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Accelerated particle swarm optimization (APSO) is developed for finding optimum design of frame structures. APSO shows some
extra advantages in convergence for global search.Themodifications on standard PSO effectively accelerate the convergence rate of
the algorithm and improve the performance of the algorithm in finding better optimum solutions. The performance of the APSO
algorithm is also validated by solving two frame structure problems.

1. Introduction

Optimum design of frame structures are inclined to deter-
mine suitable sections for elements that fulfill all design
requirements while having the lowest possible cost. In this
issue, optimization provides engineers with a variety of tech-
niques to deal with these problems [1]. These techniques can
be categorized as two general groups: classical methods and
metaheuristic approaches [2]. Classical methods are often
based on mathematical programming, and many of meta-
heuristic methods make use of the ideas from nature and do
not suffer the discrepancies of mathematical programming
[3–8].

Particle swarmoptimization (PSO), one ofmeta-heuristic
algorithms, is based on the simulation of the social behavior
of bird flocking and fish schooling. PSO is the most suc-
cessful swarm intelligence inspired optimization algorithms.
However, the local search capability of PSO is poor [9], since
premature convergence occurs often. In order to overcome
these disadvantages of PSO, many improvements have been
proposed. Shi and Eberhart [10] introduced a fuzzy system to
adapt the inertia weight for three benchmark test functions.
Liu et al. [11] proposed center particle swarm optimization

by adding a center particle into PSO to improve the perfor-
mance. An improved quantum-behaved PSO was proposed
by Xi et al. [12]. Jiao et al. [13] proposed the dynamic inertia
weight PSO, by defining a dynamic inertia weight to decrease
the inertia factor in the velocity update equation of the
original PSO. Yang et al. [14] proposed another dynamic
inertia weight to modify the velocity update formula in a
method called modified particle swarm optimization with
dynamic adaptation.

A number of studies have applied the PSO and improved
it to be used in the field of structural engineering [15–21].
In this study, we developed an improved PSO, so-called
accelerated particle swarm optimization (APSO) [22], to find
optimum design of frame structures. The resulted method
is then tested by some numerical examples to estimate its
potential for solving structural optimization problems.

2. Statement of Structural
Optimization Problem

Optimumdesign of structures includes finding optimum sec-
tions for members that minimizes the structural weight 𝑊.
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This minimum design should also satisfy inequality con-
straints that limit design variables and structural responses.
Thus, the optimal design of a structure is formulated as [23]

minimize 𝑊({𝑥}) =

𝑛

∑

𝑖=1

𝛾
𝑖
⋅ 𝐴
𝑖
⋅ 𝑙
𝑖
,

subject to : 𝑔min ≤ 𝑔
𝑖
({𝑥}) ≤ 𝑔max, 𝑖 = 1, 2, 3, . . . , 𝑚,

(1)

where 𝑊({𝑥}) is the weight of the structure; 𝑛 and 𝑚 are the
number ofmembersmaking up the structure and the number
of total constraints, respectively; max and min denote upper
and lower bounds, respectively; 𝑔({𝑥}) denotes the con-
straints considered for the structure containing interaction
constraints as well as the lateral and interstory displacements,
as follows.

The maximum lateral displacement:
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where Δ
𝑇
is the maximum lateral displacement; 𝐻 is the

height of the frame structure; 𝑅 is the maximum drift index;
𝑑
𝑗
is the inter-story drift; ℎ
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is the story height of the 𝑗th floor;
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index permitted by the code of the practice.
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where 𝑃
𝑢
is the required strength (tension or compression);

𝑃
𝑛
is the nominal axial strength (tension or compression);

𝜙
𝑐
is the resistance factor (𝜙

𝑐
= 0.9 for tension, 𝜙

𝑐
= 0.85

for compression); 𝑀
𝑢𝑥

and 𝑀
𝑢𝑦

are the required flexural
strengths in the𝑥 and𝑦directions, respectively;𝑀

𝑛𝑥
and𝑀

𝑛𝑦

are the nominal flexural strengths in the 𝑥 and 𝑦 directions
(for two-dimensional structures, 𝑀

𝑛𝑦
= 0); 𝜙

𝑏
is the flexural

resistance reduction factor (𝜙
𝑏
= 0.90).

