the Lévy distribution
expressing Levy motion. Prey movement by the Lévy method is obtained
by multiplying R; and prey. Adding step size to the prey position sim-
ulates prey movement. This accelerates the operation because the size of
the Lévy distribution stage is related to the small stages. This step is
defined for the second half of the population by using Eq. (6):

prey; = Elite; + P.CF ® (Rg ® (Rp @ Elite; — prey;)) 6)

The predator’s motion is simulated by the Brownian method of
multiplying Rp and Elite. Accordingly, the prey changes its location
based on the movement of the predators in Brownian motion. CF is a
parameter to control the size of the predator’s movement steps, which is
calculated as follows:

Iter

(2 x Mffl’lw)
cF - (1 - —) %
MaxlIter

Step 3: The last step of MPA is related to maximum usability. When
Iter is greater than two-thirds of MaxIter, the predator moves faster than
the prey. Low-velocity ratios (v = 0.1) are the best strategy for the Lévy
predator. This step is modeled using Eq. (8):

prey; = Elite; + P.CF @ (R, ® (R, ® Elite; — prey;)) ®

In Lévy’s method, the predator’s motion is obtained by multiplying
RL by Elite. By adding step size to Elite, predator movements are
modeled. The location of the prey is updated using this fitness. Envi-
ronmental issues, such as vortex formation, or the effects of Fish
Aggregating Devices (FADs) are other factors that change the behavior of
marine predators (Filmalter et al., 2011 [44]). As an example, sharks
spend more than 80% of their time looking for FADs and exploring

different areas to find an environment with new prey for the other 20%
of the time. FADs are local optimization operators whose job is to trap in
the search space. The longer the duration of these movements, the
higher the quality of optimization achieved. The process of FADs is
defined using Eq. (9):

if r<FADs

_ [ preyi + CFXuin + R ® (Xomax — Xmin)] ® U
preyi = { r > FADs ©®

prey; + [FADs(1 —r) + r|(prey.._prey,) if

where U is the binary vector (i.e. 0, 1). FADs = 0.2 is the probability of
FADs’ effect. It is controlled with an arbitrary vector in [0,1], where if
the array is less than 0.2, make it zero and 1 if it is bigger than (or equal
to) 0.2. r is the uniform arbitrary number in [0,1]. X;in and Xpqy are the
vectors with minimum and maximum bounds, respectively. In addition,
r; and ry subscripts present arbitrary indices of the prey matrix.

Regarding the tuning these parameters, it’s important to note that
our proposed new IMPA does not introduce any additional parameters
beyond the conventional MPA. Therefore, conducting extensive sensi-
tivity analyses, while valuable in many cases, might not be necessary in
our specific context. Additionally, the parameters shared with the classic
MPA, such as P, R, RL, and RB, remain consistent with values used in
previous research, enhancing the continuity of our approach.

2.2. Introducing a Novel CF (NCF)

The particle movement mechanism in MPA is based on a random
walking strategy, in which the new position is sensitive to the current
situation. Lévy and Brownian methods are employed for conducting
search operations in numerous small steps. Proper use of Lévy and
Brownian methods can provide better opportunities to search for
optimal answers. Prey has the option to move using either Lévy or
Brownian strategies. However, predators should avoid searching for
prey using the Lévy method. In general, both the predator and prey use
Lévy and Brownian with the same percentage during the search. How-
ever, the experience shows that for areas with low prey, the predator
should use the Levy motion. In regions that are abundant with prey,
predators are more effective when utilizing Brownian motion [43]. In
summary, the predator should employ Lévy motion at low speeds
regardless of the prey’s movement strategy, be it Lévy or Brownian.
When the prey moves at Lévy speeds, the predator adopts Brownian
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Table 3

Natural frequencies (Hz) of the 37-bar bridge truss structure.

This study

PFJA
[40]

SBO
[30]

SBO SOS

TLBO
[29]

DPSO TLBO

GA PSO HS[21] FA CBO
[26] [38]

oC
[23]

Natural frequency

IMPA

MPA

[32]

[30]

[29]

[27]

[21]

[25]

20.0001 20.0037 20.0024 20.0031 20.0194 20.0001 20.0001 20.0001 20.0366 20.0001 20.0027 20.0010 20.0010
40.0019 40.0007 20.0027

20.0013

20.0850

40.0490
60.0020

40.0020

60.0020

40.0000
60.0000

40.0305 40.0003 40.0050 40.0060 40.0113 40.0005 40.0005 40.0000
60.0033 60.0000

42.0743

f2

40.0016

60.0138

60.0066 60.0066

60.0082

60.0000 60.0001 60.0082 60.0043

62.9383

f3
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Fig. 3. The 52-bar space truss structure with additional masses: (a) top view;
(b) side view.

motion. However, at high speeds, the predator remains stationary.

The main weakness of MPA is its second step or the so-called middle
stage of the optimization process. This step occurs when exploration
ends, and the exploitation phase begins. They move in the Brownian
motion when the predator operation phase is activated. Due to the ex-
istence of many local optimizations, the new situation is sensitive to the
current one. According to the fact that many steps are used to move to a
new position, it is necessary to define a mechanism to control the size of
the moving steps. The original MPA algorithm uses the CF factor (Eq.
(7)) to fulfill this aim. The equation causes the predator to decrease
Brownian motion in descending order in each iteration.

Based on experience, the CF factor does not control the step size of
the MPA properly and spends more time in the area with local optimal.
Therefore, introducing a new equation for CF can enhance the algo-
rithm’s performance. This study introduces the Novel CF (NCF) factor to
control the size of predator movement steps. The CF factor is applied at
the stage when the predator moves with the Brownian method (Eq. (6))
to direct the predator to an area with more prey. Therefore, a new
equation that works in ascending order is needed to accelerate the
search mechanism in this area.

