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Abstract: This study proposes an improved mixed-variable quantum particle swarm optimization
(QPSO) algorithm capable of optimizing both continuous and discrete variables. The algorithm is
applied to the wind resistance optimization of a cable-stiffened, single-layer spherical reticulated
shell (SLSRS), optimizing discrete variables like member dimensions and cable dimensions alongside
continuous variables such as cable prestress. Through a computational case study on an SLSRS, the
optimization results of the proposed QPSO method are compared with other optimization techniques,
validating its accuracy and reliability. Furthermore, this study establishes a mathematical model
for the wind resistance optimization of cable-stiffened SLSRSs and outlines the wind resistance
optimization process based on the mixed-variable QPSO algorithm. The optimization of these
structures reveals the strong stability and global search capabilities of the proposed algorithm.
Additionally, the comparison of section optimization and shape optimization highlights the significant
impact of the shell shape on steel usage and costs, underscoring the importance of shape optimization
in the design process.

Keywords: spherical reticulated shell; prestressed cable; wind load; structural optimization; quantum
particle swarm optimization

1. Introduction

The cable-stiffened, single-layer spherical reticulated shell (SLSRS) is a type of pre-
stressed spatial structure system composed of rigid members and flexible cables. This
structure combines the advantages of reticulated shells, such as economical steel use,
aesthetic appearance, and open transparency, while overcoming the shortcomings of reticu-
lated shells in terms of shear strength and stability by introducing prestressed cables [1].
Bulenda et al. [2] conducted a stability analysis of cable-stiffened reticulated shells using the
finite element method and found, through parametric analysis, that this type of structure
was highly sensitive to structural imperfections. Cai et al. [3] further performed elastic–
plastic buckling analysis of cable-stiffened reticulated shells and discussed the impact of
asymmetric loads on the stability of the shell based on finite element simulations. Addition-
ally, Li et al. [4,5] studied the effects of key factors such as node stiffness and cable prestress
on the stability of prestressed, cable-stiffened reticulated shells. Many scholars have also
analyzed the static performance of cable-stiffened reticulated shells [6–8] and investigated
various improved forms of cable-stiffened reticulated shells, including hexagonal grid
cable-stiffened spherical reticulated shells [9,10] and cylindrical reticulated shells [10].
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As a large-span roof structure, the lightweight and low stiffness characteristics of
a reticulated shell make it prone to significant vibrations and deformations under wind
loads, classifying it as a wind-sensitive structure [11]. Numerous scholars have conducted
wind tunnel tests on roof structures to study their wind-induced response and wind re-
sistance performance, including space grid roofs [12], suspended cable roofs [13], and
orthogonal cable-net membrane structures [14]. Numerical simulations have also been
employed to investigate the dynamic response characteristics, load-bearing capacity, and
collapse mechanisms of double-layer spherical reticulated shells [15], plate-conical reticu-
lated shells [16], single-layer cylindrical reticulated shells [17], and Kiewitt-type spherical
reticulated shells [18]. However, although there have been studies on the dynamic response
of cable-stiffened reticulated shells, most of the research has primarily focused on their
seismic performance [19–21], while studies on the wind resistance performance of cable-
stiffened reticulated shells remain relatively limited. Figure 1 displays the model of the
cable-stiffened reticulated shell, which includes the nodes, cables, members, and struts of
the shell.
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Figure 1. Model of cable-stiffened reticulated shell.

The research on wind resistance optimization has predominantly focused on high-
rise buildings and tall structures [22]. In contrast, there is relatively less research on
the wind resistance optimization of large-span roof structures. This can be categorized
into aerodynamic shape optimization [23] and performance-based structural design op-
timization [24]. Aerodynamic shape optimization aims to enhance the wind resistance
performance of structures by altering their shape, employing optimization algorithms such
as genetic algorithms [25] and CFD-based gradient optimization algorithms [26]. In con-
trast, performance-based structural design optimization focuses on optimizing structural
design parameters, such as materials [27], member cross-sectional sizes [28], and topo-
logical forms [28], to achieve economic, safe, and functional goals. Kociecki et al. [29,30]
proposed a two-stage optimization method based on genetic algorithms and applied this
method for the cross-sectional and topological optimization of a free-form steel reticu-
lated shell, resulting in a lighter and more economically efficient shell design. Hsaine [31]
proposed various hybrid optimization strategies based on the deformation-progressive
structure optimization method, aiming to reduce structural costs. These strategies were
found to be effective in optimizing the wind resistance of reticulated shells by adjusting
parameters such as the curvature radius, number of members, number of nodes, and
cross-sectional dimensions.
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As a structure highly sensitive to wind loads, the cable-stiffened SLSRS is at risk of
dynamic instability under strong winds. Research on wind resistance optimization methods
for this type of structure is relatively limited.

This study, based on the particle swarm optimization (PSO) algorithm [32,33], pro-
posed a quantum particle swarm optimization (QPSO) algorithm capable of handling the
mixed optimization of continuous and discrete variables involved in optimizing cable-
stiffened SLSRSs. The optimization design program was proposed using MATLAB in
conjunction with ANSYS APDL, and the feasibility and effectiveness of the proposed op-
timization method were verified through typical computational cases. On this basis, a
mathematical model for the wind resistance optimization of cable-stiffened SLSRSs was
established. Subsequently, wind resistance section optimization and shape optimization
studies were conducted on cable-stiffened SLSRSs.

2. QPSO Algorithm Based on Mixed Variables
2.1. QPSO Algorithm: Basic Principles

The PSO algorithm is known for its simplicity, strong adaptability, and few parameters.
However, it still has limitations, such as the inability to guarantee convergence to the global
optimal solution. Building on the PSO algorithm, the QPSO algorithm introduces the
principles of quantum mechanics into the PSO algorithm [34]. This integration addresses
the issue of incomplete coverage of the search space in the PSO algorithm and transforms it
into a probabilistic PSO algorithm with significant potential.

In the search space of the traditional PSO algorithm, the state of each particle is
determined by both the particle’s position and velocity. However, in the quantum space,
since the position and velocity of a particle cannot be simultaneously determined, the state
of the particle must be described using the wave function ψ(X, t) from quantum mechanics,
where X = (x, y, z) represents the three-dimensional spatial position vector of the particle.
In a three-dimensional space, the wave function of a particle ψ(X, t) can be expressed as
Equation (1), where Q represents the probability density function.∫ ∞

−∞
|ψ|2dxdydz =

∫ ∞

−∞
Qdxdydz = 1 (1)

In the quantum space, the motion of particles satisfies the Schrödinger equation, as
displayed in Equation (2), where ℏ is the reduced Planck constant, and Ĥ is the Hamiltonian
operator. The Hamiltonian operator can be expressed as Equation (3), where m is the mass
of the particle, and V(X) is the potential field in which the particle resides.

iℏ ∂

∂t
ψ(X, t) = Ĥψ(X, t) (2)

Ĥ = − ℏ2

2m
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t

∂ ψ ψ
∂
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)Ĥ V X=
2

−   ∇  + 2m
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2 + V(X) (3)

Based on the analysis of the convergence behavior of particles in the PSO algorithm,
it can be inferred that there is a necessary local attractor point pi acting as an attractive
potential for the particles. Therefore, a potential well can be constructed at the local attractor
point pi, with the potential energy function given in Equation (4), where Y = X − pi, and γ
is a positive proportional coefficient. Therefore, the Hamiltonian operator Ĥ can be further
expressed as Equation (5).

