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Université de Lorraine · Poznan University of Technology

ONLINE FIRST August 24, 2026

Research Paper

Multi-Objective Collaborative Optimization of Central
Support Components in Steel Structures Integrating
NSGA-II and Nested Topology Optimization

Lei Han1), Heng Zheng2)∗, Jianying Weng1), Xue Li1)

1) School of Engineering, Shandong University of Engineering and Vocational Technology
Jinan, China

2) School of Civil Engineering, Shandong Polytechnic
Jinan, China

∗Corresponding Author: zhengh8090@outlook.com

This paper presents a multi-objective collaborative optimization framework for central
support member in steel structures, aiming to simultaneously minimize structural mass and
compliance. Traditional design methods often optimize a single objective, therefore limiting
overall performance. To address this, we integrate the NSGA-II genetic algorithm with the solid
isotropic material with penalization (SIMP) topology optimization method within hierarchical
bi-level optimization framework. NSGA-II performs a global search for optimal macro-level ge-
ometric parameters, while SIMP optimizes the micro-level material distribution under the giv-
en geometries. The interaction between both levels enables a comprehensive trade-off between
lightweight design and structural stiffness. Case studies on various support types demonstrate
that the proposed method effectively reduces structural mass while enhancing stiffness, con-
firming its robustness and broad applicability. The Pareto front achieves a high hypervolume
(HV) index, indicating excellent solution diversity and quality. This approach provides an in-
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1. Introduction

1.1. Research background and significance

Steel structures are widely utilized in modern construction, including high-
rise buildings, large-span spatial structures, and industrial plants, owing to
their high strength-to-weight ratio, ductility, and recyclability [1]. In particu-
lar, Q345 steel offers a yield strength of 345MPa with a material density of
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7.85 g/cm3, making it suitable for load-bearing and seismic-resistant systems.
The central support member, as a critical element in steel frame lateral force-
resisting systems, considerably enhances structural stiffness and load-carrying
capacity when properly configured [2, 3]. Nevertheless, conventional design ap-
proaches remain largely experience-based and iterative, failing to systematically
address multiple competing objectives such as minimizing structural mass and
maximizing stiffness. Single-objective optimization – for example, minimizing
mass alone – often leads to a considerable increase in structural compliance
(by 20% to 35%), making it challenging to satisfy deformation limits under mod-
ern design codes such as GB50017-2017 [4, 5]. Moreover, different support con-
figurations, such as X-type and V -type braces, pose distinct design challenges:
the former requires balancing bidirectional stiffness, while the latter is prone to
compressive buckling. Although intelligent optimization algorithms [6, 7] and
topology design techniques offer promising pathways for performance-driven de-
sign, existing studies have not sufficiently addressed the integrated optimization
of both macroscopic geometric parameters and microscopic material distribu-
tion. This gap limits the potential for holistic performance improvement in steel
support systems. Therefore, this study undertakes the multi-objective optimiza-
tion of central support components [8, 9], aiming not only to enhance structural
safety and economic efficiency but also to promote sustainable and intelligent
design practices in steel construction.

1.2. Research contribution and innovation

This paper proposes a collaborative optimization framework that integrates
the NSGA-II genetic algorithm and the SIMP topology optimization method
for the multi-objective design of central support components in steel structures.
The primary innovation lies in the establishment of a master-subordinate nested
architecture that enables simultaneous optimization at both the macro- (geo-
metric parameters) and micro- (material distribution) scales – a challenging task
due to the inherent differences in search mechanisms and variable types between
population-based evolutionary algorithms and gradient-driven topology opti-
mization. This integration overcomes the limitations of conventional single-level
optimization and isolated design processes. The framework minimizes struc-
tural mass and compliance while satisfying strength, stability, and geometric
constraints, generating a diverse Pareto frontier to support engineering deci-
sion making. By combining global parameter exploration with local material
layout refinement, the method achieves a comprehensive improvement in struc-
tural performance that is unattainable through sequential or single-objective
approaches. Extensive case studies demonstrate the robustness and adaptability
of the method under various loading conditions and support configurations. The
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expected practical benefits include significant material savings, enhanced struc-
tural efficiency, and a streamlined design process for intelligent and lightweight
steel structures, offering a generalizable technical framework that bridges the
gap between computational optimization and engineering application.

2. Related work

In recent years, genetic algorithms have been widely used in the field of struc-
tural optimization, especially for solving complex nonlinear optimization prob-
lems, showing their strong global search capabilities [10, 11]. NSGA-II [12, 13], as
a classical multi-objective genetic algorithm, has achieved efficient Pareto fron-
tier approximation in engineering optimization by applying fast non-dominated
sorting and crowding distance mechanisms. NSGA-II has been widely used in the
multi-objective optimization design of building structures [14, 15], bridge sys-
tems [16, 17], and mechanical components, and can effectively balance conflicting
objective functions, such as mass, stiffness, and strength. Early studies mainly
used single-objective methods, such as genetic algorithms and particle swarm
optimization, to optimize the geometric parameters of support components. Al-
though such methods can improve local optimization efficiency, they cannot
simultaneously take into account conflicting objectives such as stiffness and sta-
bility. Research on the optimization of steel structure support components has
evolved from single-objective parameter optimization to multi-objective collab-
orative optimization. To balance multi-objective conflicts, NSGA-II [18, 19] can
provide a set of compromise solutions, facilitating engineers to make decisions
based on actual needs. In addition, its combination with finite element analy-
sis tools further improves the automation level and the engineering applicabil-
ity of structural optimization [20]. Therefore, NSGA-II has become one of the
mainstream algorithms in the field of current structural intelligent optimiza-
tion. However, traditional multi-objective optimization relies on manual deci-
sion making to select Pareto solutions and lacks an automatic solution selection
mechanism to meet engineering design standards.
As an important approach to structural lightweight design, topology opti-

mization aims to reasonably distribute materials within a given design domain to
achieve optimal structural performance. The SIMP method [21, 22] is one of the
most widely used continuum topology optimization methods. It employs pseudo-
density variables to interpolate material properties and uses penalty factors to
suppress intermediate density, thereby obtaining a clear material distribution.
The SIMP method [23, 24] is usually combined with finite element analysis to
iteratively update the material distribution based on sensitivity information and
finally converges to an optimal configuration that satisfies the objective func-
tion and constraints. SIMP has been widely used in aerospace, automotive man-
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ufacturing, construction engineering, and other fields, especially for improving
component-level structural performance and for optimizing material utilization
efficiency [25]. Although the SIMP method has advantages in mathematical
modeling and computational accuracy, its sensitivity to initial conditions and
its tendency to fall into local optima still need to be improved by combining it
with intelligent optimization strategies. Existing studies have mostly focused on
homogeneous materials, and no density update strategy was optimized for the
specific stress concentrations in X-type and K-type supports.
As a key component of the steel frame lateral force-resisting systems, the

geometric form, cross-sectional size, and material distribution of the central sup-
port member directly affect the load-bearing capacity and stability of the overall
structure [26, 27]. Studies have shown that different types of support forms (such
as X-type, V -type, K-type, etc.) have significant differences in stress character-
istics, ductility performance, and construction feasibility. Therefore, the rea-
sonable selection and optimization design of support members are crucial for
improving structural performance [28]. Traditional design methods mainly rely
on empirical judgment and repeated trial-and-error procedures, which makes it
difficult to meet safety requirements while taking into account economic effi-
ciency [29]. In recent years, with the development of computational mechanics
and intelligent optimization technology, an increasing number of studies have
begun to combine multi-objective optimization algorithms [30, 31] with finite
element analysis [32] for the cross-sectional optimization, layout optimization,
and morphological evolution of support components. However, existing research
mainly focuses on the macroscopic parameter level, and rarely involves the col-
laborative optimization of microscopic material distribution level. Although sig-
nificant progress has been made in macro-scale parameter optimization and
micro-scale topology optimization in their respective fields [33, 34], research on
effectively integrating the two is still relatively limited and faces many chal-
lenges. Existing approaches can be mainly divided into two categories: the first
adopts a sequential optimization strategy, which first determines the optimal
geometric parameters through a genetic algorithm, and then performs topology
optimization under a fixed configuration. This method ignores the coupling ef-
fect between the two levels and is prone to falling into local optima. The second
embeds the sensitivity information of topology optimization into evolutionary
algorithms; however, there is often a contradiction between computational ef-
ficiency and convergence when dealing with mixed problems of discrete and
continuous variables [35]. These methods generally lack bidirectional feedback
mechanisms, making it difficult to achieve true collaborative optimization. The
NSGA-II and SIMP master-subordinate nested architecture proposed in this
article overcomes the limitations of traditional one-way data streams by estab-
lishing a closed-loop interaction between macroscopic parameter space explo-
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ration and microscopic material distribution updates, thereby providing a new
approach for achieving full-scale performance optimization of steel structure
support systems. On this basis, this paper proposes a multi-objective collab-
orative optimization model that integrates the NSGA-II and SIMP methods
to achieve the joint optimization design of central support components at the
two levels: geometry and material distribution, providing a new technical path
for improving structural performance.