The ascending exponential factor NCF in each iteration controls the
size of the movement steps defined in Eq. (10). Fig. 1 presents a 3D plot
comparing the CF and NCF coefficients.
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Table 4
Comparative results of MPA, IMPA, and other methods for solving the 52-bar dome truss problem.
Design variables Bi-factor NGHA PSO HS FA CSS-BBBC DPSO TLBO MC-TLBO SOS SBO PFJA This study
[24] [25] [26] [21] [21] [31] [28] [29] [30] [32] [30] [40]
MPA IMPA
Zp 4.3201 5.8851 5.5344 4.7374 6.4332 5.3310 6.1123 6.0026 5.9531 5.7624 5.9644 60.0081 5.2232 5.2872
Xp 1.3153 1.7623 2.0885 1.5643 2.2208 2.1340 2.2343 2.2626 2.2908 2.3239 2.2834 2.5695 1.7915 2.3564
Zy 4.1740 4.4091 3.9283 3.7413 3.9202 3.7190 3.8321 3.7452 3.7037 3.7379 3.7240 3.7000 3.7001 3.7119
Xp 2.9169 3.4406 4.0255 3.4882 4.0296 3.9350 4.0316 3.9854 3.9660 3.9842 3.9738 4.1590 3.6571 3.9948
Zy 3.2676 3.1874 2.4575 2.6274 2.5200 2.5000 2.5036 2.5000 2.5001 2.5121 2.5000 2.5162 2.5263 2.5000
Ay —Ay 1.00 1.0000 0.3696 1.0085 1.0050 1.0000 1.0001 1.0000 1.0002 1.0988 1.0000 1.0000 1.0144 1.0000
As - Ag 1.33 2.1417 4.1912 1.4999 1.3823 1.3056 1.1397 1.1210 1.0962 1.0031 1.0933 1.6649 1.5378 1.0002
Ag— A 1.58 1.4858 1.5123 1.3948 1.2295 1.4230 1.2263 1.2113 1.2252 1.1956 1.1893 1.0739 1.2636 1.2728
A7 - Ay 1.00 1.4018 1.5620 1.3462 1.2662 1.3851 1.3335 1.4486 1.4555 1.4563 1.4493 1.3957 1.6659 1.5005
Az —Asg 1.71 1.9110 1.9154 1.6776 1.4478 1.4226 1.4161 1.4156 1.4172 1.3773 1.3883 1.3142 1.2698 1.3597
Agg —Asg 1.54 1.0109 1.1315 1.3704 1.0000 1.0000 1.0001 1.0000 1.0003 1.0055 1.0000 1.0000 1.0065 1.0000
Asy —Aus 2.65 1.4693 1.8233 1.4137 1.5728 1.5562 1.5750 1.5434 1.6204 1.7397 1.6055 1.3773 1.6682 1.5910
Aus —Asy 2.87 2.1411 1.0904 1.9378 1.4153 1.4485 1.4357 1.4034 1.3296 1.3084 1.3823 1.6690 1.5930 1.4446
Best (kg) 298.00 236.04 228.38 214.94 197.53 197.30 195.35 193.18 193.18 195.49 193.15 196.37 199.44 194.83
Worst - - - - - - - - - - - - 234.91 194.83
Mean NA NA 234.30 205.61 212.80 NA 198.71 200.30 197.87 214.66 195.94 198.44 209.80 194.83
SD NA 37.462 5.22 12.44 17.98 NA 13.85 15.48 5.79 14.14 3.794 2.281 7.708 0.0015
NFEs NA NA 11,270 20,000 10,000 4000 6000 15,000 15,000 4000 15,000 5800 4000 4000
Table 5
Natural frequencies (Hz) of the 52-bar dome truss structure.
Natural frequency Bi-factor NGHA PSO HS FA CSS-BBBC DPSO TLBO MC-TLBO SOS SBO PFJA This study
[24] [25] 26]  [211  [21]  [31] (28] [20]  [30] [32]  [30]  [40] MPA  IMPA
f1 15.22 12.81 12.75 12.22 11.31 12.98 11.31 11.46 11.59 12.71 11.61 14.1897 15.916 16.000
fy 29.28 28.65 28.64 28.65 28.65 28.64 28.64 28.64 28.64 28.65 28.64 14.1897 28.648 28.648

Additional

masses

a=1.524m

Fig. 4. The 72-bar space truss structure with additional masses.

0.1

NCF=1- —F——
1 + €Xp (3 X Mz’:fl?er)

(10)

where Iter and Maxlter are the present iteration and the maximum
number of iterations, respectively.

3. Definition of the optimization problem

In a typical optimization problem, an objective function, which is
expressed in terms of single or multiple design variables, is a criterion for
distinguishing the best answers from the pool of all possible answers. In
other words, the optimal design is obtained by minimizing the objective

function. While the main goal is to reduce costs, various other factors are
important, and the relationships among these factors are highly com-
plex. Considering a logical assumption, it can be inferred that reducing
the weight of the structure also reduces the construction cost. Following
this assumption, we selected the total weight of the structure, excluding
lumped masses, as the objective function. Design variables include the
nodal coordinates and cross-sectional areas of structural members. The
mathematical definition of this problem is presented in Table 1.

In this table, A;, p;, and L; are the cross-sectional area, density, and
length of the i™ bar, respectively. N; represents the nodal coordinates (in
the directions x;, y;, and 2) of the j™ node; and f, and f, are the ¢ and r
natural frequencies, respectively. Superscripts max and min denote the
upper and lower allowable limits, respectively. A penalty condition is
defined as follows: if there is no violation, the objective function will not
be penalized; otherwise, it will be penalized using a penalty function
defined as:

FPenallv:(1+61 Xw)észzz(Wq+Wr)’ (11)
‘fq 7f;1i" V _fmnx

y,=[1-——landy, = |1 -1 12

v T -

where parameters ¢; and ¢ are constraint integers determined based on
experience. A positive value greater than one is deemed appropriate for
these parameters. Given the challenging nature of dynamic parameters,
a high value for these penalty parameters appears necessary. Thus, we
opted for a relatively high value (three) for these parameters according
to Ref. [32] and [37]. It is important to note that while determining the
precise value for these parameters could enhance the final results, our
objective is to demonstrate that the core algorithm can yield satisfactory
outcomes even without precisely determined penalty functions.