For the proposed method, it is essential to transform the
constrained optimization problem to an unconstraint one. A
detailed review of some constraint-handling approaches is
presented in [25]. In this study, a modified penalty function
method is utilized for handling the design constraints which
is calculated using the following formulas [2]:
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The objective function that determines the fitness of each
particle is defined as

Mer𝑘 = 𝜀
1
⋅ 𝑊
𝑘

+ 𝜀
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)
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where Mer is the merit function to be minimized; 𝜀
1
, 𝜀
2
,

and 𝜀
3
are the coefficients of merit function; Φ(𝑖)

𝑔
denotes

the summation of penalties. In this study, 𝜀
1
and 𝜀
2
are set

to 1 and 𝑊 (the weight of structure), respectively, while the
value of 𝜀

3
is taken as 0.85 in order to achieve a feasible

solution [26]. Before calculating Φ
(𝑖)

𝑔
, we first determine the

weight of the structures generated by the particles, and if
it becomes smaller than the so far best solution, then Φ

(𝑖)

𝑔

will be calculated; otherwise the structural analysis does
not perform. This methodology will decrease the required
computational costs, considerably.

3. Canonical Particle Swarm
Optimization (PSO)

The PSO algorithm, inspired by social behavior simulation
[27, 28], is a population-based optimization algorithm which
involves a number of particles that move through the search
space, and their positions are updated based on the best
positions of individual particles (called 𝑥

∗

𝑖
) and the best of

the swarm (called 𝑔
∗) in each iteration. This matter is shown

mathematically as the following equations:
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where𝑥
𝑖
and 𝑣
𝑖
represent the current position and the velocity

of the 𝑖th particle, respectively; rand
1
and rand

2
represent

random numbers between 0 and 1; 𝑥∗
𝑖
is the best position

visited by each particle itself; 𝑔∗ corresponds to the global
best position in the swarm up to iteration 𝑘; 𝛼 and 𝛽 represent
cognitive and social parameters, respectively. According to
Kennedy and Eberhart [27], these two constants are set to 2 in
order to make the average velocity change coefficient close to
one. 𝑊 is a weighting factor (inertia weight) which controls
the trade-off between the global exploration and the local
exploitation abilities of the flying particles. A larger inertia
weight makes the global exploration easier, while a smaller
inertia weight tends to facilitate local exploitation.The inertia
weight can be reduced linearly from 0.9 to 0.4 during the
optimization process [29].

4. Accelerated Particle Swam Optimization

The standard PSO uses both the current global best 𝑔∗ and
the individual best 𝑥

∗. The reason of using the individual
best is primarily to increase the diversity in the quality
solutions; however, this diversity can be simulated using some
randomness. Subsequently, there is no compelling reason for
using the individual best, unless the optimization problem of
interest is highly nonlinear and multimodal [22].
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Figure 1: Topology of the 1-bay 8-story frame.

A simplified version which could accelerate the conver-
gence of the algorithm is to use the global best only. Thus, in
the APSO [22], the velocity vector is generated by a simpler
formula as

𝑣
𝑡+1

𝑖
= 𝑣
𝑡

𝑖
+ 𝛼 ⋅ rand𝑛 (𝑡) + 𝛽 ⋅ (𝑔

∗

− 𝑥
𝑡

𝑖
) , (9)

where rand𝑛 is drawn from 𝑁(0, 1) to replace the second
term. The update of the position is simply like (8). In order
to increase the convergence even further, we can also write
the update of the location in a single step, as

𝑥
𝑡+1

𝑖
= (1 − 𝛽) 𝑥

𝑡

𝑖
+ 𝛽𝑔
∗

+ 𝛼𝑟. (10)

Table 1: Optimal design comparison for the 1-bay 8-story frame.

Element group Optimal W-shaped sections This study
GA [31] ACO [32] IACO [26]

1 W18 × 35 W16 × 26 W21 × 44 W21 × 44
2 W18 × 35 W18 × 40 W18 × 35 W16 × 26
3 W18 × 35 W18 × 35 W18 × 35 W14 × 22
4 W18 × 26 W14 × 22 W12 × 22 W12 × 16
5 W18 × 46 W21 × 50 W18 × 40 W18 × 35
6 W16 × 31 W16 × 26 W16 × 26 W18 × 35
7 W16 × 26 W16 × 26 W16 × 26 W18 × 35
8 W12 × 16 W12 × 14 W12 × 14 W16 × 26
Weight (kN) 32.83 31.68 31.05 30.91

Table 2: Optimal design comparison for the 3-bay 15-story frame.