3. Method

3.1. Problem definition and objective functions

This study aims to construct a multi-objective optimization model that in-
tegrates the NSGA-II genetic algorithm and the SIMP topology optimization
method to optimize the parameter configuration design of the central support
components in steel structure. In this optimization problem, the main goal is
to achieve the dual optimization goals of minimizing mass and compliance by
adjusting the geometric parameters and material distribution of the support
components, thereby improving the mechanical performance and material uti-
lization efficiency of the overall structure while meeting the constraints of struc-
tural safety and stability.
Structural mass is an important indicator to measure the economic efficiency

and lightweight performance of a structure. Under the premise of meeting the re-
quirements of load-bearing capacity and stiffness, reducing mass helps to reduce
material costs, mitigate seismic responses, and improve construction efficiency.
The formula for structural mass is

(3.1) f1(x) = M(x) =
∑
e

ρeVe,

where x is the design variable vector, including the geometric parameters and
material distribution density of the supporting members, ρe is the material den-
sity of the e-th element, and Ve is the volume of the e-th element.
Compliance is an important indicator to measure the overall deformation

capacity of a structure under external loading. Its physical meaning is the strain
energy of the structure under the load. The smaller the compliance, the higher the
structural stiffness, the smaller the deformation, and the stronger the overall
load-bearing capacity and lateral stiffness of the structure. The formula for com-
pliance is

(3.2) f2(x) = U(x) =
1

2
FTK−1F,

where F is the external load vector, K is the global stiffness matrix of the
structure, K−1 is the inverse of the stiffness matrix and represents the flexibility
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matrix of the structure, and FTK−1 is the energy coupling between the load
and the displacement.
Since there is a nonlinear and non-monotonic trade-off between mass and

compliance, that is, reducing mass may lead to a decrease in structural stiffness,
while increasing stiffness usually comes at the expense of increasing mass, this
study uses a multi-objective optimization method for collaborative optimization.
The formulas are

Minimize f1(x) = M(x) =
E∑

e=1

ρeρmatVe,(3.3)

Minimize f2(x) = U(x) =
1

2
FTK(x)−1F,(3.4)

where ρmat is the material density, Ve is the unit volume, F is the external load
vector, and K(x) is the global stiffness matrix, which depends on the design
variables;

(3.5)


gj(x) ≤ 0, j = 1, 2, ...,m,

hk(x) = 0, k = 1, 2, ..., n,

xL ≤ x ≤ xU ,

where gj(x) denotes the inequality constraints, including strength, stability, and
geometric constraints, hk(x) denotes the equality constraints, including bound-
ary conditions and symmetry requirements, and xL and xU are the lower and up-
per limits of the design variables, respectively.
In practical engineering, minimizing structural mass is directly related to

reducing material costs and improving construction convenience. As a measure
of structural strain energy, the minimization of compliance is closely related to
structural performance: lower compliance values directly correspond to higher
overall stiffness, which means that structural deformation is smaller under the
same load; an increase in stiffness further enhances the load-bearing capacity
of the structure, especially when subjected to wind and seismic loads, which
can effectively control lateral displacement; In addition, according to the Code
for Seismic Design of Buildings (GB 50011-2010), controlling structural defor-
mation is one of the key factors for ensuring seismic performance. Therefore,
optimizing compliance directly helps to meet displacement limit requirements
in seismic design. This study achieves an optimal balance between material econ-
omy and structural performance by jointly optimizing these two objectives while
ensuring structural safety and applicability.
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3.2. Design variable selection

This study adopts a multi-scale collaborative optimization strategy and di-
vides the design variables into two levels: macro-scale variables and micro-
scale variables, which are controlled by the NSGA-II genetic algorithm and the
SIMP topology optimization method, respectively; thereby, the simultaneous de-
sign of geometric parameter optimization and material distribution optimization
is achieved.
The macro-scale design variables mainly describe the geometric configura-

tion information of the support components in the overall structure, including
the support layout angle, cross-sectional dimensions, number of supports, and
support positions. These variables determine the force path and load-bearing
capacity of the support components in the structural system and are important
parameters that affect the overall performance of the structure:
– support arrangement angle (θ): the angle between the support rod and the
horizontal direction, which affects the load transfer path and the stress
distribution, with a design range of 30◦ ≤ θ ≤ 60◦;
– cross-sectional size (A): expressed as the cross-sectional area parameter of
the steel section; it affects the load-bearing capacity and stiffness of the
component;
– number of supports (n): the number of support rods, which affects the
overall lateral stiffness and redundancy;
– support position (x, y): the arrangement position of the support compo-
nent in the structural plane, which affects the symmetry and force balance
of the structure.
The NSGA-II algorithm is used for the global search and optimization, and

the macro-scale design variable vector is expressed as

(3.6) xmacro = [θ, A, n, x, y]T .

The micro-scale design variable describes the material distribution within the
supporting component and is used to control the distribution density of the ma-
terial in the design domain. It is the core control variable of the SIMP topology
optimization method. This variable is expressed by the pseudo-density (ρe), and
its physical meaning is the relative density of the material in the e-th finite
element, with a value range of 0 ≤ ρe ≤ 1; when ρe = 0 it indicates that the
unit has no material, that is, it is void; when ρe = 1, it indicates that the unit
is solid material, and when 0 < ρe < 1, it indicates an intermediate density
state, which is suppressed by the penalty factor to obtain a clear topological
configuration.
In the SIMP method, the relationship between the unit stiffness matrix and

the material density is
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(3.7) Ke(ρe) = ρpeK
0
e,

where K0
e is the unit stiffness matrix of a solid element, p is the penalty factor,

and, in this study, p = 3 is used to suppress the intermediate density and obtain
a clear material distribution.
The micro-scale design variable vector is expressed as

(3.8) xmicro = [ρ1, ρ2, ..., ρE ]
T .

Optimizing the bracing angle θ as a macroscopic design variable does not imply
a complete reconstruction of the overall topology of the steel frame. In practical
engineering, the beam-column layout of the frame is usually predetermined by
the building’s functional requirements, and the bracing arrangement needs to
be designed within this established framework. The bracing angle optimization,
in this study, involves constraining the bracing nodes at the beam-column inter-
sections while keeping the beam-column node positions unchanged. By adjusting
the angle between the bracing members and the horizontal direction, the opti-
mal force transmission angle is found within a continuous range (30◦ ≤ θ ≤ 60◦).
This approach is equivalent to parametrically optimizing the bracing arrange-
ment within a given frame grid rather than changing the frame’s geometric
topology, thus ensuring good engineering feasibility.

3.3. Constraint modeling

If the optimization model does not consider actual engineering constraints, it
may generate physically infeasible or constructively infeasible structural form. In
the multi-objective optimization process, this study comprehensively considers
multiple types of constraints such as strength, stability, geometry, manufactur-
ing, construction, and specifications. It constructs a constraint modeling system
for engineering applications to ensure that the optimization results satisfy safety
and feasibility while meeting the performance goals.
Strength constraints are used to ensure that the stress of each unit does

not exceed the yield strength of the material under the design load, thereby
preventing plastic damage or local failure. For the central support members of
steel structure, the strength constraint is expressed as

(3.9) σe ≤ fy, ∀e,

where σe is the equivalent stress of the e-th element, fy is the yield strength of
the steel, and e is the finite element index.
Stability constraints are used to prevent buckling failure of support members

under compression and are the core control requirements in the design of central



Multi-Objective Collaborative Optimization of Central Support Components... 9

support structures. For steel support members, the overall stability is determined
by the slenderness ratio, and the constraint is expressed as

(3.10) λ =
l0
i
≤ λmax,

where l0 is the calculated length of the member, i is the cross section’s radius of
gyration, and λmax is the maximum slenderness ratio allowed by the design code.
The Code for Design of Steel Structures GB50017 stipulates the slenderness ratio
limits for central support members.
Geometric constraints are used to control the layout and size ranges of sup-

porting components in the structural system to ensure that the optimization
results meet the design intent and construction requirements. The layout range
of supporting components should be limited to the area permitted by the struc-
tural lateral force-resisting system to avoid conflicts with the main beam-column
nodes or affecting building functions. To prevent small structural members that
may cause construction difficulties or insufficient load-bearing capacity, tthe fol-
lowing minimum component cross-sectional area constraint is imposed:

(3.11) Ae ≥ Amin, ∀e,

where Amin is the minimum cross-sectional area.
To avoid slender components and isolated voids, additional constraints are

considered. Slender components are prone to local buckling, and isolated voids
may weaken the integrity of the structure. Therefore, density filtering technique
and minimum size constraints are applied in topology optimization to suppress
physically or manufacturability-unfavorable material distributions.
The number of joints is also controlled. Too many connections may increase

construction complexity and cost. Therefore, during the optimization process,
the number of connections between supporting members and beams or columns
should be limited to ensure a simple structure and easy construction.
Design-code constraints are key constraints that ensure that the optimized

structure complies with national or industry design standards. Based on the
Code for Design of Steel Structures (GB50017-2017) and the Code for Seis-
mic Design of Buildings (GB 50011-2010), this study verifies the compliance of
the selection of supporting components, mechanical performance, ductility re-
quirements, and joint construction to ensure that the optimized structure has
sufficient safety and reliability throughout its design service life.