4. Structural design problems and discussions

A series of numerical examples concerning the optimization of truss
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Table 6

Comparative results of MPA, IMPA, and other methods for solving the 72-bar space truss problem.
Design variables CSS-BBBC CBO TLBO TLBO FA PSO SOS SBO PFJA This study

[31] [27] [29] [29] [21] [28] [32] [30] [40]
MPA IMPA

A — Ay (cm?) 2.854 3.3699 3.5491 3.4188 3.3411 2.9870 3.6957 3.4917 3.4933 2.28786 3.39204
As — A5 (cm?) 8.301 7.3428 7.9676 7.9263 7.7587 7.8490 7.1779 7.9414 7.8400 6.41279 7.73949
A3 - Agg (cm?) 0.645 0.6468 0.6450 0.6450 0.6450 0.6450 0.6450 0.6450 0.6450 0.67155 0.65316
A7 —Ag (cmz) 0.645 0.6457 0.6450 0.6450 0.6450 0.6450 0.6569 0.6450 0.6450 0.66864 0.65134
Ao - Ay, (cm?) 8.202 8.0056 8.1532 8.0143 9.0202 8.7650 7.7017 8.1154 7.9850 13.0587 8.17427
Asz — Agp (ecm?) 7.043 8.0185 7.9667 7.9603 8.2567 8.1530 7.9509 8.0533 7.9650 8.64072 7.89357
Az — Az (cmz) 0.645 0.6458 0.6450 0.6450 0.6450 0.6450 0.6450 0.6450 0.6450 0.67751 0.64500
Ass — Az (cm?) 0.645 0.6457 0.6450 0.6450 0.6450 0.6450 0.6450 0.6450 0.6450 1.92572 0.69367
Aszy — Ago (cm?) 16.328 12.4585 12.9272 12.7903 12.045 13.450 12.3994 12.856 12.613 13.2702 12.8848
Aq1 — Agg (cm?) 8.299 8.1211 8.1226 8.1013 8.0401 8.0730 8.6121 8.0425 8.003 7.99027 8.14269
A4 — Asa (cmz) 0.645 0.6460 0.6452 0.6450 0.6450 0.6450 0.6450 0.6451 0.6450 0.69785 0.83189
As3 — Asy (cm?) 0.645 0.6459 0.6450 0.6473 0.6450 0.6450 0.6450 0.6450 0.6450 0.64560 0.66934
Ass — Asg (cm?) 15.048 17.3636 17.0524 17.4615 17.380 16.684 17.4827 17.213 17.051 15.3344 16.7582
Aso — Age (cmz) 8.268 8.3371 8.0618 8.1304 8.0561 8.0561 8.1502 8.0804 8.054 9.29262 7.98835
Ag7 — Azo (cm?) 0.645 0.6460 0.6450 0.6450 0.6450 0.6450 0.6740 0.6450 0.6450 0.65623 0.64992
Az1 - Az (em?) 0.645 0.6476 0.6450 0.6451 0.6450 0.6450 0.6550 0.6450 0.6450 0.67111 0.64500
Best (kg) 327.507 324.755 327.568 327.575 327.691 328.81 325.558 327.552 324.9563 336.888 325.195
Worst - - - - - - - - - 430.548 327.210
Mean NA 330.415 328.684 327.693 329.890 332.24 331.122 327.6797 325.297 379.995 325.923
SD NA 7.7063 0.73 0.1250 2.59 4.23 4.227 0.0675 0.36 27.618 0.583
NFEs 4000 6000 15,000 15,000 10,000 42,840 4000 15,000 5360 6000 6000

Table 7

Natural frequencies (Hz) of the 72-bar space truss problem.
Natural frequency CSS-BBBC CBO TLBO TLBO FA PSO SOS SBO PFJA This study

[31] [27] [29] [29] [21] [28] [32] [30] [40] MPA NPA

f; 4.000 4.000 4.000 4.000 4.000 3.9999 4.0023 4.0000 4.0000 4.0000 4.0001
fy 6.004 6.000 6.000 6.000 6.000 3.9999 4.0020 4.0000 4.0000 4.0000 4.0001

structures was selected to investigate the capability of the suggested
algorithms. More specifically, five truss structures were considered for
testing the suggested algorithm, including 37-bar, 52-bar, 72-bar, 120-
bar, and 200-bar trusses. To test the relative performance of the sug-
gested algorithm, its solutions were compared with those obtained using
conventional methods from the literature. Moreover, to analyze the re-
sults in more detail, standard deviation (SD) and number of function
evaluations (NFE) were used as parameters to test the stability of the
results and computational cost of calculations, respectively. Each
problem was executed 20 times for accurate evaluation.

4.1. 37-bar bridge truss structure

The first numerical example is a 37-bar truss, which is illustrated in
Fig. 2. The design variables include 14 cross-sectional and 5 nodal
variables. Thus, size and shape optimization are considered simulta-
neously for this truss. The lower and upper allowable cross-sectional
areas are 1 and 10 cm?, respectively, while the lower and upper allow-
able node variables are 0.1 and 3 m, respectively. The coefficient of
elasticity is 2.1e11 N/m?, and the mass density is 7800 Kg/m>. Also, the
constraints on natural frequencies f;, f2, and f3 are as follows: f; > 20,
f2 > 40, and f;3 > 60 Hz. The lumped mass that is neglected in the
calculation of the objective function is m = 10 kg, which is applied to the
lower nodes of the bridge. The lower chord is modeled with a rectan-
gular cross-section with 4e-3 m?.

In this problem, MPA and IMPA were examined by setting population
size, maximum iterations, and NFEs to 30, 200, and 6000, respectively.
The obtained solutions (i.e. design variables of best solutions, values of
best, worst, mean, SD of mass, and NFEs) for 20 different runs are pre-
sented in Table 2. The first three natural frequencies of the best solution
obtained for each of the metaheuristics are presented in Table 3. The
best mass reported by OC, GA, PSO, HS, FA, CBO, DPSO, TLBO, MC-
TLBO, SBO, SOS, MPA, SBO, PFJA, and IMPA is 366.50, 368.84,

377.20, 361.50, 360.05, 359.92, 360.40, 359.88, 359.96, 359.88,
360.865, 359.88, 363.05, 362.343, and 359.631 kg, respectively. It is
observed that IMPA obtains better best mass for the 37-bar truss
compared to MPA and other considered algorithms from the literature
with no constraint violation. The SBO obtained a better weight with a
slight improvement, but, IMPA is ten percent better than the SBO
method for the SD value. The mean weight for MPA and IMPA are
365.170 and 360.107 kg, respectively. Moreover, IMPA reported the
best mean weight among the other metaheuristics except for FA, CBO,
TLBO, MC-TLBO, and SBO. However, it should be noted that NFEs used
in MPA and IMPA are fairly small compared to these methods. The result
table also presents that the SD of weight improves from 2.1700 to 0.0593
for MPA. The statistical experiment shows that IMPA is better than other
algorithms.

