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Topology Optimization
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Abstract: This paper presents a multi-objective collaborative optimization framework for central support components in steel
structures, aiming to simultaneously minimize structural mass and compliance. Traditional design methods often optimize a single
objective, limiting overall performance. To address this, we integrate the NSGA-II genetic algorithm with the SIMP topology
optimization method within a master-sub nested architecture. NSGA-II performs a global search for optimal macro-level geometric
parameters, while SIMP optimizes the micro-level material distribution under given 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, confirming its robustness and
broad applicability. The Pareto front achieves a high Hypervolume (HV) index, indicating excellent solution diversity and quality.
This approach provides an intelligent and efficient pathway for the high-performance, lightweight design of steel structures.
Keywords: Steel Structure, Central Support Member, Multi-objective Optimization, Topology Optimization, NSGA-II Algorithm,
Collaborative Optimization
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 particular, Q345 steel offers a yield
strength of 345 MPa with a material density of 7.85 g/cm?, 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 capacity when properly configured [2—3]. Nevertheless, conventional design approaches 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%-35%), making it challenging to satisfy deformation limits under modern design codes such as GB50017-2017
[4-5]. Moreover, different support configurations, 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 design, existing studies have not
sufficiently addressed the integrated optimization of both macroscopic geometric parameters and microscopic material distribution.
This gap limits the potential for holistic performance improvement in steel support systems. Therefore, this study undertakes
multi-objective optimization of central support components [8—9], aiming not only to enhance structural safety and economy 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-sub nested architecture that enables simultaneous optimization at both macro (geometric
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 optimization. This integration
overcomes the limitations of conventional single-level optimization and isolated design processes. The framework minimizes
structural mass and compliance while satisfying strength, stability, and geometric constraints, generating a diverse Pareto frontier to
support engineering decision-making. By combining global parameter exploration with local material layout refinement, the method
achieves a comprehensive improvement in structural 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 expected practical benefits include significant material savings, enhanced structural 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 structural optimization, especially in solving complex
nonlinear optimization problems, showing strong global search capabilities [10-11]. NSGA-II [12-13], as a classic multi-objective
genetic algorithm, has achieved efficient Pareto frontier 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 systems [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 supporting components. Although such methods can improve local
efficiency, they cannot take into account conflicting objectives such as stiffness and stability. The optimization research of steel
structure support components has evolved from single-objective parameter optimization to multi-objective collaborative optimization.
To balance the 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 analysis tools further improves the automation level
and engineering applicability of structural optimization [20]. Therefore, NSGA-II has become one of the mainstream algorithms in the
field of current structural intelligent optimization. However, traditional multi-objective optimization relies on manual decision-making
to select Pareto solutions and lacks an automatic matching mechanism with engineering standards.

As an important means of structural lightweight design, topology optimization aims to reasonably distribute materials within a
given design domain to achieve optimal performance. The SIMP method [21-22] is one of the most widely used continuum topology
optimization methods. It applies 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 converge to the optimal



configuration that satisfies the objective function and constraints. SIMP has been widely used in aerospace, automobile manufacturing,
construction engineering, and other fields, especially for improving component-level structural performance and optimizing material
utilization efficiency [25]. Although the SIMP method has advantages in mathematical modeling and calculation accuracy, its
sensitivity to initial conditions and its tendency to fall into local optimality still need to be improved by combining with intelligent
optimization strategies. Existing studies are mostly aimed at homogeneous materials, and no density update strategy is optimized for
specific stress concentration of X-type and K-type supports.

As a key component of the steel frame lateral force resistance system, the geometric form, cross-sectional size, and material
distribution of the central support member directly affect the 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
characteristics, ductility performance, and construction feasibility. Therefore, the reasonable selection and optimization design of
support members are crucial to improving structural performance [28]. Traditional design methods mainly rely on empirical judgment
and repeated trial and error, which makes it difficult to meet safety requirements while taking into account economic efficiency [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 cross-section
optimization, layout optimization, and morphological evolution of support components. However, existing research focuses on the
macroscopic parameter level, and rarely involves the collaborative optimization of the microscopic material distribution level.
Although significant progress has been made in macro parameter optimization and micro topology optimization in their respective
fields [33-34], research on effectively integrating the two is still relatively limited and faces many challenges. The existing attempts
can be mainly divided into two categories: one is to adopt sequential optimization strategy, which first determines the optimal
geometric parameters through genetic algorithm, and then performs topology optimization under a fixed configuration. This method
ignores the coupling effect between levels and is prone to falling into local optima; The second is to embed the sensitivity information
of topology optimization into evolutionary algorithms, but there is often a contradiction between computational efficiency 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-slave nested
architecture proposed in this article overcomes the limitations of traditional one-way data streams by establishing a closed-loop
interaction between macroscopic parameter space exploration and microscopic material distribution updates, providing a new
approach for achieving full-scale performance optimization of steel structure support systems. On this basis, this paper proposes a
multi-objective collaborative optimization model that integrates NSGA-II and SIMP methods to achieve the joint optimization design
of central support components at the two levels of geometry and material distribution, providing a new technical path for improving
structural performance.