3.4. Model coupling mechanism design

To achieve the joint optimization design of the central support components
of steel structures at two levels: geometric parameters and material distribution,
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this study proposes a collaborative optimization model based on the NSGA-II
and SIMP methods. NSGA-II is used as the main optimizer to perform global
search in the macro-scale parameter space, while SIMP is used as a sub-optimizer
to optimize the micro-scale material distribution under given geometric param-
eters, forming a master-subordinate nested optimization architecture.
The collaborative optimization model based on the NSGA-II and SIMP

methods is shown in Fig. 1.

Fig. 1. Collaborative optimization model.

The collaborative optimization model proposed in this article adopts a master-
subordinate nested double-level architecture to achieve the joint optimization
design of steel structure center support components at two levels: geometric
parameters and material distribution. The outer NSGA-II algorithm serves as
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the main optimizer and is responsible for conducting global searches in the
macro-scale parameter spaces such as support angles, cross-sectional dimen-
sions, and layout positions. It generates Pareto fronts through non-dominated
sorting and crowding distance mechanisms. The inner layer SIMP method serves
as a sub-optimizer to perform topological optimization on the micro-scale mate-
rial distribution under given geometric parameters. By iteratively updating the
pseudo-density of the elements, a clear topological configuration is ultimately
obtained. The coupling between the two levels is achieved through an automated
data interface: the geometric parameters generated by NSGA-II drive finite el-
ement modeling, while the material distribution feedback, including mass and
compliance values optimized by SIMP are used for fitness evaluation. This model
strictly follows constraints such as strength, stability, and geometric feasibility,
and applies density filtering techniques to ensure manufacturing feasibility, thus
constructing an efficient, stable, and engineering-applicable collaborative opti-
mization framework.
The determination of load values within the SIMP topology optimization de-

sign domain is based on the overall structural system analysis. First, the various
loads (dead load – DL, live load – LL, wind load – WL, and seismic action) and
their corresponding combinations acting on the overall frame are determined.
Under the current macro-scale geometric parameters (support inclination angle,
cross-sectional dimensions, etc.) generated by NSGA-II, a finite element model
of the overall frame is established, and linear elastic analysis is performed. From
the analysis results, the design axial force value of the support member to be
optimized under the control condition (usually the most unfavorable load combi-
nation under the ultimate limit state) is extracted. This axial force value is then
used as the external load input for the SIMP sub-optimization problem, acting
on the boundary of the topology optimization design domain in the form of
concentrated forces or equivalent uniformly distributed forces. This method en-
sures that the loading conditions upon which microscopic material distribution
optimization is based truly reflect the actual stress state of the support member
in the overall structure. Therefore, a closed-loop load transfer from system-level
analysis to component-level optimization is realized.

3.5. Algorithm implementation details

The crossover operation in NSGA-II [36, 37] uses simulated binary crossover,
and its probability distribution function is

(3.12) PSBX(ηc) =


1

2(1 + ηc)

( u

0.5

)ηc
, u ≤ 0.5,

1

2(1 + ηc)

(
1− u

0.5

)ηc

, u > 0.5,
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where u ∈ [0, 1] is a random number, ηc is the crossover distribution index, and
its value is ηc = 15.
The mutation operation uses polynomial mutation, and its update formula is

δ =

{
(2u)1/(ηm+1) − 1, u ≤ 0.5,

1− [2(1− u)]1/(ηm+1), u > 0.5,
(3.13)

x′ = x+ δ · (xu − xl),(3.14)

where ηm is the mutation distribution index, xu and xl are the upper and lower
limits of the quantity, respectively, and x′ is the new (updated) value after
mutation.
This study uses the open source finite element analysis software CalculiX

as the core solver for SIMP topology optimization. CalculiX supports struc-
tural mechanics analysis, linear/nonlinear solutions, custom (user-defined) ma-
terial properties, and post-processing functions, making it suitable for embed-
ding into the optimization process for automated modeling and solution.
In the optimization process, the macro-scale variables generated by NSGA-II

are used to construct the geometric model of the supporting components, and
SIMP performs finite element analysis and material distribution updates through
CalculiX to form a master-subordinate collaborative optimization system.
This study applies density filtering techniques. When updating the unit den-

sity, the density influence of neighboring units is considered to smooth the ma-
terial distribution. The filtering operation is

(3.15) ρ̃e =

∑
i∈Ne

w(rei)ρi∑
i∈Ne

w(rei)
,

where Ne is the set of neighboring units of the element e, rei is the geometric
distance between e and i, and w(rei) is the filter weighting function.
To determine whether the SIMP [38, 39] optimization process has converged,

this study adopts the density change threshold method, that is, when the max-
imum density change of all units in two adjacent iterations is less than the
prescribed threshold, the optimization is considered converged:

(3.16) max
e

|ρ(k+1)
e ρ(k)e | < ε.

NSGA-II is mainly responsible for optimizing macro-scale design variables,
while the SIMP method optimizes micro-scale material distribution under given
geometric parameters, with the objective function of minimizing structural mass
and compliance, and comprehensively considering strength, stability, and regula-
tory constraints. Through the collaborative interaction between the population
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evolution mechanism of NSGA-II and the topology optimization subroutine of
SIMP, multi-scale joint optimization of geometric parameters and material dis-
tribution is achieved, and the Pareto frontier solution set that meets engineering
feasibility is finally obtained, providing a systematic solution for the intelligent
design and performance improvement of steel structure components.

4. Numerical experiments and case studies

4.1. Experimental platform and tools

The experimental environment of this study is built based on open-source
and cross-platform technologies to ensure the repeatability and scalability of
the optimization process. Finite element analysis uses the open- source struc-
tural solver CalculiX, which has complete linear elastic analysis capabilities,
supports custom material properties and post-processing interfaces, and is suit-
able for embedding into the topology optimization process. The optimization
algorithm is implemented based on Python 3.9 to complete NSGA-II popula-
tion initialization, evolution operation, and fitness evaluation. The experiment
is conducted on a hardware platform with 124 GB of memory, and a multi-
threaded parallel computing mechanism is employed to improve optimization
efficiency. In terms of the software interface, Python scripts are used to auto-
matically call the CalculiX command-line interface, enabling fully automated
modeling and data feedback from design variable input and model generation
to solution and result extraction. This ensures that the optimization process is
efficient, stable, and suitable for engineering applicability.
This study uses the finite element method as the core simulation tool, and its

numerical model is based on the following settings: the frame beams and columns
are discretized using B31 beam elements, and the supporting components are
discretized using T3D2 truss elements or B31 beam elements according to their
stress characteristics. In the SIMP topology optimization domain, CPS4 or C3D8
solid elements are used and a mesh size of no less than 5mm is applied to en-
sure computation accuracy and efficiency. The boundary conditions of the model
are set to be completely fixed at the column bases, and necessary displacement
constraints are applied at corresponding nodes to prevent rigid body displace-
ment. All materials are assumed as linear elastic, with Q345 steel having an
elastic modulus of 206GPa, a Poisson’s ratio of 0.3, and a density of 7850 kg/m3.
Loads are applied in the form of static equivalent nodal forces according to the
relevant design specifications. These settings together form a reliable numerical
basis for generating performance data such as mass and compliance.
This study strictly follows the standard load transfer mechanism of steel

structure support systems during finite element modeling to ensure that the
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model accurately reflects actual engineering behavior. Specifically: (1) frame
beam-column joints are rigidly connected to simulate the overall bending behav-
ior of the frame; (2) all support members are connected to the frame through
hinged connections, which only transfer axial force to avoid transmitting unex-
pected bending moments; (3) the support members themselves are discretized
using T3D2 truss elements (which only bear axial forces), and their cross-
sectional properties are determined based on the macroscopic design variables to
ensure that the supports mainly function as axial force members; (4) external
horizontal loads (wind loads and seismic actions) are converted into horizon-
tal concentrated forces acting on the frame floor-level joints through the equiva-
lent static method according to the Code for Design of Building Structures and
the Code for Seismic Design of Buildings, thereby driving the support members
to bear axial force through the frame deformation.
The finite element modeling of the supporting components strictly adheres to

the mechanical assumptions of axially loaded members. The model employs
hinged boundary conditions at both ends, releasing only the axial degree of
freedom while constraining all other translational and rotational degrees of free-
dom to simulate actual node connections. External loads are no longer applied to
the nodes as concentrated forces; instead, based on the principle of static equiv-
alence, the total axial force demand carried out by the support in the struc-
tural system is transformed into uniformly distributed nodal forces along the
cross-sectional boundaries at both ends of the member. This distributed loading
method eliminates local stress concentration effects and ensures that the mem-
ber is under a uniform axial tensile state and compressive stress during the ana-
lysis, providing a stress distribution basis consistent with engineering conditions
for topology optimization.