4.2. 52-bar space truss structure

The 52-bar truss is considered an optimization problem to examine
the relative performance of IMPA, as shown in Fig. 3. The design vari-
ables of this problem include 8 cross-sectional and 5 nodal variables. The
minimum and maximum allowable cross-sectional areas are 0.0001 and
0.001 m?, respectively. The allowable displacement of each node is
+ 2 m along the vertical axis. The coefficient of elasticity is E = 2.1 x
101 (N/m?), and the mass density is p = 7800 (kg/m?). Also, the con-
straints on natural frequencies f; and f, are as follows: f; < 15.916 Hz
and f, > 28.649 Hz. The lumped mass that is neglected in the calcula-
tion of the objective function is m = 50 kg; this load is applied to the
truss at all free nodes of the dome. As can be seen in Fig. 3b, the truss
structure is symmetric about the vertical axis.

In this problem, we evaluated MPA and IMPA using a population size
of 20, maximum iterations of 200, and a total of 4000 function evalu-
ations (NFEs). The obtained solutions for 20 different runs are presented
in Table 4. The first two natural frequencies of the best solution obtained
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Fig. 5. The 120-bar dome structure with additional masses.

by the metaheuristics are tabulated in Table 5. The solutions indicate
that the Bi-factor Algorithm, NGHA, PSO, HS, FA, CSS-BBBC, DPSO,
TLBO, MC-TLBO, SOS, SBO, PFJA, MPA, and IMPA give trusses with
optimum masses of 298.00, 236.04, 228.38, 214.94, 197.53, 197.30,
195.35, 195.49, 193.15, 196.37, 199.44, and 194.83 kg, respectively.
Therefore, IMPA reduces mass by103.17, 41.21, 33.55, 20.11, 2.7, 2.47,
0.52, 0.66, and 4.61 kg compared to those obtained by Bi-factor Algo-
rithm, NGHA, PSO, HS, FA, CSS-BBBC, DPSO, TLBO, MC-TLBO, SOS,
and MPA, respectively. Additionally, IMPA finds better mass compared
to MPA and other considered algorithms without any constraint

violation. The best weight of SBO is 193.15 kg, which is better than
IMPA. However, the SD for SBO is 3.794 and 0.0015 for IMPA. The mean
mass obtained by PSO, HS, FA, DPSO, TLBO, MC-TLBO, SOS, MPA, and
IMPA is 234.3, 205.61, 212.8, 198.71, 200.3, 197.87, 214.66, 209.80,
and 194.83 kg, respectively. Therefore, IMPA reduces mean mass
by39.47, 10.78, 17.97, 3.88, 5.47, 3.57, 19.83, 3.61, and 14.97 in
comparison to those obtained from NGHA, HS, FA, DPSO, TLBO, SOS,
PFJA, and MPA, respectively. The solutions specify that IMPA found the
best mean mass weight among the other metaheuristics. Moreover, it
should be noticed that NFEs used in MPA and IMPA are small in
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Table 8

Comparative results of MPA, IMPA, and other methods for solving the 120-bar dome truss problem.
Design variables PSO DPSO CSS CSS-BBBC CBO SOS SOS-ABF1 This study

[28] [28] [31] [31] [42] [32] [32]
MPA IMPA

G; (cm?) 23.494 19.607 21.710 17.478 19.691 19.520 19.544 19.5875 19.5049
Gy (cm?) 32.976 41.290 40.862 49.076 41.142 40.848 40.948 39.9528 40.3990
Gs (cm?) 11.492 11.136 9.048 12.365 11.155 10.322 10.448 10.6026 10.6130
Gy (sz) 24.839 21.025 19.673 21.979 21.320 20.927 21.046 21.0688 21.1096
Gs (cm?) 9.964 10.060 8.336 11.190 9.833 9.655 9.504 9.94197 9.82206
Gg (cm?) 12.039 12.758 16.120 12.590 12.852 12.112 11.936 11.7284 11.7590
Gy (sz) 14.249 15.414 18.976 13.585 15.160 15.0313 14.942 14.9355 14.8481
Best (kg) 9171.93 8890.48 9204.51 9046.34 8889.13 8713.30 8712.11 8707.904 8707.252
Worst - - - - - - - 8725.562 8707.320
Mean 9251.84 8895.99 8891.25 8735.34 8727.42 8711.233 8707.278
SD 89.38 4.26 - - 1.79 17.90 16.55 4.2348 0.0210
NFEs 6000 6000 4000 4000 6000 4000 4000 6000 6000

Table 9

Natural frequencies (Hz) of the 72-bar dome truss problem.
Natural frequency PSO DPSO CSS CSS-BBBC CBO SOS SOS-ABF1 This study

28 28 31 31 42 32 32
[28] [28] [31] [31] [42] [32] [32] MPA IMPA

f; 9.000 9.000 9.002 9.000 9.000 9.000 9.001 9.000 9.000
f> 11.000 11.000 11.002 11.007 11.000 11.000 11.000 11.000 11.000
f3 11.005 11.005 11.006 11.018 11.000 11.000 11.000 11.000 11.000
fs 11.013 11.012 11.015 11.026 11.009 11.004 11.001 11.000 11.000
fs 11.042 11.047 11.045 11.048 11.049 11.071 11.067 11.000 11.000

comparison to PSO, HS, FA, DPSO, TLBO, SBO, PFJA, and MC-TLBO.
Also, Table 4 shows that the SD of weight improved from 7.708 to
0.0015 for MPA.

4.3. 72-bar Space truss structure

A 72-bar truss was considered as the third problem, which is illus-
trated in Fig. 4. The design variables are cross-sectional areas that are
divided into 16 sets. The minimum and maximum allowable cross-
sectional areas are 0.645 and 30 cm?, respectively. The coefficient of
elasticity is E = 6.98 x 10'!(N/m?2), and the mass density is p =
2770 (kg/m?). Also, the constraints on natural frequencies f; and f are
as follows: f; > 4 Hz and f5 > 6 Hz. A lumped mass m = 2770 kg, which
is neglected in the calculation of the objective function, is added to the
truss at nodes 1-4.