3. Method
3.1 Problem Definition and Objective Function
This study aims to construct a multi-objective optimization model that integrates the NSGA-II genetic algorithm and the SIMP

topology optimization method to optimize the parameter configuration design of the central support components of the steel structure.



In this optimization problem, the core goal is to achieve the dual optimization goals of minimizing mass and flexibility by adjusting
the geometric parameters and material distribution of the support components, thereby improving the mechanical properties and
material utilization efficiency of the overall structure while meeting the constraints of structural safety and stability.

Mass is an important indicator to measure the economic efficiency and lightweight degree of a structure. Under the premise of
meeting the requirements of bearing capacity and stiffness, reducing mass helps to reduce material costs, mitigate seismic response,
and improve construction efficiency. The formula for structural mass is:

HO=ME)=E.p,Ve(1)

In formula (1), x is the design variable vector, including the geometric parameters and material distribution density of the
supporting member; p, is the material density of the e-th unit; and V, is the volume of the e-th unit.

Flexibility is an important indicator to measure the overall deformation capacity of a structure under external loads. Its physical
meaning is the strain energy of the structure under load. The smaller the flexibility, the higher the structural rigidity, the smaller the

deformation, and the stronger the overall bearing capacity and lateral stiffness of the structure. The formula for flexibility is:
S,E=U)=3FK'F2)

In formula (2), F is the external load vector; K is the overall stiffness matrix of the structure; K is the inverse of the stiffness
matrix and represents the flexibility matrix of the structure; and F’ K ! is the energy coupling between load and displacement.

Since there is a nonlinear and non-monotonic trade-off between mass and flexibility, 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 formula is:

Minimizef; (x) = M(X) = X¢=1 PePrmatVe(3)
Minimizef,(x) = U(x) =~ FTK(x)"'F(4)
In formula 3-4, p,.. is the material density, V, is the unit volume, F is the external load vector, and K (x) is the overall stiffness

matrix that depends on the design variables.

gj(x)SOle ,2,"‘,}71
h;(x)=0, k=1,2,++-,n(5)
xLSxSxU

In formula (5), gj(x) is the inequality constraint, including strength, stability, and geometric restrictions; h;(x) is the equality
constraint, including boundary conditions and symmetry requirements; x“ and xV are the lower and upper limits of the design
variables, respectively.

In practical engineering, minimizing quality is directly related to material costs and construction convenience. As a measure of
structural strain energy, the minimization of flexibility is closely related to structural performance: lower flexibility values directly
correspond to higher overall stiffness, which means that structural deformation is smaller under the same load; The increase in
stiffness further enhances the load-bearing capacity of the structure, especially when subjected to wind and earthquake loads, which
can effectively control lateral displacement; In addition, according to the Code for Seismic Design of Buildings (GB50011-2010),

controlling structural deformation is one of the key factors to ensure seismic performance. Therefore, optimizing flexibility directly



helps to meet the displacement limit requirements in seismic design. This study achieved the optimal balance between material
economy and structural performance by jointly optimizing these two objectives while ensuring structural safety and applicability.
3.2 Design Variable Selection

This study adopts a multi-scale collaborative optimization strategy and divides the design variables into two levels: macro
variables and micro variables, which are controlled by the NSGA-II genetic algorithm and the SIMP topology optimization method,
respectively, thereby achieving the joint design of geometric parameter optimization and material distribution optimization.

Macro-design variables mainly describe the geometric configuration 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 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 (0): The angle between the support rod and the horizontal direction, which affects the load transfer
path and the stress state of the component, and the value range is 30°<6<60°;

Cross-sectional size (A): Expressed as the cross-sectional area parameter of the steel section, it affects the 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 component in the structural plane, which affects the symmetry
and force balance of the structure.