4.2. Parametric modeling method

To achieve automatic updating and diversified modeling of supporting com-
ponent geometry during the optimization process, this study adopts a Python-
script-driven parametric modeling method. The geometric design variables of
the supporting components are mapped to the finite element model, achieving
automatic modeling and iterative updating of multiple support configurations.
The five typical configurations of support considered in this study and their
corresponding key macro-scale parameters are as follows:
– X-shaped support: composed of two symmetrical intersecting diagonal
rods, with the key parameters including the support inclination angle θ
(30◦–60◦), cross-sectional area A, and intersection point position;
– V -shaped support: two diagonal rods extend diagonally from both ends
of the beam and intersect at a mid-point on the column, with the key
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parameters including the height of the intersection point, the inclination
angle of the diagonal rods, and the cross-sectional dimensions;
– inverted V -bracing support: two diagonal braces extend downward from
both ends of the beam and intersect at the middle of the horizontal column.
The main control parameters are the intersection point position, diagonal
brace angle, and section properties;
– single diagonal bracing: a single diagonal bar is arranged along the diagonal
of the frame, and the key parameters are the inclination angle θ, cross-
sectional area A, and joint coordinates at both ends;
– K-shaped support: the diagonal bars intersect at the middle of the column
to form a K-shaped layout, with the main parameters including the height
of the intersection point, the angle of the diagonal bars, and the cross-
sectional characteristics.
During the SIMP optimization stage, the material density field is dynami-

cally mapped to each finite element, achieving real-time updates of material dis-
tribution and lightweight structural modeling. After the modeling is completed,
the Python script automatically generates CalculiX-compatible input files and
calls the solver to perform finite element analysis to obtain the performance
indicators such as structural flexibility, mass, and stress distribution.

4.3. Multi-objective optimization algorithm configuration

The NSGA-II parameter settings are shown in Table 1.

Table 1. NSGA-II parameter settings.

Parameter Value Description

Population size 100 Controls population diversity
and computational overhead

Maximum number
of generations

200 Controls the number
of optimization iterations

Crossover rate 0.9 Controls the probability
of crossover operations

Mutation rate 0.1 Controls the probability
of mutation operations

Crossover operator type Simulated binary crossover Applicable to real-valued encoding

Mutation operator type Polynomial mutation Maintains local search capability

Constraint processing
method

Penalty function method Penalizes infeasible solutions
during fitness evaluation

Penalty coefficient 1000 Controls the intensity of penalties

The population size is set to 100 to strike a balance between search efficiency
and solution diversity; the maximum evolutionary generations are set to 200 to
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ensure that the algorithm converges to a stable solution set within a reasonable
time; the crossover rate is set to 0.9 to enhance the exploration ability of the
population; the mutation rate is set to 0.1 to maintain population diversity
and prevent premature convergence. Table 1 lists the key parameter settings of
NSGA-II in this study. The setting of population size (100) and maximum evo-
lutionary generation (200) are determined through preliminary experiments to
balance computational costs while ensuring population diversity and algorithm
convergence. The crossover rate (0.9) and mutation rate (0.1) follow the typical
configuration of genetic algorithms in continuous variable optimization problems
to achieve a balance between global exploration and local exploitation. All pa-
rameter combinations aim to ensure that the algorithm generates high-quality
Pareto solution sets stably within reasonable computational resources.
In the multi-objective optimization process, this study considers two conflict-

ing objective functions: structural mass minimization and compliance minimiza-
tion. To deal with the constraints that may be violated during the optimization
process, this study uses the penalty function method to penalize the fitness val-
ues of infeasible solutions. If an individual violates any constraint, the fitness
value adjustment formula is

(4.1) f ′
i = fi + α ·

∑
j

max(0, gj(x)),

where fi is the original objective function value, gj(x) is the j-th inequality con-
straint function, and α is the penalty coefficient used to control the penalty in-
tensity.

4.4. Topology optimization subroutine settings

The initial density is uniformly set to ρe = 1, that is, the initial state is fully
solid material. To avoid the checkerboard phenomenon and mesh dependency
problems, density filtering is applied, and the filter radius is set to 1.5 to smooth
the material distribution and improve numerical stability.
A sensitivity update strategy is adopted in the optimization process, and the

density is updated in combination with the optimality criteria (OC) method
to ensure that the algorithm has a faster convergence speed. The convergence
criterion is set as follows: the maximum change in the density of all elements
between two consecutive iterations is less than 1× 10−3, that is,

(4.2) max
e

∣∣∣ρ(k+1)
e − ρ(k)e

∣∣∣ < 1× 10−3.

To prevent the optimization from falling into the local optimum, the max-
imum number of iterations is set to 100, and sensitivity analysis and filtering
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operations are performed in each iteration to improve the physical rationality
and engineering applicability of the optimization results. The SIMP topology
optimization parameter settings are shown in Table 2.

Table 2. SIMP topology optimization parameter settings.

Parameter Value Description

Material penalty factor 3
Used to suppress intermediate density

and enhance the clarity
of the material distribution

Initial density 1 All units are initially solid materials

Density filter radius 1.5 Controls the filtering range
to prevent the checkerboard phenomenon

Convergence criterion 1× 10−3
Maximum change threshold
in element density

between adjacent iterations
Sensitivity update

method
OC method Efficient density update strategy

based on the optimality criteria
Maximum number
of iterations

100 Prevents the optimization
from being trapped in as local optimum

Filter type Linear weight filter Uses distance-weighted average to suppress
discontinuous material distributions

4.5. Example design

This study employs five typical support structure examples corresponding
to different support forms and loading characteristics. For each example, a fi-
nite element model is constructed based on a parametric modeling method, and
multi-objective optimization is caried out under the same optimization objec-
tives (minimum mass, minimum compliance) and constraints to evaluate the
adaptability and optimization performance of the proposed method for different
structural configurations.
The structural configurations are shown in Fig. 2.

X-type Single diagonal Inverted V -bracing K-type V -type

Fig. 2. Structural configurations.
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The X-braced configuration is a 2D central support system composed of two
symmetrically arranged diagonal braces forming an ‘X’ shape, connecting the
upper and lower beams and columns to form a two-way lateral force-resisting
system. The structure can effectively work under both positive and negative hor-
izontal loads, and has good symmetry along with tensile and compressive resis-
tance. The model adopts a plane beam-truss hybrid element, and the brace nodes
are rigidly connected.
The single diagonal configuration is a 3D structure consisting of a diagonal

brace extending from the top of the column to the end of the beam, forming
a simple support system. The model adopts 3D beam elements and considers
the influence of boundary conditions and joint stiffness.
The inverted V -braced configuration is a 3D steel frame where two braces

extend downward from both ends of the beam and intersect at a point on the
column, forming an inverted-V layout. The model adopts a spatial truss-beam
hybrid element and considers nonlinear material behavior.
The K-braced configuration is a 3D structure in which the brace members

intersect at the mid-height of the column to form a K-shaped layout. The model
adopts a refined beam-shell hybrid element and considers stress concentration
effects at the joint.
The V -braced configuration is a 3D steel frame where the two diagonal sup-

porting members meet at the centre of a horizontal beam to form a ‘V’ shape.
The model adopts 3D beam elements and takes into account node eccentricity
and local buckling effects.
This study evaluates structural robustness under different load combina-

tions, including combinations of dead load, live load, wind load, and seismic
(earthquake) load. The load combinations are shown in Table 3.
Table 3 systematically lists the ten load combinations used in this study to

evaluate structural performance. These combinations strictly comply with the
requirements of China’s Code for Loads on Building Structures (GB 50009) and
Code for Seismic Design of Buildings (GB 50011). The combinations include DL,
LL, WL, and EL, and consider different loading directions (such as positive and
negative WLs, X/Y direction ELs, and bidirectional EL) and load combination
factors. The aim is to comprehensively test the displacement, stress response,
and overall robustness of the optimized structures under different working condi-
tions such as basic loading, wind loading, seismic loading, and combined loading
scenarios.
The structural analysis of this study is based on the following key modeling

assumptions to ensure that the computational model accurately reflects the me-
chanical behavior of the structures while maintaining the following reasonable
simplifications.
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Table 3. Load combinations.

No. Load combination Dead load
(DL)

Wind load
(WL)

Earthquake
load
(EL)

Combination factor

1 DL + WL
(positive direction)

1.2 DL 1.4 WL 0 1.2 DL + 1.4 WL

2 DL + WL
(negative direction)

1.2 DL −1.4 WL 0 1.2 DL − 1.4 WL

3 DL + EL
(X direction)

1.2 DL 0 1.3 EL (X) 1.2 DL + 1.3 EL

4 DL + EL
(Y direction)

1.2 DL 0 1.3 EL (Y ) 1.2 DL + 1.3 EL

5 DL + WL + EL 1.0 DL 0.5 WL 1.0 EL 1.0 DL + 0.5 WL
+ 1.0 EL

6 DL + LL + WL 1.2 DL + 1.4 LL 1.4 WL 0 1.2 DL + 1.4 LL
+ 1.4 WL

7 DL + EL
(bidirectional)

1.2 DL 0 1.3 EL
(X + Y )

1.2 DL + 1.3 EL

8 DL + WL
(1.0 factor)

1.0 DL 1.0 WL 0 1.0 DL + 1.0 WL

9 DL + EL
(1.0 factor)

1.0 DL 0 1.0 EL 1.0 DL + 1.0 EL

10 DL + WL + EL
(simplified)

1.0 DL 0.6 WL 0.8 EL 1.0 DL + 0.6 WL
+ 0.8 EL

Note: LL denotes live load. The load combination factors are determined according to the
Code for Loads on Building Structures (GB 50009) and the Code for Seismic Design of
Buildings (GB 50011).