For MPA and IMPA in this problem, we set the population size to 30,
the maximum number of iterations to 200, and NFEs to 6000. The ob-
tained solutions are presented in Table 6. The first two natural fre-
quencies of the best results obtained for each metaheuristic are
presented in Table 7. The best mass reported by CSS-BBBC, CBO, TLBO,
MC-TLBO, FA, PSO, SOS, SBO, PFJA, MPA, and IMPA is 327.507,
327.568, 327.575, 327.691, 328.81, 325.558, 327.552, 324.9563,
336.88, and 325.195 kg, respectively. IMPA reduces weight by 2.312,
2.38, 2.496, 3.615, 0.363, 11.685, and 3.767 kg compared to CSS-BBBC,
CBO, TLBO, MC-TLBO, FA, PSO, SOS, and MPA, respectively. It was
observed that IMPA obtained the best result for the 72-bar truss
compared to MPA and other considered algorithms from the literature
with no constraint violation. The mean weight obtained for CBO, TLBO,
MC-TLBO, FA, PSO, SOS, SBO, PFJA, MPA, and IMPA is 330.4154,
328.684, 327.693, 329.890, 332.24, 331.122, 327.6797, 325.297,
379.995, and 325.923 kg, respectively. The mean weight saving for
IMPA is 4.4924, 2.761, 1.77, 3.967, 6.317, 5.199, 1.7567, and 54.072
compared to CBO, TLBO, MC-TLBO, FA, PSO, SOS, SBO, and MPA,
respectively. Moreover, it should be noticed that NFEs used in MPA and
IMPA are small in comparison to TLBO, MC-TLBO, FA, and PSO. Also,
the results indicate that the SD of weight improved from 14.342 to
0.8280 for MPA.

4.4. 120-bar dome structure

A 120-bar truss, depicted in Fig. 5, was considered as another opti-
mization problem to test the performance of IMPA. The truss bars are
grouped based on z-axis symmetry. Thus, the design variables of this
problem include 7 cross-sectional variables. The minimum and
maximum allowable cross-sectional areas are 0.0001 and 0.01293 m?,
respectively. The coefficient of elasticity is E = 2.1 x 10!} (N/m?), and
the mass density is p = 7971.81 (kg m>). Also, the constraints on natural
frequencies f; and f are f; < 9Hz and f, > 11Hz. The lumped masses,
which are neglected in the calculation of the objective function, are
3000 kg at node-1, 500 kg at node-2 to node-13, and 100 kg at the rest of
the free nodes.

Similar to the previous problem, 30, 200, and 6000 were considered
for the population size, maximum iterations, and NFE for MPA and
IMPA, respectively. Table 8 presents the final optimum results. The first
five natural frequencies of the best solution observed for each of the
metaheuristics are presented in Table 9. The best mass reported by PSO,
DPSO, CSS, CSS-BBBC, CBO, SOS, SOS-ABF1, MPA, and IMPA are
9171.93, 8890.48, 9204.51, 9046.34, 8889.13, 8713.30, 8712.11,
8707.904, and 8707.252 kg, respectively. Therefore, IMPA reduces
mean mass by464.678, 183.228, 497.258, 339.088, 181.878, 60.048,
and 4.858 kg in comparison to those obtained from PSO, DPSO, CSS,
CSS-BBBC, CBO, SOS, and SOS-ABF1, respectively. It is noted that IMPA
gets the best mass in comparison to MPA and other considered algo-
rithms from the literature with no constraint violation. The mean weight
obtained for PSO, DPSO, CBO, SOS, SOS-ABF1, MPA, and IMPA is
9251.84, 8895.99, 8891.25, 8735.34, 8727.42, 8711.233, and
8707.278 kg, respectively. The mean mass saving for IMPA is 544.562,
188.712,183.972, 28.062, 20.142, 3.955, and 25.729 compared to PSO,
DPSO, CBO, SOS, SOS-ABF1, and MPA, respectively. The results indicate
that IMPA reported the best mean mass among the considered algo-
rithms. Also, Table 8 reveals that the SD of weight improved from
4.2348 to 0.0210 for MPA.

4.5. The 200-bar planar truss structure

This problem was presented in this study to examine the capabilities



V. Goodarzimehr et al.

Engineering Structures 300 (2024) 117174
| L1 | L1

102

119

140

157

178 179 180

182 183
< 191 192
195 196 197 198 199 200
9
L, = 6.0960m
 L,=3.6576m

/

[\ L;=29.1440m [\
o Additional masses

Fig. 6. The 200-bar planar truss structure with additional masses

10



V. Goodarzimehr et al.

Table 10

Element grouping for the 200-bar truss structure.

Group  Element’s number Group  Element’s number
G1 A1, Az, Az,A 4 Gie As2, Ag3, Ags, Age, Ags,Ago, Aot,
Aog2, A103, A104, A106, A107, A109
Ai10, A112, A113

G As, Ag, A11, A14,A 17 Gi7 Ai1s, A116, A117, A11s

G3 A19) AZO: A21! A22’ A23)A 24 Gls A119) A122: AlZSJ A128) Al3l

Gy Aig, Azs, Ase, A6z, Ao, Ar01,  Gig Ai33, A134, A13s, A136, A137, A13s
Ai132, A139, A170, A177

Gs Age, A29, A3z, Azs, Asg Gao A140, A143, A146, A149, A1s2

Ge A, A7, Ag,A10, A12, A13, A1s,  Goi A120, A121, A123, A124, A126,
A6, Aoz, Ao, Aso, As1, Az, A127, A120,A130, A141, A142,
Azs, AseA 37 A4, Aras, A1a7, Arag, Arso, Arst

Gy Aszo, Ago, Aa1, Agz G2 Ais3, A1ss, Aiss, Atse

Gg As3, Ase, Aso, As2, Ass Go3 Ais7, A160, At63, At66, A169

Go Asy, Ass, Aso, Aco,A61, As2 Gog A171, A172, A173, A174, A175, A176

Gio Ae4, Ae7, Az0, A73, Aze Gos Ai7s, A1s1, A1s4, A1g7, A19o

G11 Asa, Ass, Az, Asg, Aso, As1,  Goe Aiss, A1s9, A161,A162, A164, At6s,
As3, Ass, Ass, Ace, Acs, Ago, Ai67, A16s, A179, A1go, A1s2,
Az1, A7z, Aza, Azs Aigs, A1gs, A1se, A1gs, A1so