The NSGA-II algorithm is used for global search and optimization, and the macro design variable vector is expressed as:
Xmacro=[05A4,1,%,y]"(6)

The micro-design variable describes the material distribution state inside the supporting component and is used to control the
distribution density of the material in the design domain. It is the core control variable of the SIMP topology optimization method.
This variable is expressed as pseudo-density (p,), and its physical meaning is the relative density of the material in the e-th finite
element unit, with a value range of 0 <p < 1.

pe:O: It indicates that the unit has no material, that is, it is a void;

p,=1: It indicates that the unit is solid material;

0<p,<l: It indicates an intermediate density state, which is suppressed by a penalty factor to obtain a clear topological
configuration.

In the SIMP method, the relationship between the unit stiffness matrix and the material density is:
Ke(p,)=pK2(T)

In formula (7), K is the unit stiffness matrix of the solid material; p is the penalty factor, and its value is p=3, used to suppress
the intermediate density and obtain a clear material distribution.

The micro-design variable vector is expressed as:

Xmicro™ [plapza---apE] T(8)



Optimizing the bracing angle 0 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 carried out within this established frame. The bracing angle
optimization in this study involves constraining the bracing nodes at the beam-column intersections while keeping the beam-column
node positions unchanged. By adjusting the angle between the bracing members and the horizontal direction, the optimal force

transmission angle is found within a continuous range (30° < 6 <<60° ). This approach is equivalent to parametrically optimizing

the bracing arrangement within a given frame grid, rather than changing the frame's geometric topology, thus possessing clear
engineering feasibility.
3.3 Constraint Modeling

If the optimization model does not consider the actual engineering constraints, it may generate a 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, manufacturing, construction, and specifications. It constructs a constraint
modeling system for engineering applications to ensure that the optimization results have good 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 to prevent plastic damage or local failure. For the central support member of the steel structure, the strength constraint is

expressed as:
a(_,Sfy ,Ve(9)
In formula (9), o, is the equivalent stress of the e-th unit; fy is the yield strength of the steel; and e is the finite element unit

index.

Stability constraints are used to prevent buckling failure of support members under compression and are the core control
conditions in the design of central support structures. For steel support members, the overall stability is determined by the slenderness
ratio, and the constraint is expressed as:
=2 <(10)

In formula (10), /, is the calculated length of the member; i is the section radius of gyration; 4,,,, is the maximum slenderness
ratio allowed by the code. The Code for Design of Steel Structures GB50017 stipulates the slenderness ratio limit of the central
support member.

Geometric constraints are used to control the layout and size range of supporting 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 allowed by the structural lateral force resistance system to avoid conflicts with the main beam-column nodes or
affecting the building function. To prevent the structure from being too small, resulting in construction difficulties or insufficient
bearing capacity, set the minimum component size constraint:

AeZAmin ,Ve(l 1)



In formula (11), A4,,,, is the minimum cross-sectional area.

Avoid slender components and isolated holes: Slender components are prone to local buckling, and isolated holes may weaken
the integrity of the structure. Therefore, density filtering technology and minimum size constraints are applied in topology
optimization to suppress unreasonable material distribution;

Control the number of connection nodes: Too many connection nodes can increase the difficulty and cost of construction.
Therefore, during the optimization process, the number of connection nodes between supporting members and beams and columns
should be limited to ensure a simple structure and easy construction.

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 Seismic Design of Buildings (GB50011-2010),
this study verifies the compliance of the selection of supporting components, mechanical performance, ductility requirements, and
node construction to ensure that the optimized structure has sufficient safety and reliability within 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 of geometric
parameters and material distribution, 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 parameter space, while SIMP is used as a
sub-optimizer to optimize the micro material distribution under given geometric parameters, forming a master-sub nested optimization
architecture.

The collaborative optimization model based on NSGA-II and SIMP method is shown in Figure 1.

Inner Loop: SIMP Sub-optimizer Outer Loop: NSGA-II Master Optimizer
Receive Macroscopic
Parameters Initialize Population
from NSGA-II with Macroscopic Variables
Finite Element Modeling Fast Non-dominated Sorting
with CalculiX and Crowding Distance

SIMP Topology Genetic Operations

Optimization SBX Crossover/Polynomial
Density Update with OC Mutation
Method

Constraint Handling
Density Filtering Penalty Function Method
Checkboard Prevention

Material Distribution Convergence Checl
Optimization

Constraint Evaluation
Strength/Stability/Geometry erged
Output Pareto Front

Performance Evaluation

Calculate Mass &
Compliance

Convergence Chec!