Component modeling: The frame beams and columns are simulated using 3Dl
Euler–Bernoulli beam elements (B31), which consider axial and bending defor-
mations but ignore the influence of shear deformation. Modeling of bracing com-
ponents is based on their load-carrying characteristics: truss elements (T3D2)
are mainly used as the braces that bear axial forces. Beam elements are used in
support systems that require simultaneous consideration of axial force, bending
moment, and joint effects.
Joint connection modeling: The connections between beams and columns

is assumed to be a rigid connection to simulate the continuous transmission of
bending moments. All connection joints between supports and frame beams and
columns are simulated based on their actual stress characteristics: for concen-
tric bracing supports, their end connections are usually assumed to be hinged
and only transmit axial forces. For eccentric bracing supports that require con-
sideration of shear deformation in the joint region, additional spring elements
or rigid regions are introduced to approximate the semi-rigid characteristics of
the joints.
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Support-frame interaction: The model explicitly considers the interaction be-
tween the supporting components and the surrounding steel frame. The braces
are considered as components of the framework’s lateral force-resisting system,
and its internal forces are directly transmitted to the beams and columns through
the joints. In addition to bearing gravity loads, the beams and columns also
need to withstand the axial forces and bending moments transmitted by the
supports (braces); therefore, the combined impacts on the strength and stabil-
ity of the frame components are automatically considered in the analysis.
Boundary conditions and loading: The column bases are assumed to be fixed

supports. Loads are applied to the corresponding joints through the principle
of static equivalence and follows the provisions of the Code for Loads on Build-
ing Structures (GB 50009). The material, used in the elastic analysis stage, is
assumed to be linear elastic.
The column bases for all structural schemes are assumed to be fixed supports,

fully constraining all translational and rotational degrees of freedom. Corre-
sponding displacement constraints are applied, based on the analysis type, to
the joints connected to the support at the top of the frame to ensure that the
structure does not undergo rigid-body displacement. For planar models, the out-
of-plane degrees of freedom are constrained; for spatial models, necessary con-
straints are applied in the non-loading directions to maintain structural stability.
The external loads are determined according to the provisions of the Code

for Loads on Building Structures (GB 50009) and the Code for Seismic Design
of Buildings (GB 50011). In all structural schemes, loads are applied to the cor-
responding nodes of beams, columns, and supports according to the principle of
static equivalence. Specifically, dead and live loads act on beam element nodes
in the form of concentrated or uniformly distributed loads. WL and EL are con-
verted into equivalent static nodal forces applied to the lateral force-resisting
system of the structure according to the requirements of the specifications. This
loading procedure, together with the aforementioned boundary conditions, en-
sures the static equilibrium and mechanical rationality of all structural schemes
throughout the analysis.

5. Results and discussion

5.1. Comparison of structural performance before
and after optimization

The structure performance comparison, before and after optimization, is
shown in Fig. 3.
As shown in Fig. 3a, both optimization methods can effectively reduce the

structural mass. However, optimization 1 (master-subordinate nested optimiza-
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a) b)

Fig. 3. Comparison of structural performance before and after optimization: a) mass before and
after optimization, b) compliance before and after optimization. Note: compliance values are
expressed in m/N, which is the displacement response per unit force. Smaller values indicate

a more ‘rigid’ structure with lower compliance.

tion) shows a more significant mass optimization effect in all cases. In example 1,
optimization 1 reduces the mass from 2450 kg to 1860 kg, a decrease of 24.1%,
while optimization 2 reduces it to only 2020 kg, a decrease of 17.6%. This dif-
ference is mainly due to the difference in the variable control strategies of the
two methods. In optimization 1, NSGA-II focuses on the efficient search for
macro-scale design parameters, while SIMP optimizes the local material distri-
bution under a fixed geometry. The two have clear division of tasks, provid-
ing high search efficiency. In optimization 2, the density variable is encoded
into the chromosome, which greatly increases its length. NSGA-II is prone to
be trapped in a local optimum, and the search efficiency decreases. In addition,
the optimization scales of density variables and macroscopic design parameters
are inconsistent, which makes it difficult for the algorithm to balance the two,
resulting in slower convergence and a more limited optimization space. There-
fore, optimization 1 has obvious advantages in mass reduction, especially in
complex support structures.
From the compliance comparison shown in Fig. 3b, it can be seen that opti-

mization 1 controls the macro-scale design parameters through NSGA-II, while
SIMP is called to optimize the local material distribution in each iteration. In
example 1, optimization 1 reduces the compliance from 12.7m/N to 7.3m/N,
while optimization 2 reduces it to only 8.9m/N. In example 5, the compliance of
optimization 1 drops to 9.8m/N, while in optimization 2 it drops to 11.6m/N.
In optimization 1, NSGA-II focuses on the efficient search of macroscopic pa-
rameters, while SIMP performs the local material distribution optimization un-
der a fixed geometry, forming a ‘master-subordinate synergy mechanism’ to
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obtain a clear and reasonable material distribution in each iteration, therefore
effectively improving the structural stiffness. In optimization 2, since the ma-
terial density variables of SIMP are directly encoded into the chromosome,
NSGA-II needs to optimize both macroscopic and microscopic variables at the
same time. This leads to a sharp enlargement of the search space, making the al-
gorithm prone to fall into local optima, material distributions are not compact
enough, and the compliance optimization is limited. Therefore, optimization 1
achieves better compliance performance through the synergistic mechanism of
‘macro-level control + local optimization’, improves the deformation resistance
of the overall structure, and is more stable and efficient under complex support
forms and multiple loading conditions, with stronger engineering applicability
and optimization robustness.
To eliminate the potential influence of load conditions on the optimization

results, this study re-conducted a comparative analysis under modified loading
conditions. While maintaining hinged boundary conditions at both ends, the
in-plane shear force (80 kN) in the original load case was removed, and the axial
compressive force (150 kN) was converted into a nodal force uniformly distribut-
ed along the cross-sectional boundaries at both ends of the member. Under this
pure axial load condition, SIMP topology optimization was re-executed to ob-
tain a new gradient cross-sectional design. Table 4 shows a performance com-
parison between the traditional homogeneous design and the optimized gradient
design under the modified loading conditions.

Table 4. Performance comparison between the traditional homogenous design
and the optimized gradient design under modified loading conditions.

Performance
indicator

Traditional
homogeneous
design

Optimized
gradient design
(modified loading)

Engineering significance

Structural mass 2450 kg 1890 kg
Mass reduced by 22.9%,
significantly reducing
material costs

Structural
compliance

3.8m/N 0.35m/N
Stiffness increased

by approximately 10 times,
enhancing deformation control

Material
utilization rate

65% 87% Material is concentrated along
the principal stress path

Specific stiffness 4.82m/N · kg 10.68m/N · kg
Structural efficiency
per unit mass

is significantly improved

The comparative results show that, even under the modified pure axial load-
ing conditions, the optimized design still exhibits significant performance ad-
vantages. The mass decreases from 2450 kg to 1890 kg, a reduction of 22.9%;
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the compliance decreases from 3.8m/N to 0.35m/N, indicating an approxi-
mately tenfold increase in structural stiffness. Compared with the optimized
results obtained under the original load conditions (mass 1860 kg, compliance
0.3m/N), the optimized design under the modified loading conditions shows
slight differences, while the overall performance advantage remains the same.
This confirms that the SIMP topology optimization method proposed in this
paper can effectively improve the performance of bracing components based on
an appropriate mechanical modeling. The effectiveness of the optimization re-
sults does not depend on inappropriate loading conditions, but rather on the
method’s ability to optimize the material distribution.
Under pure axial load, the strain energy of a uniform cross section member

is uniformly distributed along the cross section, resulting in low material utiliza-
tion. The SIMP method aims to minimize structural compliance (i.e., maximize
overall stiffness). Under given volume constraints, it identifies the regions that
contribute the most to the structural stiffness through sensitivity analysis. For
members subjected to axial compression, the principal compressive stress tra-
jectories are distributed along the axis of the member. The material in the core
region of the cross section contributes significantly more to resisting axial de-
formation and maintaining overall stability than the material in the boundary
region. Therefore, the optimization algorithm actively transfers material from
the low strain energy contribution regions (cross-sectional edges) to the high
contribution regions (cross-sectional core), forming a gradient distribution with
high density in the center and low density at the boundaries. This process is
essentially a mechanically driven optimal material allocation rather than a nu-
merical artifact.
This phenomenon has been fully verified in previous studies. For members

subjected to axial loads, topology optimization tends to concentrate material
near the central axis to increase the moment of inertia of the cross section, pro-
vided that Euler buckling constraints are satisfied [40, 41]. In studies on cross-
sectional optimization of space truss structures, it was found that, when stabil-
ity constraints are considered, material concentration toward the cross-sectional
core is an effective strategy to improve buckling resistance [42]. In studies of
axially loaded members using the evolutionary structural optimization method,
the trend of material concentration along the principal stress trajectories was
also observed, and it was pointed out that this layout can enable the mem-
ber to obtain a higher critical buckling load without changing the structural
mass [43]. Therefore, the central material concentration layout obtained in this
paper conforms to the basic expectations of topology optimization theory. It
represents the optimal load-transfer path obtained by the SIMP method under
axial stress conditions through stress field sensitivity analysis, and has a clear
physical significance and theoretical basis.
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5.2. Pareto frontier analysis

Taking example 1 (the 2D X-shaped braced support) as an example, the
Pareto frontier analysis results are shown in Fig. 4.
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Fig. 4. Pareto frontier analysis: a) Pareto frontier obtained using the proposed
NSGA-II – SIMP optimization method, b) convergence history and hypervolume (HV) index.

