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Abstract. To optimize the skyscrapers and enhance its wind resistance performance under wind load, a wind
resistance optimization method for super high-rise building structure on the basis of improved Particle Swarm
Optimization (PSO) is built. Through the harmonic excitation method, the equivalent static wind load is
calculated, and the desired mathematical model is constructed. The chaotic mapping technology is introduced
and the chaotic local search strategy is adopted to further accurately optimize the update process of the global
optimal solution. The PSO converged rapidly in the first 50 iterations. The objective function value decreased
from about 0.45 to less than 0.1, and then the decline rate slowed down and tended to be stable. After 150
iterations, it was basically stable and close to 0, indicating that the optimal solution was found. The initial target
value of quantum-behaved PSO was about 0.5, which decreased rapidly in the first 50 times, and slowly
optimized from 50 to 200 times, and then tended to be stable and close to 0 after 200 times. The algorithm
converged rapidly in the first 50 times, and had good stability after 200 times, which could find a better solution.
The displacement and stress of the optimized structure under wind load meet the specification, the local search
efficiency of quantum-behaved PSO is higher, and the global search ability is enhanced by chaotic mapping.
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1 Introduction

Skyscrapers are buildings with more than 40 floors or more
than 100 meters in height. In recent years, skyscrapers have
developed rapidly [1]. As the main natural disaster
affecting human activities, wind disaster has a significant
impact on the upper floors of skyscrapers. Due to the lack of
shelter, the upper floor is subject to strong wind load, which
leads to significant vibration and brings discomfort and
panic to people. Super high-rise buildings have complex
structures, numerous components, and diverse stress
conditions. The traditional design method is time-consum-
ing, laborious, and conservative [2,3]. However, strength-
ening the building structure to resist the wind load is not
only expensive, but also increases the building weight.
Reducing acceleration response under wind load and
improving comfort have always been the research focus
of engineers. Ensuring the structural safety of skyscrapers
is currently a key focus [4]. Kumar and Prakash analyzed
the application of micro wind turbines in high-rise
buildings and used them as turbine towers. Based on the
wind chart, the wind behavior at different heights was
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analyzed, and the wind power generation potential of
different states in India was evaluated. The results showed
that the micro wind turbine also performed well in the
home [5]. Wang and Zhang analyzed the wind load
distribution, Equivalent Static Wind Load (ESWL) and
wind-induced response of skyscrapers. The maximum
values of wind-induced overturning moment and accelera-
tion response occurred in 60° and 330° wind directions. The
aerodynamic interference of surrounding buildings affected
the wind pressure distribution [6]. To enhance the stability
of skyscraper steel structures, Lu et al. calculated the
additional internal force on the basis of the stress model.
The node data was divided into terrain and ground object
data. The noise was reduced by filtering, and the laser
scanning data was processed. Combined with these data,
the wind-induced reliability was analyzed using the
stiffness formula, demonstrating high reliability and short
analysis time [7]. Cui et al. measured the surface pressure of
three skyscrapers through wind tunnel test. The influence
of various wind direction angles and spacing ratios on shape
coefficient was analyzed. The fluctuation of wind pressure
coefficient was influenced by the spacing ratio [8].