G2 Az7,A78, A79, Ago Gay Ai91, A192, A193, A194

Gi3 Ag1, Ags, Ag7, Ago, Ao Gog Ai9s, A197, A10g, A200

Gia Aogs,Ag6, Ag7, Ags, Agg, A100 Gog A196, A199

Gis A102, A10s, A108, A111, A114

of IMPA deals with a 200-bar truss, which is depicted in Fig. 6. The
design variables are cross-sectional areas classified into 29 sets, as listed
in Table 10, where the minimum and maximum allowable cross-
sectional areas are 0.1 and 30 cm?, respectively. The coefficient of
elasticity is E = 2.1 x 10 (N/m?), and the mass density isp =
7860 (kg/m3). The constraints on natural frequencies f1, fo, and fs are as
follows: f; > 5, f2 > 10, andfs > 15 Hz. The lumped mass m = 100 kg,
which is neglected in the calculation of the objective function, is added
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to the top of the truss at nodes 1-5.

In this problem, MPA and IMPA were assessed with a population size
of 50, maximum iterations of 200, and a total of 6000 function evalu-
ations (NFE). The final results and the first three natural frequencies of
the best solution obtained for each of the algorithms are presented in
Tables 10 and 11, respectively. The best mass reported by OM-GSA,
CBO, 2D-CBO, TLBO, MC-TLBO, CSS, PSO, SOS, SBO, PFJA, MPA, and
IMPA is 2158.64, 2203.21, 2189.08, 2156.54, 2156.63, 2259.86,
3987.61, 2180.32, 2156.507, 2171.348, 2477.679, and 2168.697 kg,
respectively. The weight saving for IMPA is 34.513, 20.383, 91.163,
1818.913, 11.623, and 308.982 kg compared to those obtained from
CBO, 2D-CBO, CSS, PSO, SOS, and MPA, respectively. Moreover, it
should be noticed that NFEs used in MPA and IMPA are small compared
to those in OM-GSA, TLBO, MC-TLBO, and PSO. It is observed that IMPA
obtained the best weight for the 200-bar truss compared to MPA and the
other considered algorithms, except for SBO from the literature with no
constraint violation. The mean weight obtained for OM-GSA, CBO, 2D-
CBO, TLBO, MC-TLBO, PSO, SOS, MPA, and IMPA is 2189.58,
2481.49, 2308.44, 2157.54, 2157.44, 5027.78, 2303.30, 2727.117, and
2186.651 kg, respectively. The mean weight saving for IMPA is 2.929,
294.83, 121.789, 2841.129, 116.649, and 540.466 kg from OM-GSA,
CBO, 2D-CBO, PSO, SOS, and MPA, respectively. Also, the results
show that the SD of weight improved from 151.3996 to 9.9798 for MPA.

4.6. The 600-bar dome truss structure

The last example is a 600-bar dome truss structure, a large-scale
problem with many design variables, which was considered for a more
accurate evaluation of the proposed method. A 600-bar dome containing
216 nodes along with the side, top, and three-dimensional views are
shown in Fig. 7. As the problem dimension increases, metaheuristic

Table 11
Comparative results of MPA, IMPA, and other methods for solving the 200-bar planar truss structure problem.
Design variables OM-GSA CBO 2D-CBO TLBO MC-TLBO[29] CSs PSO SOS SBO PFJA This study
[33] [34] [34] [29] [35] [28] [32] [30] [40]
MPA IMPA