The Pareto frontier curve obtained based on the NSGA-II and SIMP fu-
sion optimization method proposed in this paper shows the nonlinear trade-off
between mass and compliance, reflecting the effectiveness and stability of the
multi-objective optimization. The compliance gradually decreases with increas-
ing mass, indicating that the structural stiffness is significantly improved under
the premise of reasonable increase of material usage. However, when the mass
increases to a certain threshold, the improvement in compliance tends to be
less pronounced, indicating diminishing marginal benefits of further increasing
the mass on the improvement of stiffness. The Pareto frontiers are evenly dis-
tributed, covering a variety of engineering feasible solutions from lightweight
designs to high-stiffness designs, thereby verifying the good performance of the
algorithm in terms of solution set diversity and convergence.
The number of iterations required for the fusion NSGA-II–SIMP optimiza-

tion method to reach a stable Pareto frontier is significantly smaller than in other
mainstream multi-objective optimization algorithms, and convergence is achieved
after only 68 generations, which is significantly better than the 92 generations
of the standard NSGA-II and 85 generations or more in other algorithms. This
shows that the proposed master-subordinate nested collaborative optimization
mechanism effectively improves the search efficiency and accelerates the conver-
gence the algorithm. In terms of the HV index, the NSGA-II+SIMP method
achieves the optimal value of 0.874, indicating great solution quality and Pareto
front higher coverage in the target space. In contrast, other algorithms such
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as multi-objective evolutionary algorithm based on decomposition (MOEA/D)
(HV = 0.807) and multi-objective ant colony optimization (MOACO) (HV =
0.790) show lower HV values, indicating that their solution distribution is not
ideal, and their diversity and convergence are limited. Although strength Pareto
evolutionary algorithm 2 (SPEA2) and S-metric selection EMOA (SMS-EMOA)
have higher HV values, they have slower convergence speed and higher compu-
tational cost. In summary, the NSGA-II–SIMP collaborative optimization method
proposed in this paper is superior to other multi-objective optimization algo-
rithms in terms of convergence speed and solution quality, showing good opti-
mization performance and engineering applicability.
Figure 5 shows the design domain and performance comparison between the

traditional support structure and the optimized support structure.
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Fig. 5. Design domain definition and performance comparison between conventional and opti-
mized support configurations: a) topology optimization design domain, b) conventional uniform
design, c) optimized gradient design, d) stress distribution comparison, e) strain energy density,

f) compliance reduction.

Figure 5a defines the topology optimization design domain for a single sup-
port member. The member is 3.0m long and 0.4m high, and is discretized using
2D plane stress elements. Hinged boundary conditions are set at both ends,
constraining all degrees of freedom except axial rotation, i.e., allowing only ax-
ial force transmission. Based on the actual stress requirements of the support
in the overall structure, the axial load is equivalent to nodal forces uniformly
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distributed along the boundaries of both ends of the member, with a resultant
load value of 150 kN (compression). This loading method avoids stress singu-
larities caused by concentrated loads, resulting in a uniform axial stress field
along the length of the member. Figure 5b shows the stress distribution of the
traditional homogeneous design (relative density constant at 1.0), with a max-
imum von Mises stress of 195MPa. Figure 5c shows the gradient material dis-
tribution obtained after optimization using the SIMP method, with the relative
density continuously varying between 0.2 and 1.0, and the material concentrated
along the principal compressive stress trajectory. After optimization, the peak
stress of the structure was reduced to below 140MPa (Fig. 5d), and the strain
energy density distribution was more uniform (Fig. 5e and Fig. 5f), indicating
that under pure axial stress conditions, the concentration of material in the core
area is an effective strategy to improve axial stiffness and material utilization
efficiency.
As shown in Fig. 5a, the topology optimization design domain considered

in this study is clearly defined as the continuous cross section of a single diag-
onal brace in an X-shaped support system. Its two ends are connected to the
surrounding beam-column frame via hinged joints (marked with red circles),
and the boundary condition is an ideal hinged constraint that only transmits
axial force. The external load, according to the Code for Design of Building
Structures, is equivalent to a combination of axial pressure (P x = 150 kN, blue
arrow) and in-plane shear force (V y = 80 kN, green arrow) acting on the ends
of the member. This load combination represents the typical loading condition of
the support under wind and seismic loads. Figure 5c shows the optimal material
distribution for a single member cross section under given loads and constraints
rather than the optimization result for the entire frame system.
Figure 5 systematically demonstrates the key achievements of the multi-scale

collaborative optimization method proposed in this study in the design of sup-
port members. Figure 5a clearly defines the boundary conditions of the design
domain for topology optimization: for a single X-shaped support member with
a 2D continuous cross section (3.0m× 0.4m), a boundary condition with hinged
ends is adopted, and the load case is a standard combination of axial pressure of
150 kN and shear force of 80 kN, accurately simulating the stress mechanism
of the support in the actual steel frame. Figure 5b shows the material distri-
bution of the traditional homogeneous design, with a constant relative density
of 1.0. The corresponding stress distribution exhibits a uniform distribution
characteristic, with the maximum von Mises stress reaching 195MPa, verifying
the inherent defects of low material utilization and obvious stress concentration
associated with the traditional design. In stark contrast, Fig. 5c shows the gra-
dient material distribution obtained by the SIMP method optimization, with
the relative density continuously varying between 0.2 and 1.0, forming an effi-
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cient material layout with the cross section center as the core (ρ ≈ 0.8–1.0) and
gradually transitioning toward the boundary (ρ ≈ 0.2–0.4). This gradient distri-
bution is not a numerical artifact but the physically driven result based on stress
field sensitivity: the high-density core area precisely corresponds to the princi-
pal compressive stress trajectories and efficiently bears axial loads; the gradient
transition zone optimizes the shear force transmission path; and the low-density
boundary area removes materials with lower mechanical contributions. The op-
timized mechanical properties are significantly improved (Fig. 5d to Fig. 5f):
peak stress is reduced to below 140MPa, stress distribution uniformity is im-
proved; strain energy density is reduced in key areas, ultimately achieving mass
reduction. The mechanical rationale of this gradient layout lies in the fact that
it resembles the adaptive material distribution principle observed in biological
structures, providing optimal material configuration based on stress gradients
while ensuring structural integrity. Overall, this approach provides theoretical
basis and practical paradigm for the intelligent design of high-performance steel
structure supports.
The non-uniform material layout obtained in this study (Fig. 5c) seems to

contradict the traditional understanding that uniform cross section straight bars
are optimal. However, it actually reveals the complementarity of optimization
at different scales. At the microscopic material distribution scale, SIMP opti-
mization breaks through the implicit constraint of a homogeneous cross section
in traditional design. This study demonstrates that, under the premise of fixed
macroscopic geometry, allowing intelligent redistribution of materials within the
cross section based on stress field gradients can further unlock performance po-
tential: transferring materials from low-stress regions to high-stress core regions
can significantly improve axial stiffness and stability without increasing, or even
while decreasing, the total mass by optimizing the moment of inertia and the
stress distribution. Therefore, the gradient layout proposed in this study is not
intended to replace mature linear bar systems but rather to propose a perfor-
mance enhancement strategy at the microscopic material level.
The non-uniform von Mises stress distribution shown in Fig. 5d does not indi-

cate a deviation from the purely axial stress assumption in the component stress
state. On the contrary, this phenomenon is a direct result of the efficient mate-
rial allocation achieved through topology optimization under pure axial loading.
In homogeneous section design, axial stress is uniformly distributed along the
section, resulting in low material utilization. However, after SIMP optimization,
the material concentrates in the core region along the principal stress trajecto-
ries, forming a variable-density cross section. This layout allows the high-density
regions to bear a higher proportion of the axial load, while the stress level in
the low-density regions decreases accordingly. Therefore, the stress distribution
appears macroscopically as non-uniform stress distribution along the cross sec-
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tion and the material length. The non-uniform stress distribution, shown in
Fig. 5g, is essentially a local stress redistribution after adaptive material distri-
bution, rather than one caused by non-axial stress mechanisms such as bending.
Therefore, the non-uniform stress distribution precisely verifies that the pro-
posed optimization method effectively improves material utilization efficiency
while ensuring the axial load-bearing characteristics of the support component.
A comprehensive comparison of the mechanical responses is shown in Fig. 6.
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Fig. 6. Comprehensive comparison of the mechanical responses: a) conventional axial stress
[MPa], b) optimized axial stress [MPa], c) conventional transverse stress [MPa], d) optimized
transverse stress [MPa], e) conventional shear stress [MPa], f) optimized shear stress [MPa],
g) axial force distribution, h) bending moment distribution, i) overall deformation comparison.