The long-span roof structure refers to the roof structure
covering a large area of space and with a long span. Its
structural stability and wind resistance performance need
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to be specially considered in the design and optimization
process [9]. Chen et al. used nonlinear dynamic time history
analysis to study the wind-induced response characteristics
of the structure. With the increase of wind speed, the
maximum displacement shifted from the top to the
windward area, which may lead to displacement overrun
[10]. Air rib tents are popular for their portability and
adaptability, but their large deformation reduces the
effective space, and parameter optimization can reduce
the displacement. Liu et al. discussed the influence of
external factors on the tent. The angle and number of wind
ropes had the greatest influence on the displacement. Based
on the response surface method, the obtained wind rope angle
was 41°, and the initial prestress of the end wind rope was
800Pa. After optimization, the maximum displacement
decreased by 10.2%, and the maximum stress changed little
[11]. Wang et al. constructed a large-span integral tension
structure of ETFE roof based on two-way cable net support.
The construction project ensured the structural stability,
shortened the construction period and reduced the cost. The
prestress level was the key step of flexible structure design
optimization. The whole process required high precision and
high standard [12]. Chen et al. analyzed the long-span
transversely reinforced suspension cable system considering
the construction period. The Newton-Raphson method was
applied for geometric nonlinear analysis. The maximum
shape error was between 0.33% and 0.98%, and the shape
control was accurate. The load response analysisshowed that
the strength criterion mainly controlled the stress level, and
the stiffness criterion controlled the shape, realizing the
accurate control of the shape in the self balanced state [13].
To sum up, some research focus on the wind-induced
response of a specific wind direction and a single building,
but lack comprehensive research on multiple buildings, and
fail to fully consider the wind load characteristics under
different terrain and climate. When simulating super high-
rise buildings, some studies ignore the nonlinear character-
istics of the detail structure and materials, resulting in the
deviation between the results and the actual situation.
There are errors in stress model and finite element analysis
when dealing with complex wind loads, especially in high
wind speed and extreme conditions. Quantum-behaved
Particle Swarm Optimization (QPSO) has global search
ability, fast convergence speed and strong adaptability. It
has a wide application in optimizing wind resistance
performance when designing skyscrapers. Therefore, the
chaotic mapping is introduced to improve the local
optimization of QPSO. A wind resistant optimization
model is built to minimize the sectional area of the member
and satisfy the constraints of displacement and stress. The
optimal design scheme is selected using the sum of particle
distance and penalty function. The research aims to further
optimize the wind resistance performance and design
efficiency of skyscrapers by combining the improved PSO
algorithm with the existing wind tunnel test methods.

2 Methods and materials

The improved QPSO combines wind tunnel test data and
numerical simulation methods to optimize the wind

resistance performance of skyscrapers and large-span roof
structures. Firstly, the ESWL is calculated by harmonic
excitation method and Load Response Correlation (LRC)
method, and the wind resistance optimization mathemati-
cal model satisfying the displacement and stress con-
straints is established. To improve the convergence effect of
QPSO, chaos mapping technology introduced, which is an
optimization method based on chaos theory. Chaotic
variables are introduced to replace random variables in the
traditional algorithm to enhance the global search ability
and convergence speed. Chaotic maps are deterministic
and pseudo-random, which can explore the search space
more evenly in the global range, and avoid falling into local
optimal solution.

2.1 Wind resistant design of skyscrapers structures
based on QPSO

Wind tunnel test technology is used to simulate and
analyze the effect of air flow on objects. By placing a
reduced scale model in the wind tunnel, the wind speed and
direction are controlled, and the force and pressure
distribution caused by air flow are analyzed to help
evaluate the wind resistance performance, aerodynamic
characteristics and wind load distribution of the structure.
The wind load calculation process usually includes the
following steps. First, determine the basic wind speed, wind
direction frequency, surface roughness and other meteoro-
logical parameters of the building location. Then, depend-
ing on the basic wind speed, the wind pressure is calculated,
usually using the standard formula. Then, considering the
shape and structural characteristics of buildings, wind
pressure distribution, especially for high-rise buildings and
long-span structures, height changes and local effects
should be considered. After that, the wind pressure is
converted into ESWL and distributed in key parts. The
wind load is used to analyze the structure, check the
displacement, stress and other responses, and optimize the
design according to the results. The test wind direction
angle and measuring point arrangement are shown in
Figure 1.

In Figure 1, the pressure measurement test design
covers seven different wind directions, ranging from 90°
to 180° and the measurement is made every 15°. Through
this fine arrangement, the pressure distribution charac-
teristics of each wind direction can be fully captured,
which provides detailed data support for the wind
resistance performance analysis of the structure. Har-
monic Excitation Method (HEM) is a technology used to
examine the dynamic response of structures. It simulates
the periodic external excitation of structures in the
actual environment by applying harmonic excitation of a
specific frequency [14,15]. Due to the large degree of
freedom of long-span structures, HEM can improve the
calculation efficiency while ensuring the accuracy, as
displayed in formula (1).

[M]n X n{y}nx 1 + [C]n X n{y}n x 1

+[K]n><n{y}n><l = {pT(t)}nxl' (1)
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Fig. 1. Definition of test wind direction and arrangement of
measuring points.