V(X) = −γδ(X − pi) = −γδ(Y) (4)

Ĥ = − ℏ2

2m
d2

dY2 − γδ(Y) (5)
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The Schrödinger equation for particles in the potential well δ and the wave function
ψ(Y) are displayed in Equations (6) and (7), respectively.

d2ψ

dY2 +
2m
ℏ2 [E + γδ(Y)]ψ = 0 (6)

ψ(Y) =
1√
L

e
−|Y|

L , L =
ℏ2

mγ
(7)

The corresponding probability density function Q(Y) and cumulative distribution
function F(Y) can be expressed as Equations (8) and (9), where E and L represent the
particle energy and the characteristic length of the potential well pi, respectively.

Q(Y) = |ψ(Y)|2 =
1
L

e−
2|Y|

L (8)

F(Y) = e−
2|Y|

L (9)

The wave function ψ(Y) actually describes the probability of the particle at the local
attractor point pi, and the particle position needs to be further randomly simulated using
the Monte Carlo method. The particle position equation is finally obtained as Equation (10),
where u is a random variable uniformly distributed over [0, 1]. Since the position of particle
i changes with time t and to ensure that the particle can converge, the characteristic length
L must also change with time. Therefore, L is L(t) as a function of time t, and Equation (10)
can be written as Equation (11).

X = p ± L
2

ln
[

1
u

]
(10)

Xi(t + 1) = pi(t)±
Li(t)

2
ln
[

1
ui(t)

]
(11)

The characteristic length L essentially represents the search range of the particle. A
larger L value indicates a larger search range for the particle. However, an excessively large
L value may cause the particle to diverge during the search process, making it difficult to
converge to the global optimal solution; conversely, an overly small L value may cause
the particle to fall into a local optimum. Therefore, to determine L reasonably, the average
of the optimal positions of the individual particles is introduced, referred to as the mean
best position mbest. The expressions for L and the particle position update for the QPSO
algorithm are displayed in Equations (12) and (13):

Li(t) = 2β · |mbesti(t)− Xi(t)| (12)

Xi,j(t + 1) = pi,j(t)± β ·
∣∣mbestj(t)− Xi,j(t)

∣∣ · ln

[
1

ui,j(t)

]
(13)

where Xi,j(t + 1) and Xi,j(t) represent the j-th dimension coordinates of the i-th particle
at time (t + 1) and t, respectively, pi,j(t) represents the attractor of particle i at time t
during convergence, β is the contraction–expansion factor, mbestj(t) represents the mean
of the optimal positions of all particles at time t, and ui,j(t) is a uniformly distributed
random number over [0, 1]. When ui,j(t) > 0.5, the sign on the right side of Equation (13)
is positive; otherwise, it is negative. The convergence attractor pi,j(t) can be expressed as
Equation (14), where φ is a random number uniformly distributed over U(0, 1), Pi,j(t) is the
individual optimal position of particle i, and Gj(t) represents the global optimal position of
the population.

pi,j(t) = φ · Pi,j(t) +
[
1 − φ

]
· Gj(t) (14)
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To increase the randomness of particle motion and avoid local convergence, this
study replaces the single random parameter φ with two random parameters: φ1 and
φ2. For minimization problems, the smaller the objective function value, the better the
corresponding fitness value. Therefore, the individual best position Pi(t) of particle i can
be determined using Equation (15), where Pi(t) represents the individual best position
of particle i at time t, Xi(t) represents the current position of particle i at time t, Pi(t − 1)
represents the individual best position of particle i at time (t − 1), F(Xi(t)) represents
the fitness value of particle i at time t, and F(Pi(t − 1)) represents the fitness value of the
individual best position of particle i at time (t − 1).

Pi(t) =

{
Xi(t), i f F(Xi(t)) < F(Pi(t − 1))
Pi(t − 1), i f F(Xi(t)) ≥ F(Pi(t − 1))

(15)

The global best position G(t) of the population is determined using Equations (16)
and (17), where g represents the particle number with the smallest fitness value among
the individual best positions, minF(Pi(t)) represents the smallest fitness value among all
individual best positions, N represents the total number of particles in the population, arg
represents the particle number corresponding to the fitness value, and Pi(t) represents the
individual best position with the smallest fitness value at time t.

g = arg min
1≤i≤N

F(Pi(t)) (16)

G(t) = Pg(t) (17)

In Equation (13), the contraction–expansion factor β is used to adjust the particle
speed in the algorithm, controlling the convergence rate of the algorithm. In this study, β
decreases linearly with time t. Moreover, the value of mbestj(t) is obtained by averaging
the coordinates of all individual best positions. The expressions for β and mbestj(t) are
given in Equations (18) and (19), where D represents the search dimension.

β = 0.5 + 0.5 × T − t
T

(18)

mbestj(t) =
1
N

N

∑
i=1

Pij(t) =

(
1
N

N

∑
i=1

Pi1(t),
1
N

N

∑
i=1

Pi2(t), . . . ,
1
N

N

∑
i=1

PiD(t)

)
(19)

The basic flowchart of the proposed QPSO algorithm is displayed in Figure 2. The
optimization steps are given as follows:

Step 1: Set the population size N, maximum number of iterations T, and search
dimension D; randomly initialize the positions of the particles in the population;

Step 2: Calculate the fitness value of each particle;
Step 3: Find or update the individual best positions and the global best position based

on the fitness values of the particles;
Step 4: Calculate the convergence attractor pi,j(t), contraction–expansion factor β, and

mean best position mbest according to Equations (15), (18), and (19), respectively;
Step 5: Update the position of each particle according to Equation (13);
Step 6: If the function reaches the maximum number of iterations or the iteration error

is less than the threshold, stop the algorithm, and output the optimal solution; otherwise,
return to Step 2.
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2.2. Handling of Mixed Variables

While the QPSO algorithm demonstrates superior performance compared to tradi-
tional PSO algorithms in optimizing problems in continuous variables, it falls short in
addressing optimization problems in mixed spaces of discrete and continuous variables. In
practical engineering structures, a significant number of design variables are either discrete
or a mix of discrete and continuous variables. Particularly for cable-stiffened SLSRSs, the
selection of member cross-sections and cable cross-sections must meet the specifications
of the steel component. All these cross-section design variables are discrete. In contrast,
variables such as the initial prestress corresponding to prestressed cables and the node
coordinates corresponding to the shell shape are continuous. Therefore, handling mixed
variables is crucial. This study improves on the continuous QPSO algorithm [35] to develop
a mixed-variable QPSO algorithm.