Gy (sz) 0.289 0.3268 0.4460 0.3030 0.3067 1.2439 2.4662 0.4781 0.3040 0.30785 1.114500 0.343205
G, (em?) 0.486 0.4502 0.4556 0.4479 0.4450 1.1438 0.1000 0.4481 0.4478 0.47168 0.478037 0.423233
Gs (em?) 0.100 0.1000 0.1519 0.1001 0.1000 0.3769 0.1000 0.1049 0.1000 0.10020 0.214455 0.138624
Gy (cm?) 0.100 0.1000 0.1000 0.1000 0.1001 0.1494 0.1000 0.1045 0.1000 0.1001 0.645791 0.100421
Gs (em?) 0.499 0.7125 0.4723 0.5124 0.5077 0.4835 0.1000 0.4875 0.5075 0.54175 1.572380 0.490236
Gg (em?) 0.804 0.8029 0.7543 0.8205 0.8241 0.8103 2.8260 0.9353 0.8219 0.8184 0.799495 0.833291
Gy (em?) 0.103 0.1028 0.1024 0.1000 0.1001 0.4364 0.1000 0.1200 0.1003 0.10096 0.653146 0.111904
Gg (sz) 1.377 1.4877 1.4924 1.4499 1.4367 1.4554 4.6937 1.3236 1.4240 1.42367 2.853830 1.420440
Gy (ecm?) 0.100 0.1000 0.1000 0.1001 0.1000 1.0103 0.1000 0.1015 0.1001 0.10006 0.100390 0.196390
G1o (cm?) 1.554 1.0998 1.6060 1.5955 1.5787 2.1382 1.7291 1.4827 1.5929 1.63199 3.803280 1.640750
Gi1 (cm?) 1.151 0.8766 1.2098 1.1556 1.1587 0.8583 1.8842 1.1384 1.1597 1.1373 1.636620 1.162110
Gi2 (em?) 0.131 0.1229 0.1061 0.1242 0.1000 1.2718 0.1000 0.1020 0.1275 0.10000 0.364709 0.104955
Gi3 (cm?) 3.028 2.9058 3.0909 2.9753 2.9573 3.0807 3.7185 2.9943 2.9765 2.97378 2.827210 2.994990
Gig (ecm?) 0.101 0.1000 0.7916 0.1000 0.1000 0.2677 0.1000 0.1562 0.1001 0.10072 0.136978 0.316970
Gis (em?) 3.261 3.9952 3.6095 3.2553 3.2569 4.2403 2.3450 3.4330 3.2456 3.32736 3.205720 3.178240
G16 (cm?) 1.612 1.7175 1.4999 1.5762 1.5733 2.0098 0.9164 1.6816 1.5818 1.5558 1.816720 1.657390
Gy7 (ecm?) 0.209 0.1000 0.1000 0.2680 0.2675 1.5956 0.1000 0.1026 0.2566 0.23602 0.146750 0.153994
Gisg (cmz) 5.020 5.9423 5.2951 5.0692 5.0867 6.2338 7.1603 5.0739 5.1118 5.20167 5.861840 5.041280
Gio (cm?) 0.133 0.1102 0.1000 0.1000 0.1004 2.5793 30.000 0.1068 0.1001 0.10000 0.128989 0.207828
Gao (ecm?) 5.453 5.8959 4.5288 5.4281 5.4551 3.0520 6.1670 6.0176 5.4337 5.47313 5.494230 5.594130
Goy (cmz) 2.113 2.1858 2.2178 2.0942 2.0998 1.8121 3.1906 2.0340 2.1016 2.0909 2.003670 2.093110
Gy (cm?) 0.723 0.5249 0.7571 0.6985 0.7156 1.2986 0.2150 0.6595 0.6794 0.6673 1.101140 0.554408
Gas (ecm?) 7.724 7.2676 7.7999 7.6663 7.6425 5.8810 18.1871 6.9003 7.6581 7.53409 6.177600 7.513240
Gog (cmz) 0.182 0.1278 0.3506 0.1008 0.1049 0.2324 0.1000 0.2020 0.1006 0.10489 1.798110 0.111828
Gas (cm?) 7.971 7.8865 7.8943 7.9899 7.9352 7.7536 30.000 6.8356 7.9468 7.87075 12.35750 7.904840
Gas (cm?) 2.996 2.8407 2.8097 2.8084 2.8262 2.6871 2.0233 2.6644 2.7835 2.81229 3.690740 2.804210
Ga7 (cm?) 10.206 11.7849 10.4220 10.4661 10.4388 12.5094 16.061 12.1430 10.5277 10.7021 12.77270 10.51230
Gog (cmz) 20.699 22.7014 21.2576 21.2466 21.2125 29.5704 30.000 22.2484 21.3027 21.75078 21.51770 21.50730
Gag (cm?) 11.555 7.8840 11.9061 10.7340 10.8347 8.2910 30.000 8.9378 10.6207 10.44841 9.503500 10.44370
Best (kg) 2158.64 2203.21 2189.08 2156.54 2156.63 2259.86 3987.61 2180.32 2156.507 2171.348 2477.679 2168.697
Worst - - - - - - - - - - 3135.860 2209.204
Mean 2189.58 2481.49 2308.44 2157.54 2157.44 NA 5027.78 2303.30 2156.787 2171.573 2727.117 2186.651
SD 1.586 250.825 132.514 1.545 0.528 NA 708.95 83.589 0.211 0.2113 151.3996 9.9798
NFEs 15,000 10,000 10,000 23,000 23,000 10,000 20,000 10,000 23,000 10,546 10,000 10,000
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Table 12
Comparative results of MPA and IMPA and other methods for solving the 200-bar planar truss structure problem.
No. frequency OM-GSA CBO 2D-CBO TLBO MC-TLBO[29] CSSs PSO SOS SBO PFJA This study
33 34 34 29 35 28 32 30 40
[33] [34] [34] [29] [35] [28] [32] [30] [40] MPA IMPA
f; NA 5.0010 5.0016 5.0000 5.0000 5.0000 5.0650 5.0001 5.0000 5.0000 5.0000 5.0000
f> NA 12.5247 13.3868 12.2171 12.2306 15.9610 13.1800 13.4306 12.2141 5.0000 16.5950 12.5880
f3 NA 15.1845 15.1981 15.0380 15.0259 16.4070 16.0970 15.2645 15.0191 12.3074 16.9440 15.0440
a) Table 14
Comparative results of MPA and IMPA and other methods for the 600-bar dome
\ (Case 1).
No. frequency JA[5] This study
) \ MPA IMPA
\ f; 5.0041 5.0052 5.0002
\ Y £ 5.0041 5.0052 5.0002
\ / f3 7.0006 7.0031 7.0001
fy 7.0006 7.0031 7.0001
fs 7.0015 7.0045 7.0010
b)
Table 15
Comparative results of MPA, IMPA, and other methods for the 600-bar dome
(Case 2).
Design variables [36] JA[5] This study
ECBO COP MPA IMPA
G; (cm?) 1.0299 1.0299 1.75176 1.018365 1.629701
Gy (cm?) 1.3664 1.3664 1.18111 1.351096 1.166237
G3 (em?) 5.1095 5.1095 4.88782 5.052274 4.626269
G4 (cm?) 1.3011 1.3011 1.51622 1.286528 1.497127
Gs (cm?) 17.0572 17.0572 18.16588 16.86616 17.93712
Ge (cm?) 34.0764 34.0764 36.07637 33.69474 35.62207
Gy (cm?) 13.0985 13.0985 12.65709 12.95180 12.49770
Gg (cm?) 15.5882 15.5882 14.61127 15.41361 14.42727
Go (cm?) 12.6889 12.6889 11.31977 12.54678 11.17722
Gio (em?) 10.3314 10.3314 8.45802 10.21569 8.351511
Gy1 (cm?) 8.5313 8.5313 8.42854 8.435749 8.322402
Gia (cm?) 9.8308 9.8308 9.73211 9.720695 9.609557
Gi3 (em?) 7.0101 7.010 7.29467 6.931587 7.202811
Gi4 (cm?) 5.2917 5.2917 6.19220 5.232433 6.114224
Gis (cm?) 6.2750 6.2750 6.43952 6.20472 6.358429
Gie (cmZ) 5.4305 5.4305 5.47595 5.369678 5.406993
Gy7 (cm?) 3.6414 3.6414 3.26953 3.600616 3.228358
Gig (cm?) 7.2827 7.2827 8.37244 7.201134 8.267009
Gig (cmz) 4.4912 4.4912 4.49865 4.440899 4.442000
Goo (em?) 1.9275 1.9275 2.21967 1.905912 2.191718
Ga1 (cm?) 4.6958 4.6958 4.61615 4.643207 4.558020
. . . . . . Ggy (cm?) 3.3595 3.3595 3.06674 3.321874 3.028122
Fig. 7. The 600-bar dome: a) side view, b) top view, and c) 3D view. Gos (cm?) 1.7067 17067 1.85490 1.637585 1831542
Gaq (cm?) 4.8372 4.8372 4.79602 4.783023 4.735625
Gas (ecm?) 2.0253 2.0253 1.60290 2.002617 1.582715
Table 13 Best (kg) 6140.51  6140.51 6112.6438  6138.65 6109.93
Comparative results of MPA, IMPA, and other methods for the 600-bar dome Worst - - - 6162.74 611825
(Case 1) Mean 6175.33 6175.33 6146.1936 6151.91 6114.09
SD 39.08 34.08 17.2355 19.320 12.870
Design variables JA[S5] This study NFEs 19,020 19,020 15,030 10,000 10,000
MPA IMPA Run 5 5 10 20 20
Gy (crnz) 12.7774 12.8901 12.52634
G, (em?) 5.13015 5.135249 5.109650
Gs (cm?) 11.8198 12.13155 11.67257 Table 16
Gy (cm?) 6.63288 6.839473 6.606375 Comparative results of MPA and IMPA and other methods for the 600-bar dome
Gs (cm?) 8.12486 8.132936 8.092393 (Case 2).
Ge (em?) 1.75396 1.755703 1.646951 -
G, (sz) 16.2472 16.76335 16.18228 No. frequency [36] JA[5] This study
Gg (sz) 16.2895 16.90569 16.22441 ECBO cop MPA IMPA
Best (kg) 8153.7646 8164.9541 8136.5213
Worst _ 8198.1752 8168.3269 f; 5.002 5.001 5.0804 5.0210 5.0101
Mean 8160.5211 8187.9823 8152.4241 f 5.003 5.001 5.0804 5.0210 5.0102
SD 3.8249 5.2147 2.9812 f3 7.001 7.001 7.0001 7.0001 7.0001
NFEs 15,030 14,000 14,000 4 7.001 7.001 7.0001 7.0001 7.0001
Run 10 20 20 fs 7.002 7.002 7.0006 7.0030 7.0006
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algorithms face challenges and may struggle to achieve the optimal
solution. Therefore, it becomes crucial to propose an efficient method
capable of optimizing large-scale problems effectively. Herein, two cases
were considered. In case 1, all 600 design variables are divided into 8
groups. In case 2, all 600 design variables are divided into 25 groups.
The results of the optimization of these two cases show how the
convergence rate changes to the global optimal as the dimensions of the
problem increase. The objective function is the summation of the weight
of the structural elements. The modulus of elasticity and density are the
same for all elements of the structure and equal to E = 200 GPa and
y = 7850 kg/m®, respectively. A non-structural mass of 100 kg is applied
to all free nodes to obtain the structure’s dynamic characteristics.
However, this weight is not considered when calculating the objective
function. An allowable cross-section of all members is selected between
the upper and lower bounds of 1 x 10~ and 100 x 10~* m?, respec-
tively. The natural frequencies of the structure include f;>5 and
fs> 7 Hz, which are considered design constraints.