In formula (1), [M], [C] and [K] signify mass matrix,
damping matrix, and stiffness matrix. The dimensions of
the three matrices are nx n. {y}, {#} and {y} represent
displacement vector, velocity vector, and acceleration
vector. The dimensions of the three vectors are n x 1. The
random load vector is denoted as {p(t)}. The truncated
function vector is constructed by p(t). The research on
equivalent wind load mainly includes gust load factor
method, inertial wind load method and LRC [16]. The
ESWL of long-span roof structure under wind vibration is
calculated by LRC method. The ESWL is shown in formula

2).

T

[Fe]n*m« - |:F:| n*nr + gf* [’Orfaf] n*nr’ (2)

In formula (2), JFJ represents the average wind load
matrix, representing the average wind load on each degree
of freedom, with a dimension n x nr. gris the gust factor, a
scalar, which is used to adjust the wind load to consider the
gust effect. p,¢stands for the load correlation matrix, and
the dimension is n x nr, indicating the correlation of wind
loads between different degrees of freedom. T represents
the transpose symbol of the matrix, which means to
transpose the matrix [p,.faf]. o signifies the standard
deviation matrix of wind load, with dimension n X nr,
representing the standard deviation in each degree of
freedom, which is applied to quantify the fluctuation of
wind load. The wind resistance optimization model is
shown in formula (3) [17].

10080
mlnf(m) = pzxilz (1:) [”U] <0
=1
g1 (z) =0 (3)
92(2)=0 (2)~[0] <0
x}b <z < a;}fb

In formula (3), minf(z) represents the wind resistance
of the entire system or some energy consumption indicator
related to it. p represents the weight coefficient related to
wind resistance. z; represents the ith optimization variable.
l; represents the coefficient of the ith optimization variable.
v(x) represents the wind speed under the system design
result. [v] is the allowable upper limit of wind speed. o ()
represents the stress or response value of a physical
quantity under the design result of the system. [o]
represents the allowable upper limit corresponding to
o (z). xlj‘b and x}b represent the upper and lower limits of the
jth design variable, respectively. The construction of wind
resistance optimization model is the core to improve the
wind resistance performance of skyscrapers. In this process,
PSO algorithm will play a key role in finding the optimal
solution in structural design by simulating the flight
behavior of particle swarm. This involves not only the
determination of the geometry and material parameters of
the structure, but also the minimization of the cross-
sectional area of the member under the premise of
satisfying the displacement and stress constraints. In this
way, it is possible to optimize the use of materials and
reduce construction costs while ensuring the safety of the
structure. The QPSO algorithm introduces the concept of
quantum dynamics on the ground of the original PSO,
eliminating the velocity and direction of particle move-
ment. It can more effectively solve high-dimensional and
complex optimization problems. The wind resistance
optimization process of skyscrapers structures on the basis
of QPSO is displayed in Figure 2.

In Figure 2, first, the problem is encoded and the QPSO
is initialized, including population size and maximum
iterations. After initialization, the generated solution is
subjected to feasibility testing. If the solution is not
feasible, it is adjusted through mutation operations to
ensure that it meets the constraint conditions. Next, the
fitness of each feasible solution is calculated based on
indicators such as structural weight, displacement and
stress under wind loads. Afterwards, the Individual
Optimal Solution (Pbest) is calculated, and the Global
Optimal Solution (Gbest) of the population is determined.
By updating the velocity and position, they can explore
better solutions. The iterative process continues until the
predetermined stopping condition or maximum iterations
are satisfied, and the final output is the optimal solution.
This process provides diversity of initial solutions for
subsequent optimization calculations, ensuring that the
algorithm can effectively explore the Gbest. The cross-
sectional area of steel structure circular pipes is shown in
formula (4).