In processing mixed variables, the approach taken involves temporarily treating
discrete variables as continuous variables in each optimization iteration round and updating
the positions according to Equation (13). Subsequently, for the updated values of the
discrete variables in the continuous state, they are compared to a series of discrete candidate
values, and the closest discrete value is selected as the actual value of the discrete variable
after that round of optimization. Since the values in the discrete cross-section database lack
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regularity, mapping is required for the optimized discrete variables. The specific mapping
function is expressed as follows:

∆x(t)i =
∣∣∣x(t)i − xj

∣∣∣ (20)

where ∆x(t)i represents the absolute difference between the continuous and candidate

discrete values, x(t)i is the continuous value of the discrete variable, and xj represents the

given discrete candidate values in the section database. ∆x(t)i is arranged from small to
large, and the database size corresponding to the minimum value is selected as the actual
value of the discrete variable.

This value selection strategy does not follow the traditional rounding-up method but
adopts a more refined approach of approximating and matching the updated continuous
variable values with the given discrete set. This accelerates the convergence of the entire
optimization process, effectively obtaining the optimal solution for the problem.

2.3. Particle Initialization and Boundary Methods

When using the QPSO algorithm for structural optimization, the first step involves
randomly initializing the positions of the population particles. The particle initialization
can be performed according to the following expression:

Xi,j(t) = XL
j + r · (XU

j − XL
j ) (21)

where r represents a random number following a uniform distribution U(0, 1), and XU
j and

XL
j denote the upper and lower limits of the j-th dimension of the particle, respectively.

During the process of updating particle positions, there may be cases where individual
particles exceed the constraint boundaries. To maintain the stability of the population
size and the effectiveness of the search, it is essential to address such boundary-crossing
occurrences. The approach taken is to implement a fly-back strategy, which involves
forcibly relocating particles that exceed the boundaries back to a random position within
the feasible domain. This ensures that the particles remain within the valid solution space
and continue to participate in the optimization search process.

2.4. Constraint Methods

In the field of structural optimization design, many problems are generally function
optimization problems with constraints, while the QPSO algorithm is an unconstrained
optimization method. For constrained optimization problems, penalty function methods
are commonly used. This study adopts the dynamic penalty function method, where a
penalty function is added to the objective function to penalize the occurrence of infeasible
solutions, thus transforming constrained structural optimization problems into uncon-
strained optimization problems. According to the rules of the dynamic penalty function,
the fitness function expression can be constructed as follows:

F(Xi(t)) = f (Xi(t)) + rt

( ng

∑
k=1

[Gk(Xi(t))]
2

)
(22)

where F(Xi(t)) is the fitness value of particle i at the t-th iteration, f (Xi(t)) is the objective
function value of particle i at the t-th iteration, r is the penalty factor taking 2.0, Gk(Xi(t)) is
the constraint violation of particle i at the t-th iteration, and ng is the number of constraints.
The constraint violation Gk(Xi(t)) is calculated as:

Gk(Xi(t)) = max(gk(Xi(t)), 0), k = 1, 2, · · · , ng (23)
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where gk(Xi(t)) is the constraint redundancy of particle i at the t-th iteration, and gk = Vk − Vt
is the computed value of the constraint at the t-th iteration, with Vt being the allowable
value of the constraint variable.

2.5. Parallel Computing Methods

Although the QPSO algorithm has a high convergence speed and produces good
quality solutions, the computational complexity of the algorithm increases with higher
dimensions or larger population sizes. This can result in excessively long running times,
impacting the practical application of the algorithm. To address this issue, this study
utilizes the Parfor parallel structure, assigning each particle in each iteration to different
CPU threads for computation. The results from different threads are then combined to
update the global best solution and individual best solutions. This parallelized QPSO
algorithm significantly reduces the running time without compromising its convergence
and solution quality, thereby improving its performance.

3. Algorithm Validation
3.1. Case Study Introduction

To ensure the accuracy and effectiveness of the improved QPSO algorithm proposed
in this study, the Kiewitt-type (K6) SLSRS case study [36] was selected for optimization
design. The structure is displayed in Figure 3. The reticulated shell has a span of 70 m, a
height of 20 m, and a corresponding height-to-span ratio of 1/3.5. There are 10 rings of
member, a total of 930 members, and 331 nodes in the shell. The members of the shell are
all circular steel pipes with a yield strength of 235 MPa, a design strength value of 215 MPa,
an elastic modulus of 2.06 × 105 MPa, a density of 7850 kg/m3, and a Poisson’s ratio of 0.3.
Welded hollow spherical nodes are adapted for the shell nodes, and perimeter three-way
fixed hinge supports are employed. All nodes of the shell are subjected to a vertically
downward concentrated load of 35.5 kN.
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3.2. Optimization Process

During the cross-sectional optimization of the K6 SLSRS, the member section dimen-
sions are considered as the design variables to be optimized. The members of the K6 SLSRS
are classified into three categories based on their spatial positions and directions: circum-
ferential members, radial members, and oblique members. Circumferential members are
those forming multiple concentric circles around the center, radial members extend radially
outward from the center, and the remaining members are considered oblique members.
The members are divided into 10 circles from the innermost section to the outermost. To
reduce the number of design variables, the shell members are grouped into nine categories
based on the structural loading characteristics, as listed in Table 1. Each group of members
is assigned a specific section dimension, resulting in a total of nine design variables. It is
important to note that the member section dimensions are discrete variables rather than
continuous variables. In this case, a seamless steel pipe section library [36] consisting of
32 different steel pipe sectional dimensions and areas is used, as listed in Table 2.
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Table 1. Section set of members.

Set Member Set Member

1 1–5 ring circumferential member 6 6–10 ring oblique member
2 6–9 ring circumferential member 7 1–3 ring radial member
3 10 ring circumferential member 8 1–5 ring radial member
4 2–3 ring oblique member 9 6–10 ring radial member
5 4–5 ring oblique member

Table 2. Allowable section library of K6 reticulated shell members.

No. Dimensions Sectional Area (cm2) No. Dimensions Sectional Area (cm2)

1 ϕ83 × 4 9.93 17 ϕ127 × 4.5 17.32
2 ϕ83 × 4.5 11.10 18 ϕ89 × 7 18.03
3 ϕ95 × 4 11.44 19 ϕ133 × 4.5 18.17
4 ϕ89 × 4.5 11.95 20 ϕ140 × 4.5 19.16
5 ϕ83 × 5 12.25 21 ϕ95 × 7 19.35
6 ϕ102 × 4 12.32 22 ϕ146 × 4.5 20.00
7 ϕ95 × 4.5 12.79 23 ϕ152 × 4.5 20.85
8 ϕ89 × 5 13.19 24 ϕ102 × 7 20.89
9 ϕ102 × 4.5 13.78 25 ϕ127 × 5.5 20.99

10 ϕ114 × 4 13.82 26 ϕ140 × 5.5 23.24
11 ϕ89 × 5.5 14.43 27 ϕ114 × 7 23.53
12 ϕ121 × 4 14.70 28 ϕ114 × 8 26.64
13 ϕ127 × 4 15.46 29 ϕ133 × 8 31.42
14 ϕ133 × 4 16.21 30 ϕ146 × 9 38.74
15 ϕ121 × 4.5 16.47 31 ϕ152 × 10 44.61
16 ϕ102 × 5.5 16.67 32 ϕ159 × 10 46.81

Furthermore, the minimum weight of the shell structure, serving as the optimization
objective for the shell, is mathematically expressed as displayed in Equation (24):

minW =
n

∑
i=1

ρi Aili (24)

where W is the structure weight, n is the total number of members, ρi is the member density,
Ai is the member sectional area, and li is the member length.