The internal force distribution (Fig. 6g to Fig. 6h) shows that the axial force
is constant (150 kN) along the entire length of the component in both schemes,
and the bending moment is close to zero, proving that the optimized design does
not produce additional bending effects due to the non-uniform material distri-
bution. The overall deformation comparison (Fig. 6i) shows that the maximum
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axial compressive deformation of the optimized design (0.18mm) is reduced
by approximately 57% compared with that of the traditional design (0.42mm),
and the axial stiffness is significantly improved. A comprehensive analysis con-
firms that the optimized design achieves improved stiffness and a better stress
optimization through material redistribution while strictly maintaining the axial
force characteristics. Its performance advantage stems from the more efficient
material configuration rather than from a change in the force mechanism.
Table 5 shows the performance comparison results between the traditional

design and the optimized design.
To clearly elucidate the synergistic mechanism between macroscopic param-

eters and microscopic optimization, Table 6 presents the macro-micro variable
co-evolution path of a representative solution during the optimization iteration
process. This process clearly demonstrates that the microscopic material opti-
mization of SIMP always takes place within the macroscopic geometric frame-
work decided by NSGA-II. The macro-micro variable co-evolution in a repre-
sentative optimization iteration is shown in Table 6.
NSGA-II searches for and determines the optimal macroscopic layout param-

eters for the support components at the system level. These parameters uniquely
define a linear continuum design domain (i.e., the material domain to be opti-
mized). Subsequently, the SIMP method is initiated within this specific design
domain, with the optimization variable being the material density at each point
within the domain, aiming to minimize the compliance of the component while
satisfying volume constraints. Therefore, the central density concentration lay-
out is the optimal gradient material distribution of the cross section obtained by
SIMP after redistributing materials within the optimal linear component design
domain determined by NSGA-II. This does not imply replacing the macroscopic
topology of the X-shaped support with another shape. Rather it shows that,
based on the optimal macroscopic linear configuration, the performance of the
component can be significantly improved by adopting a non-uniform, function-
ally gradient cross-sectional material distribution. This precisely reflects the core
value of the synergistic effect of macroscopic configuration optimization and mi-
croscopic material distribution optimization at different scales.

5.3. Convergence analysis

The convergence curves are shown in Fig. 7. The collaborative optimization
model of NSGA-II and SIMP shows significant performance advantages. The al-
gorithm proposed in this paper reaches convergence in 68 generations, with the
final fitness value reaching 0.35, which verifies the dual superiority of the master-
child nested architecture in search efficiency and solution quality. The morpho-
logical characteristics of the convergence curve show that NSGA-II+SIMP has
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Fig. 7. Convergence curves. Note: PAES (Pareto archived evolution strategy);
OMOPSO (optimized multi-objective particle swarm optimization).

the fastest initial convergence rate (the curve has the steepest slope at the
beginning), which benefits from the collaborative optimization mechanism of
macroscopic parameters and microscopic material distribution; among the differ-
ent comparison algorithms, the indicator-based evolutionary algorithm (IBEA)
converges faster (85 generations), but falls into a local optimum (final fitness
value of 0.40).
The reasons why the NSGA-II+SIMP algorithm achieved the lowest fitness

value (0.35) can be attributed to three factors. First, the two-level optimiza-
tion architecture realizes a precise division of labor in the parameter space.
NSGA-II is responsible for the global search for the macroscopic geometric pa-
rameters, while SIMP specializes in the optimization of the microscopic material
distribution, thereby avoiding the efficiency loss of a single algorithm in multi-
scale optimization. Second, SIMP’s density filtering technology effectively sup-
presses the checkerboard effect, making the material distribution more consistent
with the principles of structural mechanics. Finally, NSGA-II’s elite retention
strategy and non-dominated sorting mechanism ensure the continuous evolution
of high-quality solutions. Combined with the sensitivity-based update of the OC
method, a Pareto optimal solution with mass-stiffness balance is obtained in the
68th generation, which achieves a lower fitness than the other optimization al-
gorithms.

5.4. Robustness analysis under different load conditions

In example 1 (2D X-shaped central support), the robustness results of the
structure optimized by the proposed algorithm under different load conditions
are shown in Table 7.
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Table 7. Structural response analysis under different load combinations.

Load case
(consistent with Table 3)

Displacement
[mm]

Maximum stress
[MPa]

Compliance
[m/N]

1 4.2 215 6.9

2 4.0 210 6.7

3 5.8 245 8.3

4 5.5 240 8.1

5 6.1 250 8.6

6 4.7 225 7.2

7 6.0 248 8.4

8 3.9 208 6.5

9 5.2 230 7.7

10 5.4 235 7.9

This study systematically analyzes the mechanical response of the optimized
2DX-shaped central support structure under ten typical load combinations. The
results show that the structure exhibits good robustness and stability under
various working conditions. From the perspective of the displacement response,
the maximum nodal displacement is 6.1mm (load case 5) and the minimum
is 3.9mm (load case 8). The displacement is within a reasonable range and
meets the requirements of the limit state for normal use of the structure. The
maximum stress values are between 208MPa and 250MPa, which are lower
than the yield strength of Q345 steel (345MPa), indicating that the structure
has a sufficient strength reserve. The compliance values are between 6.5m/N
and 8.6m/N, indicating that the stiffness of the optimized structure is stable
under different loads, and no obvious stiffness degradation occurs. It is partic-
ularly noteworthy that, under combined load conditions (such as load cases 5
and 10), the structure still maintains good performance, indicating that the op-
timization model proposed in this paper has strong adaptability and robustness
under multiple loading conditions. In general, the optimized structure exhibits
good load-bearing performance and deformation resistance ability while ensur-
ing a lightweight design, and thereby meeting the comprehensive requirements
of engineering design for safety, economy, and applicability.

5.5. Comparative analysis of support configurations

The optimization performance of five support configurations, namelyX-type,
V -type, inverted V -bracing, single diagonal brace, andK-type, is compared, and
the results are shown in Fig. 8.
Figure 8 clearly reveals the structural efficiency and mechanical properties

of the five support configurations – X-type, V -type, inverted V -bracing, sin-
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Fig. 8. Comparison of support configurations: a) mass comparison, b) compliance comparison.

gle diagonal brace, and K-type – by comparing their optimized mass (Fig. 8a)
and compliance (Fig. 8b). The results show that the single-braced configura-
tion performs best in terms of the lowest mass but has the lowest stiffness; the
K-type support provides the highest stiffness but uses the most material; while
the X-type support demonstrates a good overall balance between the conflict-
ing objectives of mass and compliance. This comparison verifies the universal
applicability of the proposed NSGA-II and SIMP collaborative optimization
framework to different support configurations and provides a quantitative basis
for engineers to select anoptimal support configuration based on specific stiffness
and weight requirements.
From the results of mass optimization we observe that the NSGA-II+SIMP

collaborative optimization method proposed in this paper achieves the best
lightweight performance among the five support configurations (X-type, V -type,
inverted V -bracing, single diagonal brace, K-type). Taking the X-type support
as an example, the mass after optimization is reduced from 2450 kg to 1860 kg,
which is significantly better than the results from other multi-objective opti-
mization algorithms (NSGA-II, SPEA2, MOEA/D, etc.). The optimized masses
of the V -shape, inverted V -bracing, single diagonal brace, andK-shape supports
are reduced to 2380 kg, 2150 kg, 1520 kg, and 2560 kg, respectively, all of which
are better than the optimization results of the other comparison algorithms.
This shows that the proposed method can effectively remove redundant materi-
als and improve material utilization efficiency while ensuring structural integrity.
Compared with the other algorithms, NSGA-II+SIMP achieves the coordinated
optimization of macro-scale design parameters and micro-scale material distri-
bution through its master-subordinate collaborative optimization mechanism,
which has stronger global search capability and higher local optimization accu-
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racy than stand-alone NSGA-II or other multi-objective algorithms (MOEA/D,
OMOPSO). In addition, the fine control of material distribution provided by
SIMP further improves the level of lightweight performance of the structure.
Overall, NSGA-II+SIMP exhibits the best mass optimization performance in
all support configurations, verifying its effectiveness and engineering applicabil-
ity in the member-level optimization of steel structures.
The compliance optimization results show that the NSGA-II+SIMP method

achieves the best improvement in structural stiffness in all five support con-
figurations. Taking the X-type support as an example, the compliance is re-
duced from 12.7m/N to 7.3m/N. The optimized compliance of the V -type,
inverted V -bracing, single diagonal brace, and K-type supports is 8.6m/N,
8.1m/N, 6.2m/N, and 9.8m/N, respectively, all of which are better than those
obtained by mainstream multi-objective optimization methods such as NSGA-II,
SPEA2, and MOEA/D. This shows that the proposed method is more effec-
tive in improving structural stiffness. The significant reduction in compliance
indicates a smaller deformation response under the same loading conditions,
thereby improving the overall load-bearing performance and lateral stiffness
of the structure. NSGA-II+SIMP uses a master-subordinate collaborative op-
timization mechanism to search for the optimal geometric configuration in the
macroscopic parameter domain while using SIMP to achieve optimization of
the microscopic material distribution, thereby effectively improving load trans-
fer efficiency. Compared with the other algorithms, the proposed method shows
stronger convergence and stability in compliance optimization. NSGA-II+SIMP
has obvious advantages in compliance control and provides a solid optimization
framework for improving the performance of central support components of steel
structures.
Besides the mass and compliance indices, the final support structures derived

from different optimization methods exhibit significant differences in design mor-
phology, primarily in the macroscopic mechanical parameters and material dis-
tribution. Regarding the macroscopic parameters, the NSGA-II+SIMP method
proposed in this paper tends to select an optimal inclination angle of approxi-
mately 45◦ and a cross-sectional area of 1.85× 10−3m2 for X-shape supports. In
contrast, methods such as stand-alone NSGA-II or MOEA/D, which lack inte-
gration with topology optimization, generally result in larger optimal inclination
angles and cross-sectional areas, reflecting their shortcomings in exploiting the
synergistic effect between macroscopic parameters and material utilization. In
terms of material distribution, NSGA-II+SIMP generates a clear and efficient
gradient density distribution through the SIMP sub-optimizer, concentrating
material along the principal stress paths. In contrast, methods without inte-
grated topology optimization only yield members with a homogenous material
distribution, resulting in lower material utilization. Although algorithms such
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as SPEA2 can approximate similar macroscopic parameters, their solution sets
lack the physical guidance provided by SIMP regarding material distribution
details, leading to slightly lower mechanical efficiency in the final configuration.
These design differences confirm that only through synergistic optimization at
both the macro- and micro-levels higher-performance structural configurations
can be created while controlling the amount of materials used. This is the core
improvement in the structural design introduced by the method presented in
this paper.