(4)

T = leb + 8-(3:}”7 - a:]u’>

In formula (4), z; ; signifies the value of the j-th variable

in the 4-th design scheme, indicating the specific area of the
steel structure circular pipe section under the current
scheme. z!* represents the lower limit value of the jth
variable, which is the minimum allowable value of the

cross-sectional area of the steel structure circular tube. :L”;b
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Fig. 2. Wind resistance optimization process of super tall building structure based on QPSO algorithm.

represents the upper limit value of the jth variable, which
is the maximum allowable cross-sectional area of the steel
structure circular tube. € signifies a random number equally
distributed [0,1] to generate random variable values
between the lower and upper limits. The displacement
and stress response under equivalent wind load are
determined through structural analysis to obtain
the constraint redundancy. The fitness values of each
scheme are evaluated to select the best design. Compared
with the previous generation’s optimal solution, the Gbest
is updated. According to the QPSO algorithm, the next
generation design scheme is updated. If the particle exceeds
the feasible region, the sectional area of the member is
adjusted and pulled back into the feasible region using
formula (5).

J

b ub 1b » W
—r-(acj —xj),a:w <@

z;j(t) = x4 <x;’b — wl-b) y Tig > a:}‘b

(5)

zij(t) =

If it is detected that the design scheme does not meet
these key indicators, it is necessary to return for
re-evaluation and optimization of structural design
parameters, which may include adjusting the parameter
settings of the QPSO algorithm or the initial conditions
during the optimization process. Through continuous
iteration and verification, the selected solution is ultimate-
ly ensured to achieve the best balance in terms of structural
weight, wind resistance, and material utilization, meeting
the strict requirements of the design specifications. If not,
the total weight of the structure is recalculated. After-
wards, by changing the parameters of the QPSO algorithm
and repeating the optimization process, the impact of each
parameter on wind resistance optimization is analyzed.

2.2 Wind resistant optimization design of large-span
roof structures based on chaotic mapping

QPSO can decide the geometric model and material
parameters of large-span roof structures in wind resistant
design [18]. However, the QPSO algorithm has a high
computational complexity when solving large-scale engi-
neering problems, and parameter settings require experi-
mentation and empirical adjustment. Chaos mapping can
increase the particle swarm’s diversity and reduce the
possibility of particle aggregation, thereby improving the
robustness and stability of algorithms, especially suitable
for optimization problems with high non-linearity and
complex search spaces. Therefore, the study aims to
introduce chaotic mapping into QPSO and utilize its
dynamic properties to optimize the search efficiency and
convergence speed of QPSO. The wind resistance perfor-
mance indicators include maximum displacement, stress
distribution, and structural vibration response. The
optimization objective function can be set to minimize
wind-induced vibration displacement or stress. The
position update calculation of QPSO is displayed in
formula (6).

x;j(t + 1) = p; ;(t) £ V-[mbest;(t) — x; ;(t)|-In(1/u). (6)

In formula (6), V represents the scaling factor or control
parameter, which is typically applied to adjust the
contraction range of the particle search space and affect
the search behavior of the algorithm. mbest; (t) signifies the
average optimal position of all particles in dimension j at
t. z; ; (t) represents the position of the #th particle in the j-
th dimension at . u signifies a random number equally
distributed (0,1), used to introduce randomness and
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increase the exploration ability. The optimal position of an
individual is defined in formula (7).

(7)

In formula (7), ¢;(¢) represents the weight coefficient
used to balance the influence of individual optimal positions
and global optimal positions in the #th dimension at ¢,
usually a random number used to introduce randomness and
diversity. pbest; ;(t) represents the historical optimal posi-
tion of the &-th particle in the j-th dimension at ¢, which is the
best solution. gbest;;(t) represents the global optimal
position found by all particles in the jth dimension at t,
which is the optimal solution of the entire population in that
dimension. The calculation process of the average individual
optimal position is shown in formula (8).

Pij(t) = ;(t)-pbest; ;(t) + [1 — @;(t)]-gbest; ;(t).

1M
mbest; ;(t) = MZpbesti,j(t)
=1

1M 1M | M
= <M Zpbestiﬁl (1), i Zpbesti_g(t), yv; Zpbesti,n (t))

=1 =1 i=1

In formula (8), M signifies the total particles in the
population. The contraction-expansion factor is shown in
formula (9).

_ (Tmax — t)(B1 — Bo)
'3 B ’30 * Tmax .