Optimizing the member dimensions minimizes the weight of the shell structure, as
the objective involves satisfying various constraints. Building upon existing research [37],
the constraints utilized in this study include member strength constraints, member stability
constraints, member slenderness ratio constraints, and node displacement constraints. The
strength of shell member can be calculated as follows:

σi =
Ni
Ai

+

√
M2

xi + M2
yi

γm · Wi
≤ f (25)

where σi is the member axial stress i, Ni is the member axial force, Mxi and Myi are the
moments about the x- and y-axes of the same cross-section, Wi is the net section modulus of
the member, γm is the plastic development coefficient for the cross-section (taken as 1.15),
and f is the design strength of the steel, which is 215 MPa.

The stability of compression members can be assessed using the following equations:

σw =
Ni

φAi f
+

βMi

γmWi

(
1 − 0.8 Ni

N′
Ei

)
f
≤ 1.0 (26)
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Mi = max
(√

M2
xA + M2

yA,
√

M2
xB + M2

yB

)
(27)

β = βx · βy (28)

βx = 1 − 0.35
√

N/NE + 0.35
√

N/NE(M2x/M1x) (29)

βy = 1 − 0.35
√

N/NE + 0.35
√

N/NE
(

M2y/M1y
)

(30)

where σw is the stability stress of the compression member, φ is the overall stability factor,
and Mi is the calculated bending moment value. MxA, MyA, MxB, and MyB represent the
moments about the x- and y-axes of the member, β is the equivalent moment coefficient,
NE is the Euler critical force, and N

′
Ei = π2EA/(1.1λ2).

The node displacement constraint and member slenderness ratio constraint are, re-
spectively, expressed as follows:

δmax ≤ [δ] (31)

λ =
l0i
ri

≤ [λ] (32)

where δmax is the maximum calculated displacement of the shell, [δ] is the allowable
displacement, which is taken as L/400 [38], l0i is the member calculated length, ri is the
sectional radius of gyration, and [λ] represents the allowable slenderness ratio of the shell
components, set at 150 for compressed and bent components and 250 for tension and
bending components [38].

Adopting the mathematical model for optimizing shell sections described above,
an optimization design was performed on a K6 SLSRS in the case study. The iterative
process curve of the shell weight was obtained, as displayed in Figure 4. The optimization
curve demonstrates rapid convergence within the first 50 iterations, reaching the optimal
solution at the 309th iteration with a weight of 42.833 t. The maximum strength stress
ratio of the optimized shell is 0.550, and the corresponding stability stress ratio cloud
diagram is also displayed in Figure 4, where the stability stress ratio typically represents
the ratio of the actual stress in the member to its buckling stress. It can be observed that the
maximum stability stress ratio is 0.969, indicating the crucial role of stability in controlling
the optimization design of the shell. The maximum deflection of the shell is 2.906 cm, and
the maximum slenderness ratio of the bars is 146.02, satisfying all constraints.
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3.3. Results Comparison and Validation

The feasibility and reliability of the QPSO algorithm were verified by comparing its
computational results with those of other algorithms from the existing literature [36,39,40].
Table 3 lists the optimization results of the case study using the QPSO algorithm and
other optimization methods. It is observed that the optimization results obtained in this
study were consistent with the results from the plant growth simulated algorithm based
on a limited growth space and parallel search (GSL&PS-PGSA) [36], yielding a consistent
shell weight of 42.833 t. Additionally, the same cross-sectional dimensions were selected
for different member sets in both cases. The results from the simulated plant growth-
genetic hybrid algorithm (SPGG-HA) [39], improved niche genetic algorithm (INGA) [40],
and genetic algorithm (GA) [40] yielded shell weights of 42.906 t, 45.099 t, and 46.527 t,
respectively. These alternative optimization methods utilized 0.08 t, 2.27 t, and 3.70 t more
steel compared to the QPSO algorithm proposed in this study. This indicates that the
developed QPSO algorithm minimizes the steel usage for the shell, demonstrating the
higher accuracy and reliability of this optimization method.

Table 3. Assessing the optimized outcomes of the K6 reticulated shell.

Member Set
Sectional Area (cm2)

QPSO GSL&PS-PGSA [36] SPGG-HA [39] INGA [40] GA [40]

1 12.32 12.32 13.78 13.0 13.0
2 11.44 11.44 11.44 12.0 14.0
3 9.93 9.93 9.93 12.0 15.0
4 13.82 13.82 13.82 15.0 15.0
5 13.82 13.82 13.82 15.0 15.0
6 13.82 13.82 13.82 14.0 14.0
7 13.82 13.82 11.44 18.0 16.0
8 13.82 13.82 11.44 14.0 19.0
9 13.82 13.82 11.44 11.0 11.0

Shell weight (t) 42.83 42.83 42.91 45.10 46.53

4. Cable-Stiffened SLSRS Wind Resistance Optimization
4.1. Structural Model and Load

The introduction of prestressed cables can significantly enhance the dynamic per-
formance of SLSRSs [20]. However, optimizing cable-stiffened SLSRSs involves a more
complex set of variables than those for traditional SLSRSs. These variables include discrete
variables such as section dimensions and continuous variables such as cable prestress.
The improved mixed-variable QPSO algorithm proposed in this study is well suited for
optimizing such structures. A study on the wind resistance optimization of cable-stiffened
SLSRSs was conducted, as displayed in Figure 5. The span of the shell was, uniformly,
60 m, with a rise of 10 m, resulting in a span–rise ratio of 1/6. The shell was evenly divided
into 18 grids along the span. Except for the boundary members, all other members of the
shell were equal, with a member length of 3.5 m. The members were made of seamless
Q235 steel tubes of type ϕ203 × 8, complying with the design specification [41]. The struts
were made of seamless Q235 steel tubes of type ϕ168 × 8 with a length of 700 mm. The
sectional area of the cables was 302.18 mm2, with a prestress of 200 MPa applied. The
yield strength of the shell members and struts was 2.35 × 108 Pa, and the elastic modulus
was 2.06 × 1011 Pa. The prestressed cables were made of galvanized steel strands of grade
1670 [42], with a tensile strength of 1.67 × 109 Pa and an elastic modulus of 1.6 × 1011 Pa.
Both the steel and cables had a density of 7850 kg/m3 and a Poisson’s ratio of 0.3. The
structural damping ratio was 0.02. Considering that the roof was non-accessible, the live
load was taken as 0.5 kN/m2. The shell nodes were assumed to be fully rigidly connected,
and the self-weight of the nodes was considered as 10% of the self-weight of the shell. The
boundary conditions were set as three-directional hinged supports around the perimeter,
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with a support height of 20 m. The structure was located in a Class B site [43], with a basic
wind pressure of 0.55 kN/m2 and a basic wind speed of 30 m/s at a height of 10 m.
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Figure 5. Cable-stiffened SLSRS model.