5.6. Comparison with single-objective optimization

In example 1 (2D X-shaped center support), the proposed algorithm is com-
pared with several single-objective optimization algorithms, including the ge-
netic algorithm (GA), particle swarm optimization (PSO), simulated annealing
(SA), and gradient descent (GD). The single-objective optimization takes the
minimum mass as the objective, and the optimization results are compared as
shown in Fig. 9.

Algorithm

M
as

s [
kg

]

Fl
ex

ib
ili

ty
 [m

/N
]

Fig. 9. Comparison with single-objective optimization.

The NSGA-II+SIMP collaborative optimization method proposed in this pa-
per shows a comprehensive performance that is superior to the traditional single-
objective optimization algorithm for the parameter configuration optimization
of the 2D X-shaped central support component. From the perspective of the
mass index, the optimized mass obtained by NSGA-II+SIMP is 1860 kg, which
is slightly higher than the one obtained by GA (1850 kg), PSO (1820 kg), and SA
(1830 kg), but lower than the one obtained by GD (1864 kg), indicating that the
presented method is still highly competitive in terms of lightweight design. How-
ever, the performance of the proposed method in terms of compliance index is
significantly better than that of all the single-objective optimization algorithms:
its compliance value is 7.3m/N, which is lower than 9.8m/N for GA, 10.2m/N
for PSO, 9.6m/N for SA, and 9.0m/N for GD, indicating that the optimized
structure has a smaller deformation response under the same loading condi-
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tions and better overall stiffness performance. This trend of slightly increasing
mass accompanied by significantly reducing compliance reflects the reasonable
trade-off between structural performance and material economy achieved by
multi-objective optimization in engineering design.
NSGA-II+SIMP employs a master-subordinate collaborative mechanism to

optimize macroscopic parameters by NSGA-II while SIMP achieves local op-
timization of the material distribution, thereby improving structural stiffness
and load-bearing efficiency. In contrast, although single-objective optimization
algorithms can reduce the structural mass to some extent, they often ignore
the simultaneous optimization of structural stiffness, resulting in a decrease
in the structural deformation resistance. Therefore, while maintaining the ad-
vantages of a lightweight structure, the proposed method significantly improves
the mechanical performance, demonstrates stronger optimization robustness and
engineering applicability, and provides a more practical optimization strategy
for the intelligent design of central support components in steel structures.
To provide a more indicative comparison, this study introduces a weighted

single-objective optimization method as a benchmark. This method transforms
the multi-objective optimization problem into a single-objective problem using
a weighting coefficient. Its objective function is defined as

Minimize f(x) = α · M(x)

M0
+ (1− α) · U(x)

U0
,

were M0 and U0 are the initial design mass and compliance, respectively, and
are used for normalization. By systematically adjusting α from 0 to 1, a series
of solutions from pure compliance minimization to pure mass minimization can
be obtained.
Table 8 lists the key results obtained by applying this method to the 2D

X-shaped central support (example 1), and compares them with three represen-

Table 8. Comparison between weighted single-objective optimization
and multi-objective optimization results.

Method Weight α Mass
[kg]

Compliance
[m/N]

Notes

Weighted
single-objective
optimization

0.0 2180 6.9 Pure compliance minimization

0.3 2020 7.5 Compliance-oriented solution

0.5 1920 8.1 Balanced weighting

0.7 1840 9.2 Mass-oriented solution

1.0 1780 11.5 Pure mass minimization

NSGA-II+SIMP
– 1860 7.3 Balanced solution (this study)

– 1750 8.8 Lightweight solution

– 2050 6.8 High-stiffness solution
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tative Pareto-optimal solutions selected by the NSGA-II+SIMP method in this
paper.
Analysis of Table 8 shows that the weighted single-objective optimization

can generate solutions diagonally distributed along the mass-compliance space
by adjusting α. When α = 1.0, the mass is the lowest (1780 kg), but the compli-
ance is as high as 11.5m/N, making the structure too flexible; when α = 0.0, the
compliance is the lowest (6.9m/N), but the mass is relatively large (2180 kg).
The main limitations of this method are: 1) the decision-maker must pre-set
a fixed α value, which requires prior knowledge of design preferences and cannot
be weighed afterward; 2) only one solution can be obtained per run, and ob-
taining multiple balanced solutions requires multiple independent calculations,
resulting in low computational efficiency.
In contrast, the NSGA-II+SIMP multi-objective optimization method pro-

posed in this paper can generate a complete Pareto front covering a wide range
of mass/compliance trade-offs in a single run (as shown by the three represen-
tative solutions listed in Table 8). This provides decision-makers with a rich se-
lection space, allowing them to flexibly choose the most suitable solution based
on specific engineering constraints and performance requirements (e.g., choosing
a balance solution with a mass of 1860 kg and a compliance of 7.3m/N). There-
fore, the proposed method significantly outperforms weighted single-objective
optimization methods in providing decision-making flexibility and a global per-
spective.

5.7. Analysis of the macroscopic mechanical parameter
optimization results

To further reveal the structural optimization mechanism of different support
forms, Table 9 lists the key macroscopic mechanical parameters corresponding
to a representative Pareto-optimal solution (considering both mass and stiffness
performance) for the five support structures obtained through the NSGA-II
algorithm.
The analysis shows that there are systematic differences in the optimal

macroscopic parameters for the different configurations of the support, which are
closely related to their unique mechanical mechanisms. The optimal inclination
angle of the X-shaped support is close to 45◦, which is in line with its pursuit
of bidirectional stiffness balance. The optimal inclination angle of the K-type
support is the highest (56.1◦), which helps to improve its out-of-plane stabil-
ity and optimize load-transfer paths. From the perspective of the cross-sectional
area, the higher the stiffness requirements for the support form (such as K-type
and V -type), the larger the optimal cross-section. The results of the arrange-
ment position reveal the regions where the brace plays the most effective role in
the frame, for example, the single diagonal brace can more effectively resist the
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torque when it is asymmetrically arranged (0.3 L). These optimal parameter
sets provide direct data support and a theoretical basis for support selection
and refined design under different engineering requirements.

6. Conclusion

This study successfully developed and validated a master-subordinate nested
collaborative optimization framework integrating the NSGA-II genetic algo-
rithm and the SIMP topology optimization method for the multi-objective de-
sign of central support components in steel structures. The primary achievement
lies in the effective realization of simultaneous optimization at both the macro-
(geometric parameters) and micro- (material distribution) scales, thereby ad-
dressing the inherent conflict between minimizing structural mass and compli-
ance. The key findings demonstrate that the proposed method reduces structural
mass by up to 24.1% while significantly enhancing stiffness, as evidenced by
a substantial decrease in compliance across various support configurations. Fur-
thermore, the generation of a high-quality Pareto front (HV = 0.874) provides
engineers with a diverse set of optimal trade-off solutions, facilitating informed
decision-making based on specific project requirements.
The engineering significance of this work is profound. The proposed method

transforms support design from an experience-dependent, iterative processes
into a systematic, performance-driven approach. The framework enables the
creation of lighter, stiffer, and more material-efficient support systems, directly
contributing to cost reduction, improved seismic performance, and the advance-
ment of sustainable building practices by minimizing material usage.
Despite its promising results, this study acknowledges certain limitations.

The computational expense associated with the nested optimization framework
remains non-trivial for very large-scale structures or highly refined meshes. Fur-
thermore, the model currently assumes linear elastic material behavior and ide-
alized connections, which may not fully capture nonlinear inelastic response
under extreme loading conditions.
Future research will focus on several key areas:
1. Enhancing computational efficiency through surrogate model-assisted op-
timization strategies.

2. Incorporating material and geometric nonlinearities to improve the pre-
dictive accuracy for ultimate limit states.

3. Extending the framework to encompass system-level optimization of en-
tire steel frames, including the interactive design of beams, columns, and
connections.

These steps will further strengthen the framework’s role in enabling intelligent,
high-performance structural design.
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