(9)

In formula (9), By represents the initial contraction-
expansion factor value, which is usually small and used in
the early stages to expand the search space and explore
more solutions. B, represents the final contraction-expan-
sion factor value, which is usually large and used in the later
stages of the algorithm to reduce the search space and help
converge to the optimal solution. T},., represents the total
number of iterations in the entire optimization process.
Compared with the previous generation, it is updated.
Then, the attractor p;;(t) is calculated according to the
formula and updated the particle position z;;(t). If the
maximum iterations or accuracy requirements are satisfied,
stop iterating. Otherwise, the process continues. To avoid
getting stuck in local minima, logistic chaotic mapping is
used instead of random numbers, and logistic chaotic local
search technique is used to update the Gbest, in order to
improve the search performance by utilizing its dynamic
and traversal properties [19]. Assuming a certain mutation
probability p,, (t), Logistic chaotic sequence is applied to
take the place of the random number method in QPSO
algorithm. If r> p,, (t), p,, (%) is the mutation probability,
as shown in formula (10).

{xm-(t + 1) = p; ; + B*|mbest;(t) — z; ;(t)[*In(1/u), k> 0.5

x;j(t + 1) = p; ; — B*|mbest;(t) — x; ;(t)[*In(1/u), k < 0.5°

(10)

If r<p,(t), the calculation process is displayed in
formula (11).

x; j(t+1) =Di; + B*|mbest;(t) — mivj(t)\*ln(l/cpi,j) ,k>0.5
z;j(t+1) =p; ; — B¥|mbest;(t) — x; ;(t)[*In(1/g; ;) k< 0.5.
Pij :é@i,j(l _‘Pi,j)

(11)

In formula (11), in the QPSO algorithm, if specific
conditions are met, it remains unchanged. Otherwise, the
random numbers in the update is replaced with logistic
chaotic values, which has better traversal and the ability to
avoid duplication. The initial chaotic value ¢ is within the
interval (0,1). Due to the randomness of QPSO, particles
may fall into local optima. To avoid this problem, logistic
chaotic local search technique is applied to the globally
optimal particles, first mapping their coordinates to
chaotic space for optimization.

Zi,j(t) = (.’I,‘Zj(t) — .%}Lb - l'éb) . (12)

Based on the Logistic chaos iteration formula (13), the
nonlinear dynamical characteristics is introduced into the
chaotic space, so that particles can more fully traverse the
entire search space, effectively avoiding the situation of
falling into local optimal solutions.

Z,’\j(t +1)= Szi.j(t) (1 - Zw(t))-

In formula (13), z;,(t) signifies the chaotic value of the
+th particle in the j-th dimension at ¢. The Tent mapping
formula is used to generate chaotic sequences, which is
characterized by the ability to generate nonlinear changes
under various conditions, increasing the randomness and the
traversal of the search space, thereby helping the optimi-
zation algorithm to escape from local optima. The definition
of Tent chaotic map is displayed in formula (14) [20].

(13)

. Z,’A’]‘/O.l,zi?j < 0.7
ziglt+1) = { 1001 - 2,)/3, 2,207 (14

In formula (14), z;;(t) represents the chaotic value of
the #-th particle in the jth dimension at t. When z; ;< 0.7,
the new chaotic value z;; (¢ + 1) is calculated using formula
2;;/0.1, which is equivalent to amplifying the current value.
When z,;>0.7, the new chaotic value z;(t+1) is
calculated using formula 10 (1 — 2, ;) /3, which is equivalent
to reversing the current value and then reducing it. The
wind resistance optimization process of super high-rise
buildings based on LCQPSO algorithm is shown in
Figure 3.

The wind resistant structure design process of sky-
scrapers in Figure 3 is as follows. First, the LCQPSO
algorithm parameters are initialized, including iteration
times, population size, etc., and the initial design scheme is
generated through formula (7). Then, the total weight is
calculated, and the displacement and stress under wind
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Fig. 3. Steps of wind-resistant optimization structural design of the large-span roof.

load are analyzed to determine the constraint redundancy.
The fitness of each scheme is evaluated, the optimal design
scheme is updated, and the Gbest is optimized by Logistic
chaotic local search. Finally, the section design scheme is
updated to ensure that the design is within the feasible
region.