The results of the 600-bar dome for cases 1 and 2 are presented in
Tables 13 to 16. The best weight obtained by IMPA in the first case is
8136.5213, which is less than those obtained by JA. To calculate the
standard deviation, the program was run 20 times, resulting in
SD= 2.9812. A low SD value indicates good algorithm stability; in this
study, IMPA exhibited greater stability compared to other methods. The
results also show that IMPA performed better than the original MPA.
Additionally, IMPA achieved superior values of SD, NFE, and BEST by
IMPA compared to those obtained by MPA and JA. The results of fre-
quencies one to five are presented in Table 14.

For a comparative analysis, the results of IMPA, Grzywinski et al.,
2019 [5], and Kaveh and Ghazaan 2016 [36] are presented in Table 15.
It can be observed that IMPA achieved a better answer than MPA and
other methods. Specifically, ECDO achieved an optimal weight of
6140.51 with 19020 NFEs and SD = 39.08. COP reached the same
optimal point with the same number of NFEs but with a lower standard
deviation of 34.08. JA achieved the optimal answer of 6112.6438 with
15030 NFEs and SD= 17.2355, which performed better than ECDO and
COP. In general, IMPA performed better than these state-of-the-art
methods due to its ability to create a balance between exploitation
and exploration. The results of frequencies one to five for the second
case are presented in Table 16.

5. Conclusions

In this study, an improved version of MPA (IMPA) was proposed to
optimize the weight and topology of trusses under natural frequency
constraints. Over the last two years, researchers have applied MPA to
solve different problems due to its good properties, such as a high
convergence rate and good global search power. In the updated algo-
rithm, the dominant behavior and strategy of the famous search and
pursuit of marine predators have been modeled by Lévy flight and
Brownian motion. According to the theory of proper survival, predators
should use the best movement method to increase the probability of
hunting prey. In general, most animals use random walking techniques
to find food in the wild. These optimal movement techniques, which
evolve based on the ecosystem, are naturally used by predators to trap
prey. The family of such search strategies expresses a movement that is
characterized by features like many small steps with longer movements,
depending on a specific probability distribution. MPA consists of three
stages. The main weakness of MPA is in the second stage, where the
predator and prey move at the same velocity. Because the predator
moves in small steps at this stage, they spend more time exploring the
local optimal. The size of the movement steps is one of the most
important factors that can improve the algorithm’s performance if
properly controlled. The original MPA method employed the CF factor to
control the predator’s step size. The CF factor is defined based on the
number of iterations. Accordingly, the presented study proposed a new
formula for controlling step size called NCF, which exponentially
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increases from zero to one. Herein, five real-world engineering problems
with natural frequency constraints were optimized to evaluate IMPA’s
performance. However, optimization of the shape and size of the
structures has not been addressed by previous researchers due to its
complexity and nonlinearity. Therefore, by using the improved algo-
rithm, a wide range of constrained and non-linear problems can be
optimized, such as maximizing the axial force of laminated plates,
minimizing the weight of concrete structures under the effect of gravity
and dynamic loads, maximizing the buckling force of columns, and
many others. For this purpose, it is necessary to define several param-
eters related to the problem, including the objective function, side
constraints, internal constraints, generating a random population, and
determining the stopping criterion (maximum repetition).
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