Due to the complexity of calculating the wind-induced vibration response of the
structure using the time-history analysis method, the equivalent static wind method was
commonly used in practical engineering wind resistance design to calculate wind loads on
the structure. For convenience in engineering applications, the equivalent static wind load
calculation formula [43] used in this study for wind resistance optimization design is given
as follows:

wk = µsµzw0 + µdµzw0 (33)

where wk is the standard value of the wind load, w0 is the basic wind pressure, µz is the
wind pressure height variation coefficient, µs is the wind load shape coefficient, and µd
is the equivalent wind pressure coefficient of fluctuating wind effects. The method for
determining the wind load shape coefficient µs is provided in the design specification [43],
as displayed in Figure 6 and Table 4.
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Table 4. Spherical roof-wind load shape coefficient values [43].

f/L
Roof Partition

a b c d e

1/4 −0.2 −0.9 −1.3 −0.8 −0.4
1/6 −0.4 −0.9 −1.0 −0.8 −0.4
1/8 −0.6 −0.9 −1.0 −0.8 −0.5
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Appendix B of the design specification [43] provides values for the equivalent wind
pressure coefficient of fluctuating wind effects, µd, for several typical roof structures. For
SLSRS structures, as displayed in Figure 7, the equivalent wind pressure coefficient of
fluctuating wind effects, µd, can be determined using Equations (34)–(36), where µp is the
peak equivalent wind pressure coefficient of wind-induced fluctuating responses, with
values listed in Table 5, f ∗ is the reduced frequency, L is the shell span, and n is the first-
order natural frequency of the structure. It can be observed that the fluctuating wind
load on the shell is related to the natural frequency, span, span–rise ratio, and basic wind
pressure of the shell. Therefore, when optimizing the section or shape of the cable-stiffened
SLSRS, changes in the member section or geometric shape will inevitably lead to changes
in the natural frequency of the structure, which, in turn, will affect the fluctuating wind
load on the structure. Thus, during the wind resistance optimization of the cable-stiffened
SLSRS, the wind load should be updated in each iteration.

µd = ±µp (34)

f ∗ = nL/U (35)

U = 40
√

w0 (36)
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Table 5. Peak equivalent pressure coefficients of wind-induced fluctuating response of spherical
roof [43].

Roof Partition f/L=1/4 f/L=1/6 f/L=1/8

c1 −0.04 f ∗ + 1.2 −0.01 f ∗ + 0.9 −0.02 f ∗ + 1.1
c2 −0.03 f ∗ + 0.9 −0.03 f ∗ + 0.8 −0.02 f ∗ + 0.9
c3 −0.02 f ∗ + 0.7 −0.02 f ∗ + 0.7 −0.02 f ∗ + 1.0
c4 −0.03 f ∗ + 0.8 −0.02 f ∗ + 0.7 −0.01 f ∗ + 0.7

Furthermore, it is worth noting that under the action of fluctuating wind loads, the
vibration of the shell includes both upward and downward vibrations. When the shell
vibrates upward, the equivalent wind pressure coefficient of fluctuating wind effects, µd,
takes a negative value, indicating that the equivalent static wind load is an upward wind
suction. Conversely, when the shell vibrates downward, the equivalent wind pressure
coefficient µd takes a positive value, indicating that the equivalent static wind load is a
downward wind pressure [44]. Therefore, when calculating the equivalent static wind load
on the shell, both conditions should be considered as described in Equation (34). Conse-
quently, this study designed a total of six conditions controlled by wind load, considering
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both upward suction and downward pressure as the two different fluctuating wind load
conditions, as listed in Table 6.

Table 6. Conditions of load combinations [45].

Condition Load Combination

1 1.0 × permanent load + 1.5 × wind load (upward suction)
2 1.0 × permanent load + 1.5 × wind load (downward pressure)
3 1.3 × permanent load + 1.5 × 0.7 × live load + 1.5 × wind load (upward suction)
4 1.3 × permanent load + 1.5 × 0.7 × live load + 1.5 × wind load (downward pressure)
5 1.3 × permanent load + 1.5 × live load + 1.5 × 0.6 × wind load (upward suction)
6 1.3 × permanent load + 1.5 × live load + 1.5 × 0.6 × wind load (downward pressure)

4.2. Optimization Mathematical Model

This study employed the proposed mixed-variable QPSO algorithm to conduct wind
resistance optimization studies on cable-stiffened SLSRSs. The optimization included both
section optimization and shape optimization. It is noteworthy that there are some classical
methods for calculating the optimal shell shape, like the minimum bending moment
method and thin shell theory. The former method minimizes the internal bending moments
of the shell under external loads by optimizing its geometric shape, and the latter solves for
the optimal shape of the shell based on classical thin shell mechanics through mathematical
modeling and analytical methods. However, these methods are usually applied under the
assumption of geometric linearity. Moreover, they cannot account for the introduction of
prestressed cables well and are not effective enough for optimizing variables such as cable
prestress, which makes them unsuitable for the wind resistance optimization of complex
cable-stiffened SLSRSs. In contrast, the QPSO algorithm proposed in this study enabled the
effective optimization of the different sections and the shell shape under wind loads.

It is important to note that in the shape optimization conducted in this study, the
variables affecting the macroscopic surface shape of the shell were optimized rather than
the node coordinates of the shell structure. This was because the shell had a large number of
node coordinates, and directly using them as optimization variables would have increased
the complexity of the optimization. Furthermore, the node coordinates of the shell structure
were not randomly distributed but were determined by the macroscopic surface shape of
the shell. Therefore, this study converted the optimization variables from node coordinates
to macroscopic surface shape parameters, thereby simplifying the optimization problem.
The macroscopic surface shape parameters selected in this section were the rise and strut
length of the cable-stiffened SLSRS.

The optimization mathematical model included three aspects: design variables, ob-
jective function, and constraints. When conducting wind resistance section optimization
and shape optimization for cable-stiffened, single-layer spherical reticulated shells, the
mathematical models for both optimizations had the same objective function and con-
straints, differing only in the design variables. For both section optimization and shape
optimization, the design variables included the member section dimension Ab, cable section
dimension Ac, strut section dimension As, and cable prestress P. Additionally, the shape
optimization included two more design variables: the shell rise P and the strut length Ls.
Considering the large number of members in the cable-stiffened SLSRS and the imprac-
ticality of individually optimizing each member in practical engineering scenarios, this
study grouped the shell members. Based on the distribution pattern of node displacements
under wind loads, which decrease from the central area of the shell to the supports around
the [21], the members were divided into four groups, as displayed in Figure 8. During the
optimization process, each type of member was assigned the same section size, resulting
in a total of four design variables for the shell members. The other design variables were
treated as a single group.
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In this study, the wind resistance section optimization and shape optimization of the
cable-stiffened SLSRSs were both aimed at minimizing the construction cost. Ignoring
the impact of the nodes, the expression for the construction cost of the shell is given by
Equation (37). Since the densities of the steel and cables are the same, the optimization
objective can be simplified from the construction cost to the volume of the shell, as displayed
in Equation (38), where F is the construction cost of the shell; V is the volume of the shell;
C1 and C2 are the unit weight prices of the steel members and prestressed cables; m, n, and
r are the numbers of members, cables, and struts; ρbi, ρcj, and ρsq are the densities of the
members, cables, and struts; Vbi, Vcj, and Vsq are the volumes of the i-th member, j-th cable,
and q-th strut; and η is the ratio of the unit cost of the cables to that of steel, which is taken
as 1.5 in this study.