3 Results

3.1 Algorithm performance comparison and
convergence analysis

In large-span roof structures, 10080 members are randomly
initialized into 13 categories based on the initial cross-
sectional area in Table 1. [v] represents the maximum
allowable deformation of the steel structure under load. [o]
is the maximum allowable stress that the component
material of the steel structure can withstand under normal
use. [1] =0.206m, and [o] = 235MPa. x;b and x}”’ are the
maximum and minimum allowable sectional area of circular
steel pipes in the standard, which are 1.41 x 10> m? and
0.76 x 102 m?, respectively.

Figure 4 shows the convergence process of optimal
solution design variables based on PSO algorithm.

According to Figure 4a, the first 3th dimensions
variables in the PSO algorithm converged rapidly in the
first 30 generations, followed by a decrease in oscillation
and convergence around 140 generations. Among the
variables in the 4th to 6th dimensions, the 4th and 6th
dimensions converged faster in the first 30 generations and
eventually converged around 180 generations, while the 5th
dimension converged faster in the first 60 generations and
finally converged around 130 generations. Among the 7-9
dimensional variables, the 7th and 8th dimensions
converged rapidly in the first 70 generations, the 9th
dimension converged faster in the first 140 generations, and
ultimately all three converged before the 340 generations.
Among the variables in the 10th to 13th dimensions, the
10th dimension converged faster in the first 10 generations.
This convergence speed and algebraic difference are mainly

Table 1. Initial sectional area and number of components.

Type of member  Initial area of the Section
member (x10~*m?)
0} 8.52 [1, 3126
o) 10.69 3127, 4942)
® 13.83 [4943, 6111]
@ 17.10 (6112, 7255
® 28.85 [7256, 9039]
©® 37.96 [9040, 9579]
@ 53.42 [9580, 9765]
® 57.82 [9766, 9865]
0] 78.05 [9866, 10019]
© 90.17 [10020, 10041]

due to the randommness of PSO algorithm and the
complexity of large-span roof structures, especially the
significant impact of wind loads on certain members.
Figure 5 shows the convergence of the optimal solution
variable based on QPSO.

As shown in Figure 5, the optimization calculation
based on QPSO algorithm had a very fast convergence
speed in the early iterations of the 1-3 dimensional
variables, indicating that QPSO had strong global search
ability and quickly approached the optimal solution. As the
iteration progressed, the variables gradually oscillated and
tended to stabilize, eventually converging around 160
generations. Compared with PSO algorithm, QPSO
algorithm had a faster convergence speed, which improved
the overall optimization efficiency. However, in the later
stage of local search, the performance difference between
the two was not significant, and both maintained the
stability and accuracy. Figure 6 displays the convergence
process of the optimal solution design variables on the basis
of the LCQPSO.
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Fig. 5. Variable convergence of optimal solution based on QPSO.

From Figure 6, the LCQPSO algorithm had a fast
convergence speed for the first 50 generations of the 1-3
dimensional variables in optimization calculations, fol-
lowed by a decrease in oscillations and convergence at
around 230 generations. Compared with traditional PSO
and QPSO algorithms, the LCQPSO algorithm had a
slightly slower convergence speed. Due to the randomness
of chaotic mapping and the characteristics of chaotic local
search, LCQPSO can effectively avoid getting stuck in local
optima, but requires more iterations to determine the
global optimum. Chaos mapping increases the complexity
of the search, allowing the algorithm to explore a wider
solution space and improve the quality of the final solution.
Figure 7 displays the constraint variation of stress and
displacement for three algorithms.

Asshown in Figure 7, with the increase of iterations, the
two indicators of Grey Wolf Optimizer algorithm first
fluctuated greatly and then stabilized. The Whale
Optimization algorithm showed a similar trend, but with

slightly smaller fluctuations and faster convergence speed
in the initial stage. In contrast, the LCQPSO algorithm had
the smallest initial fluctuations and reached a stable state
the fastest. Although the optimal particle displacement
redundancy was lower than the stress redundancy, the
displacement redundancy of other particles may still
exceed the constraint value. Figure 8 shows the normalized
constraint values of the three algorithms during the
optimization process.

Asshown in Figure 8, with the increase of iterations, the
normalized constraint values of the three algorithms
gradually decreased to 0. Figure 9 shows the particle
search space mapping of three algorithms at some key
iteration moments, intuitively reflecting the search behav-
ior and optimization effects of each algorithm at different
stages.