Element group Optimal W-shaped sections This study
PSO [18] HBB-BC [33] ICA [34]

1 W33 × 118 W24 × 117 W24 × 117 W27 × 129
2 W33 × 263 W21 × 132 W21 × 147 W21 × 147
3 W24 × 76 W12 × 95 W27 × 84 W16 × 77
4 W36 × 256 W18 × 119 W27 × 114 W27 × 114
5 W21 × 73 W21 × 93 W14 × 74 W14 × 74
6 W18 × 86 W18 × 97 W18 × 86 W30 × 99
7 W18 × 65 W18 × 76 W12 × 96 W12 × 72
8 W21 × 68 W18 × 65 W24 × 68 W12 × 79
9 W18 × 60 W18 × 60 W10 × 39 W8 × 24
10 W18 × 65 W10 × 39 W12 × 40 W14 × 43
11 W21 × 44 W21 × 48 W21 × 44 W21 × 44
Weight (kN) 496.68 434.54 417.46 411.50

This simpler version will give the same order of conver-
gence [30]. Typically, 𝛼 = 0.1 𝐿–0.5 𝐿, where 𝐿 is the scale
of each variable, while 𝛽 = 0.2–0.7 is sufficient for most
applications. It is worth pointing out that the velocity does not
appear in (10), and there is no need to deal with initialization
of velocity vectors. Therefore, the APSO is much simpler.
Comparing withmany PSO variants, the APSO uses only two
parameters, and the mechanism is simple to understand. A
further improvement to the accelerated PSO is to reduce the
randomness as iterations proceed.Thismeans that we can use
amonotonically decreasing function. In our implementation,
we use [30]

𝛼 = 0.7
𝑡

, (11)

where 𝑡 ∈ [0, 𝑡max] and 𝑡max is the maximum number of
iterations.

5. Numerical Examples

This section presents the numerical examples to evaluate
the capability of the new algorithm in finding the optimal
design of the steel structures. The final results are compared
to the solutions of other methods to show the efficiency of
the present approach. The proposed algorithm is coded in
Matlab, and structures are analyzed using the direct stiffness
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Figure 2: Topology of the 3-bay 15-story frame.

method.The steel members used for the design consist of 267
W-shaped sections from the AISC database.

5.1. 1-Bay 8-Story Frame. Figure 1 shows the configuration of
the 1-bay 8-story framed structure and applied loads. Several
researchers have developed design procedures for this frame;
Camp et al. [31] used a genetic algorithm, Kaveh and Shojaee
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Figure 3: The convergence history for the 3-bay 15-story frame.

[32] utilized ACO, and Kaveh and Talatahari [26] applied an
improved ACO to solve this problem.

TheAPSOalgorithm found the optimalweight of the one-
bay eight-story frame to be 30.91 kN which is the best one
compared to the othermethod. Table 1 lists the optimal values
of the eight design variables obtained by this research and
compares them with other results.

5.2. Design of a 3-Bay 15-Story Frame. The configuration and
applied loads of a 3-bay 15-story frame structure is shown
in Figure 2. The sway of the top story is limited to 23.5 cm
(9.25 in). The material has a modulus of elasticity equal to
𝐸 = 200GPa and a yield stress of 𝐹

𝑦
= 248.2MPa.

The effective length factors of the members are calculated
as 𝐾
𝑥

≥ 0 for a sway-permitted frame, and the out-of-plane
effective length factor is specified as 𝐾

𝑦
= 1.0. Each column

is considered as non-braced along its length, and the non-
braced length for each beammember is specified as one-fifth
of the span length.

The optimum design of the frame obtained by using
APSO has the minimum weight of 411.50 kN. The optimum
designs for PSO [18], HBB-BC [33], and ICA [34] had the
weights of 496.68 kN, 434.54 kN, and 417.46 kN, respectively.
Table 2 summarizes the optimal results for these different
algorithms. Clearly, it can be seen that the present algorithm
can find the better design. Figure 3 provides the convergence
history for this example obtained by the APSO.

6. Conclusions

The APSO algorithm, as an improved meta-heuristic algo-
rithm, is developed to solve frame structural optimiza-
tion problems. Optimization software based on the APSO
algorithm was coded in the Matlab using object-oriented
technology. A methodology to handle the constraints is also
developed in a way that we first determine the weight of
the structures generated by the particles, and if they become
smaller than the so far best solution, then the structural
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analyses are performed. Two test problems were studied
using the optimization program to show the efficiency of
the algorithm. The comparison of the results of the new
algorithm with those of other algorithms shows that the
APSO algorithm provides results as good as or better than
other algorithms and can be used effectively for solving
engineering problems.
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