minF = C1

(
m

∑
i=1

ρbiVbi +
r

∑
q=1

ρsqVsq

)
+ C2

n

∑
j=1

ρcjVcj (37)

minV =
m

∑
i=1

Vbi +
r

∑
q=1

Vsj + η
n

∑
j=1

Vcj (38)

In addition, when optimizing the wind resistance of SLSRSs, it is necessary to fully
consider various constraints. The constraints include member strength constraints, member
stability constraints, member slenderness ratio constraints, and node displacement con-
straints, as displayed in Equations (25)–(32). For prestressed cables, the strength can be
calculated according to Equation (39), where σc is the strength stress of the cable, Nc is the
axial force of the cable, and fc is the design strength value of the cable. The design strength
value of the cable should be controlled within 40% to 55% of the ultimate tensile strength of
the cable [42]. Therefore, this study takes the design strength value of the cable as 668 MPa,
which is 40% of the ultimate tensile strength of 1670 MPa.

σc =
Nc

Ac
≤ fc (39)

The proposed mathematical optimization model includes strength constraints, stability
constraints, displacement constraints, and slenderness ratio constraints, making it a multi-
constraint optimization problem. Due to the inconsistent dimensions of various constraints,
this can result in large differences in constraint values, which may affect the convergence
of the algorithm. Therefore, it is necessary to normalize and remove dimensions from
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these constraints. Additionally, to ensure the safety and reliability of the structure, the
safety factor of the structure in practical engineering is generally taken as 0.7 to 0.8. Hence,
this study adopted a conservative safety factor of 0.7 for the shell members, and the
corresponding constraints are given in Equations (40)–(44). Besides the aforementioned
constraints, this study also imposed constraints on other parameters of the cable-stiffened
SLSRS. The section size variables of the members and struts used the same allowable
discrete set of sections, as listed in Table 7. The discrete set of cable section size variables
included 25 specifications of steel strands, as listed in Table 8. Furthermore, the upper and
lower limits of the cable prestress values were set to 0 and 668 MPa, respectively. The upper
and lower limits of the shell rise were set to 15 m and 7.5 m, respectively, which were 1/4
and 1/8 of the shell span. The upper and lower limits of the strut length were set to 1.75 m
and 0.7 m, respectively, which were 1/2 and 1/5 of the shell member length.

σi/ f − 0.7 ≤ 0 (40)

σc/ fc − 0.7 ≤ 0 (41)

σw/ f − 0.7 ≤ 0 (42)

δ/[δ]− 1.0 ≤ 0 (43)

λ/[λ]− 1.0 ≤ 0 (44)

Table 7. Sectional allowable discrete set of members and struts [41].

No. Dimension
(mm)

Sectional
Area (cm2) No. Dimension

(mm)
Sectional

Area (cm2) No. Dimension
(mm)

Sectional
Area (cm2)

1 ϕ60 × 3.5 6.21 16 ϕ95 × 5 14.14 31 ϕ140 × 8 33.18
2 ϕ63.5 × 3.5 6.60 17 ϕ102 × 5 15.24 32 ϕ146 × 8 34.68
3 ϕ68 × 3.5 7.09 18 ϕ108 × 5 16.18 33 ϕ152 × 8 36.19
4 ϕ68 × 4 8.04 19 ϕ114 × 5 17.12 34 ϕ159 × 8 37.95
5 ϕ70 × 4 8.29 20 ϕ108 × 5.5 17.71 35 ϕ146 × 9 38.74
6 ϕ73 × 4 8.67 21 ϕ121 × 5 18.22 36 ϕ168 × 8 40.21
7 ϕ70 × 4.5 9.26 22 ϕ114 × 5.5 18.75 37 ϕ152 × 9 40.43
8 ϕ83 × 4 9.93 23 ϕ127 × 5.5 20.99 38 ϕ159 × 9 42.41
9 ϕ70 × 5 10.21 24 ϕ121 × 6 21.68 39 ϕ180 × 8 43.23

10 ϕ73 × 5 10.68 25 ϕ127 × 6 22.81 40 ϕ168 × 9 44.96
11 ϕ83 × 4.5 11.10 26 ϕ133 × 6 23.94 41 ϕ194 × 8 46.75
12 ϕ89 × 4.5 11.95 27 ϕ133 × 6.5 25.83 42 ϕ180 × 9 48.35
13 ϕ95 × 4.5 12.79 28 ϕ133 × 7 27.71 43 ϕ203 × 8 49.01
14 ϕ89 × 5 13.19 29 ϕ140 × 7 29.25 44 ϕ194 × 9 52.31
15 ϕ102 × 4.5 13.78 30 ϕ146 × 7 30.57 45 ϕ203 × 9 54.85

Table 8. Allowable discrete set of cable sections [42].

No. Sectional Area (mm2) No. Sectional Area (mm2)

1 49.48 14 153.73
2 56.30 15 182.80
3 59.69 16 196.44
4 67.35 17 216.62
5 72.23 18 238.76
6 78.94 19 244.39
7 87.96 20 297.57
8 94.15 21 302.18
9 96.27 22 355.98
10 100.88 23 382.92
11 116.24 24 385.10
12 125.50 25 464.96
13 152.81
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4.3. Wind Resistance Optimization Process

The wind resistance optimization design process in this study can be divided into two
parts: one part is the finite element analysis of the cable-stiffened SLSRS, and the other
part is the iterative updating of the optimization variables. Therefore, this study adopted
a method combining ANSYS and MATLAB to develop the wind resistance optimization
design program. The parametric modeling and finite element analysis of the cable-stiffened
SLSRS were carried out in ANSYS, while the iterative updating of optimization variables
using the mixed-variable QPSO algorithm was implemented in MATLAB. The shell mem-
bers and struts were simulated using the BEAM188 element, both of which were regarded
as ideal elastic–plastic elements, and the bilinear isotropic hardening model was used.
The prestressed cables were simulated using the LINK10 element and were considered
ideal elastic materials. Since the cables stopped working under compression in the actual
working state, the LINK10 element was set to be tension only, and the initial strain method
was used to introduce the cable prestress. Compared to the limitations of using Euler’s
method in large deformation and nonlinear deformation analyses, employing nonlinear
geometrical analysis for cable-stiffened SLSRSs under dynamic loads, which exhibit sig-
nificant deformations, was considered feasible. This approach facilitates obtaining highly
accurate and reliable analytical results through numerical simulations [20]. It is noteworthy
that the block Lanczos method was employed in this study for the analysis of the shell’s
natural frequencies. Figure 9 displays the displacement cloud diagram of the cable-stiffened
SLSRS, which is mentioned in Section 4.1, under the condition of only bearing the cable
prestress. It can be observed that the maximum displacement of the shell is only 12.6 mm,
which is relatively very small compared to the dimensions of the shell. It can be concluded
that the application of the initial prestress of the cables would not significantly influence
the structural elements before the impact of wind loads.
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The specific steps for the wind resistance optimization design of the cable-stiffened
single-layer spherical shell based on the mixed-variable QPSO algorithm are described
as follows:

Step 1: Determine parameters such as the population size, maximum number of itera-
tions, particle dimension, particle feasible domain, number of constraints, and allowable
values of constraints, and randomly initialize the positions of the population particles using
Equation (21).