In Figure 9, at the initial iteration (¢=1), there were 4,
3, and 4 initial particles in the three algorithms on the
vertical axis, respectively, which belonged to feasible
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solutions. At t=40, most of the particles in the PSO were
close to the vertical axis. At t=80, PSO already had 8
particles as feasible solutions, and the particles of QPSO
and LCQPSO gradually approached the vertical axis. At
t=120, all particles of PSO were feasible solutions, while
QPSO and LCQPSO reached feasible solutions after 220
and 260 iterations, respectively.

3.2 Practical evaluation of optimization results

Figure 10 shows the performance comparison results of
three algorithms.

As shown in Figure 10, LCQPSO algorithm has the best
performance in the whole iteration process, and its
objective function value decreases rapidly and stabilizes
at a low level, and AUC value is close to 0.92, indicating
that the algorithm has high optimization efficiency and
stability. In contrast, although PSO and QPSO algorithms
also show good convergence, they are slightly worse than
LCQPSO in terms of the decline speed and stability of the
objective function value. The PSO algorithm rapidly drops
below 0.1 in the first 50 iterations and then tends to be
stable. The QPSO algorithm decreases rapidly in the first
50 iterations, but the optimization speed slows down in 50
to 200 iterations, and becomes stable after 200 iterations.
These results show that the LCQPSO algorithm with
chaotic mapping can effectively improve the search
efficiency and global optimization ability, especially when
dealing with complex engineering optimization problems,

it can find the optimal solution faster and maintain the
stability of the algorithm. Figure 11 shows the mean
normalization of population objective function values for
three algorithms.

From Figure 11a, in the first 50 iterations of the PSO
algorithm, the objective function value rapidly decreased
from about 0.45 to below 0.1, demonstrating the early
rapid convergence ability. After 50 iterations, the descent
rate slowed down and gradually stabilized, and the
fluctuation of the objective function value was small,
indicating that the algorithm was conducting local search.
At 150 iterations, the objective function value remained
stable at a level close to 0, indicating that the PSO
algorithm found the optimal solution. In Figure 11b, the
QPSO algorithm had a normalized objective function
value of approximately 0.5 at the initial iteration, which
rapidly decreased in the first 50 iterations and exhibited a
fast convergence speed. From 50 to 200 iterations, the
objective function value slowly decreased, indicating that
the algorithm was gradually optimizing but the speed was
slowing down. After 200 iterations, the objective function
value tended to be stable and close to 0, indicating that
the algorithm basically converged. In Figure 1lc, the
LCQPSO algorithm converged rapidly in the first 50
iterations, with an obvious decrease in the objective
function value. After 200 iterations, the algorithm had
good stability and the objective function value tended to
be stable, indicating that the algorithm found a better
solution.
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4 Discussion and conclusion

To optimize the wind resistance performance and design
efficiency of skyscrapers under strong wind conditions, this
study introduced chaotic mapping to replace random
numbers in the QPSO algorithm, and used chaotic local
search technology to update the Gbest. The results
indicated that in terms of stress constraints, LCQPSO
reached its peak later than the other two algorithms. In
terms of displacement constraints, PSO, QPSO, and
LCQPSO reached their maximum violation amounts in
the 10th, 44th, and 52nd generations, respectively. The
three algorithms converged quickly in the initial stage,
significantly reduced the total weight, and ultimately
achieved the optimal solution. For the objective function
value, the PSO rapidly decreased from 0.45 to below 0.1 in
the first 50 generations, and stabilized after 150 gener-
ations. QPSO and LCQPSO had similar optimization
efficiency in the first 200 generations, and then tended to
stabilize. The chaotic mapping improved the global search
capability. The optimization results show that the stress
and displacement under maximum wind load meet the
design requirements. wever, current research mainly
focuses on specific wind direction angles and single
buildings, lacking comprehensive studies on multiple
buildings. In the future, the research on the comprehensive
wind resistance performance of multi-building structures

should be expanded, taking into account the wind load
characteristics under different terrain and climate
conditions. At the same time, the nonlinear characteristics
of detailed structures and materials should be strengthened
to improve the accuracy of simulation results. Existing
algorithm models should be optimized to cope with more
complex engineering application scenarios.
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