Step 2: Use MATLAB’s parallel computing toolbox to assign each particle in the
population to different CPUs for computation.
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Step 3: Match the section sizes of the members, struts, and prestressed cables with the
sizes in the steel pipe database and cable database, respectively, to achieve discretization,
and then output the values of each design variable.

Step 4: Use MATLAB’s system function to call ANSYS, and then read the values of
each design variable on the ANSYS platform to complete the parametric modeling of the
cable-stiffened SLSRS.

Step 5: Based on the newly established shell model, update the first-order natural
frequency of the shell and the equivalent static wind load on the shell according to Equations
(33)–(36), apply the updated load to the shell, and perform finite element analysis.

Step 6: After the finite element computation, obtain the calculated values of the
constraint variables such as the maximum strength stress, maximum node displacement,
maximum slenderness ratio of members, maximum stability stress, and the volume of the
shell through ANSYS post-processing, and output the results.

Step 7: Read the ANSYS output results on the MATLAB platform, calculate the
redundancy of each constraint variable, and then calculate the fitness value of the particle
according to Equation (22).

Step 8: Summarize the computation results from each CPU to the current MATLAB
workspace, and update the global best solution and individual best solution according to
Equations (15)–(17) based on the fitness values of the particles.

Step 9: Update the positions of the particles in the next generation according to the
particle position evolution formula, Equation (13), of the QPSO algorithm, and if a particle
flies out of the feasible domain, pull it back into the feasible domain.

Step 10: If the function reaches the maximum number of iterations, select the current
global extremum as the optimal solution; otherwise, return to Step 2.

5. Wind Resistance Optimization of Cable-Stiffened SLSRS
5.1. Section Optimization

The objective of the section optimization was to minimize the total volume of the shell.
The design variables included the member section dimension, cable section dimension,
strut section dimension, and cable prestress. The population size of the algorithm was set
to 20, and the maximum number of iterations was set to 400. The optimization iterative
process curves for the shell under six different wind load conditions were obtained, as
displayed in Figure 10. It can be observed that the optimization iterations of the shell show
a good trend of gradually decreasing to convergence, with the optimization of the shell
under each condition stably converging to the optimal solution before 300 iterations.
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The section optimization results of the cable-stiffened SLSRSs under various load
conditions are listed in Table 9. It was found that the optimized volume of the shell under
condition 6 was the largest, at 4.986 m3, indicating that condition 6 was the controlling load
condition for the shell. Therefore, the optimization result under condition 6 was selected as
the final result for the section optimization of the cable-stiffened SLSRSs. Compared to the
initial design volume of 10.996 m3, the optimized volume under condition 6 decreased by
54.7%, significantly reducing the steel consumption of the shell. The calculation results of
the constraints after the optimization of the cable-stiffened SLSRS under each condition are
listed in Table 10. As shown in the table, the calculated values of the constraints under each
condition were less than their respective limits, indicating that the wind resistance section
optimization results of this section were effective.

Table 9. Wind-resistant section optimization results under various load conditions.

Variable
Condition

1 2 3 4 5 6

Member
(mm)

1 ϕ83 × 4 ϕ121 × 5 ϕ121 × 5 ϕ133 × 6 ϕ121 × 5 ϕ133 × 7.0
2 ϕ83 × 4 ϕ127 × 5.5 ϕ73 × 4 ϕ133 × 6 ϕ121 × 5 ϕ133 × 6
3 ϕ83 × 4 ϕ121 × 5 ϕ73 × 4 ϕ127 × 6 ϕ121 × 5 ϕ133 × 6
4 ϕ83 × 4 ϕ127 × 5.5 ϕ73 × 4 ϕ133 × 7 ϕ127 × 5.5 ϕ133 × 6

Strut (mm) ϕ60 × 3.5 ϕ60 × 3.5 ϕ60 × 3.5 ϕ60 × 3.5 ϕ60 × 3.5 ϕ60 × 3.5
Cable area (mm2) 49.48 49.48 49.48 49.48 49.48 49.48
Cable stress (MPa) 128.76 194.79 310.43 108.60 178.58 113.53

Shell volume (m3) 2.223 3.863 2.753 4.686 3.707 4.986

Table 10. The constraint condition results after section optimization under various conditions.

Constraint Limiting Value
Condition

1 2 3 4 5 6

Strength stress 0.7 0.699 0.322 0.574 0.304 0.325 0.301
Stability stress 0.7 0.241 0.698 0.357 0.699 0.658 0.699
Displacement 1.0 0.237 0.089 0.105 0.136 0.071 0.146

Slenderness ratio 1.0 0.876 0.995 0.995 0.919 0.995 0.916

5.2. Shape Optimization

The shape optimization was also performed for the cable-stiffened SLSRSs. In compar-
ison to the four variables used in wind resistance section optimization, shape optimization
additionally considered two variables related to the shape of the shell: shell rise and strut
length, making a total of six variables. The introduction of these two variables allowed
for the shape of the shell to change during the optimization process. The optimization
objective remained the total volume of the shell. The population size of the algorithm was
set to 20, and the maximum number of iterations was set to 400. The wind resistance shape
optimization of the shell yielded optimization iteration process curves under six different
wind load conditions, as displayed in Figure 11. It can be seen that the optimization it-
erations of the shell show a good trend of gradually decreasing to convergence, with the
optimization of the shell under each condition stably converging to the optimal solution
before the 300th iteration.

The shape optimization results for the cable-stiffened SLSRSs under different load
conditions are listed in Table 11. It was observed that the optimized volume under load
condition 6 was the largest, at 4.803 m3, indicating that condition 6 was the governing load
case for the shell. Consequently, the optimization result for condition 6 was selected as the
final shape optimization outcome. Compared to the initial design volume of 10.996 m3,
the optimized volume under condition 6 was reduced by 56.3%, significantly decreasing
both the steel usage and construction cost. The constraint values after shape optimization
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for each load condition are listed in Table 12. The data demonstrate that all constraint
values for the various load conditions are within their respective limits, confirming the
effectiveness and validity of the wind resistance shape optimization results.

Buildings 2024, 14, x FOR PEER REVIEW 22 of 26 
 

Shell volume (m3) 2.223 3.863 2.753 4.686 3.707 4.986 

Table 10. The constraint condition results after section optimization under various conditions. 

Constraint 
Limiting 

Value 
Condition 

1 2 3 4 5 6 
Strength stress 0.7 0.699 0.322 0.574 0.304 0.325 0.301 
Stability stress 0.7 0.241 0.698 0.357 0.699 0.658 0.699 
Displacement 1.0 0.237 0.089 0.105 0.136 0.071 0.146 

Slenderness ratio 1.0 0.876 0.995 0.995 0.919 0.995 0.916 

5.2. Shape Optimization 
The shape optimization was also performed for the cable-stiffened SLSRSs. In com-

parison to the four variables used in wind resistance section optimization, shape optimi-
zation additionally considered two variables related to the shape of the shell: shell rise 
and strut length, making a total of six variables. The introduction of these two variables 
allowed for the shape of the shell to change during the optimization process. The optimi-
zation objective remained the total volume of the shell. The population size of the algo-
rithm was set to 20, and the maximum number of iterations was set to 400. The wind re-
sistance shape optimization of the shell yielded optimization iteration process curves un-
der six different wind load conditions, as displayed in Figure 11. It can be seen that the 
optimization iterations of the shell show a good trend of gradually decreasing to conver-
gence, with the optimization of the shell under each condition stably converging to the 
optimal solution before the 300th iteration. 

0 100 200 300 400

2

3

4

5

6

7

8

9

Sh
el

l v
ol

um
e 

(m
3 )

Iterative generation

 Condition 1   Condition 4
 Condition 2   Condition 5
 Condition 3   Condition 6

 
Figure 11. The iterative process of model ІІ shape optimization under various load conditions. 

The shape optimization results for the cable-stiffened SLSRSs under different load 
conditions are listed in Table 11. It was observed that the optimized volume under load 
condition 6 was the largest, at 4.803 m3, indicating that condition 6 was the governing load 
case for the shell. Consequently, the optimization result for condition 6 was selected as 
the final shape optimization outcome. Compared to the initial design volume of 10.996 
m3, the optimized volume under condition 6 was reduced by 56.3%, significantly decreas-
ing both the steel usage and construction cost. The constraint values after shape optimi-
zation for each load condition are listed in Table 12. The data demonstrate that all con-
straint values for the various load conditions are within their respective limits, confirming 
the effectiveness and validity of the wind resistance shape optimization results. 

  

Figure 11. The iterative process of model II shape optimization under various load conditions.

Table 11. Wind-resistant shape optimization results under various load conditions.

Variable
Condition

1 2 3 4 5 6

Member
(mm)

1 ϕ70 × 4.5 ϕ121 × 5 ϕ114 × 5 ϕ133 × 6 ϕ114 × 5 ϕ133 × 6.5
2 ϕ70 × 4 ϕ114 × 5 ϕ68 × 3.5 ϕ127 × 6 ϕ114 × 5 ϕ133 × 6
3 ϕ73 × 4 ϕ114 × 5 ϕ68 × 3.5 ϕ127 × 5.5 ϕ114 × 5 ϕ133 × 6
4 ϕ70 × 4.5 ϕ114 × 5 ϕ68 × 3.5 ϕ127 × 5.5 ϕ114 × 5 ϕ133 × 6

Strut (mm) ϕ60 × 3.5 ϕ60 × 3.5 ϕ60 × 3.5 ϕ68 × 4 ϕ60 × 3.5 ϕ60 × 3.5
Cable area (mm2) 49.48 56.30 49.48 49.48 49.48 49.48
Cable stress (MPa) 128.76 194.79 310.43 108.60 178.58 113.53

Shell volume (m3) 2.223 3.863 2.753 4.686 3.707 4.986

Table 12. The constraint condition results after shape optimization under various conditions.

Constraint Limiting Value
Condition

1 2 3 4 5 6

Strength stress 0.7 0.700 0.290 0.698 0.324 0.318 0.308
Stability stress 0.7 0.198 0.699 0.325 0.700 0.654 0.699
Displacement 1.0 0.278 0.143 0.314 0.138 0.149 0.146

Slenderness ratio 1.0 0.995 0.976 0.976 0.899 0.965 0.882

5.3. Comparison of the Results

The wind resistance section optimization results were compared with the wind resis-
tance shape optimization results for the cable-stiffened SLSRSs, as displayed in Figure 12. It
can be seen that, based on the section optimization, the shell volume can be further reduced
through shape optimization. The reduction in steel usage for each load condition is listed
in Table 13. It was found that, compared to section optimization, the reduction in steel
usage for the shell after shape optimization ranged from 3.7% to 10.2%. This indicates that
the shape of the shell significantly impacts the amount of steel used and the overall cost,
highlighting the importance of considering shape optimization in the design process.
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is listed in Table 13. It was found that, compared to section optimization, the reduction in 
steel usage for the shell after shape optimization ranged from 3.7% to 10.2%. This indicates 
that the shape of the shell significantly impacts the amount of steel used and the overall 
cost, highlighting the importance of considering shape optimization in the design process. 
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Figure 12. Comparison of section optimization and shape optimization results.

Table 13. Comparison of steel consumption between section optimization and shape optimization.

Optimization Type
Condition

1 2 3 4 5 6

Section optimization 2.223 t 3.863 t 2.753 t 4.686 t 3.707 t 4.986 t
Shape optimization 2.006 t 3.549 t 2.473 t 4.477 t 3.392 t 4.803 t

Reduction 9.8% 8.1% 10.2% 4.5% 8.5% 3.7%

6. Conclusions

This study proposed an improved mixed-variable QPSO algorithm based on the
traditional continuous QPSO algorithm. This algorithm was then applied to the wind
resistance optimization of cable-stiffened SLSRSs, including both section optimization and
shape optimization. The main conclusions of this study are drawn as follows:

(1) Through the case study analysis of the K6-type SLSRS, the optimization results ob-
tained using the proposed mixed-variable QPSO algorithm were compared with the
optimization results obtained using other algorithms in the existing literature. This
comparison verified the high accuracy and reliability of the improved QPSO algorithm
proposed in this study.

(2) The proposed mixed-variable QPSO algorithm was used to study the wind resistance
optimization method for cable-stiffened SLSRSs. A mathematical model for wind
resistance optimization was established, and the wind resistance optimization process
based on the mixed-variable QPSO algorithm was presented. An optimization design
program was developed using a combination of MATLAB and ANSYS. Finally, wind
resistance section optimization and shape optimization were performed on the cable-
stiffened SLSRSs. The optimization results indicated that the proposed mixed-variable
QPSO algorithm has good stability and a strong global search capability, providing
an effective approach to solving the wind resistance optimization problem of cable-
stiffened SLSRSs.

(3) By comparing the results of wind resistance section optimization and shape opti-
mization, it was found that the steel usage of SLSRSs can be further reduced after
shape optimization based on section optimization. After shape optimization, the steel
usage of the shell could be reduced by up to 10.2% compared to section optimization,
indicating that the shape of the shell significantly impacted the steel usage and overall
cost. Therefore, shape optimization should be given considerable attention in the
design process.
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