Constraint Violation Check

Fitness Evaluation
with Penalty Terms

Figure 1. Collaborative optimization model



The collaborative optimization model based on NSGA-II and SIMP methods proposed in this article adopts a master-slave nested
double-layer architecture to achieve joint optimization design of steel structure center support components at two levels: geometric
parameters and material distribution. The outer NSGA-II algorithm serves as the main optimizer, responsible for conducting global
searches in macro parameter spaces such as support angles, cross-sectional dimensions, and layout positions. It generates Pareto
frontiers 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 material 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 layers is
achieved through an automated data interface: the geometric parameters generated by NSGA-II drive finite element modeling, and the
material distribution feedback quality and flexibility 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 technology to ensure
manufacturing feasibility, thus constructing an efficient, stable, and engineering applicable collaborative optimization framework.

The determination of load values within the SIMP topology optimization design domain is based on overall structural analysis.
First, the various loads (dead load, live load, wind load, seismic action) and their combinations acting on the overall frame are
determined. Under the current macroscopic 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 axial force design value of the support member to be optimized under the control condition (usually the most
unfavorable load combination under the ultimate limit state) is extracted. This axial force value is 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 ensures that the load conditions upon which the microscopic material
distribution optimization is based truly reflect the actual stress state of the support member in the overall structure, realizing a
closed-loop load transfer from system-level analysis to component-level optimization.

3.5 Algorithm Implementation Details

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

2(141.%) (:_S)nf , u<05

1 1-u\"c
2(141¢) (E) , u>05

Psgx(nc) =

In formula (12), u€[0,1] is a random number, 7, is the cross-distribution index, and its value is 7 =15.

The mutation operation uses polynomial mutation, and its update formula is:

1/(m+1) _ <0
{(Zu) 1, u<0.>5 (13)

1-[2(1 —w)]YOm*D 4 > 0.5
x =x+0-(x,-x,)(14)
In formula (13-14), #, is the variation distribution index. x, and x; are the upper and lower limits of the quantity, respectively;
x is the new value after variation.
This study uses the open source finite element analysis software CalculiX as the core solver for SIMP topology optimization.

CalculiX supports structural mechanics analysis, linear/nonlinear solution, custom material properties, and post-processing functions,



and is suitable for embedding into the optimization process for automated modeling and solution.

In the optimization process, the macro 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 update through CalculiX to form a
master-sub collaborative optimization system.

This study applies density filtering technology. When updating the unit density, the density influence of its neighboring units is

considered to smooth the material distribution. The filtering operation is:

~ ZiENE W(rei)/]i( )

e YieN, W(rei)
In formula (15), N, is the set of neighboring units of unit e; 7,; is the geometric distance between unit e and unit i; w(r,;) is the
filter weight function.
To determine whether the SIMP [38-39] optimization process has converged, this study adopts the density change threshold
method, that is, when the maximum change in the density of all units in two adjacent iterations is less than the set threshold, the
optimization is considered to have converged:

max|pD-p®l<e(16)

NSGA-II is mainly responsible for optimizing macroscopic design variables, while the SIMP method optimizes microscopic
material distribution under given geometric parameters, with the objective function of minimizing structural mass and flexibility, and
comprehensively considering strength, stability, and regulatory constraints. Through the collaborative interaction between the
population evolution mechanism of NSGA-II and the topology optimization subroutine of SIMP, multi-scale joint optimization of
geometric parameters and material distribution is achieved, and the Pareto frontier solution set that meets engineering feasibility is
finally output, 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. The finite element analysis uses the open source structural solver CalculiX,
which has complete linear elastic analysis functions, supports custom material properties and post-processing interfaces, and is
suitable for embedding into the topology optimization process. The optimization algorithm is implemented based on Python 3.9 to
complete the population initialization, evolution operation, and fitness evaluation of NSGA-II. The experiment is run on a hardware
platform with 124 GB of memory, and a multi-threaded parallel computing mechanism is enabled to improve optimization efficiency.
In terms of software interface, Python scripts are used to automatically call the CalculiX command-line interface, enabling
full-process automated modeling and data feedback from design variable input, model generation, solution to result extraction. This
ensures that the optimization process is efficient, stable, and has good 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



C3DS8 solid elements are used and a mesh size of not less than Smm is applied to ensure calculation accuracy and efficiency; The
boundary conditions of the model are set to be completely fixed at the column base, and necessary displacement constraints are
applied at the corresponding nodes to prevent rigid body displacement; All materials are defined as linear elasticity, with Q345 steel
having an elastic modulus of 206 GPa, Poisson's ratio of 0.3, and a density of 7850 kg/m 3; The load is applied in the form of static
equivalent nodal force according to the specifications. These settings together form the reliable numerical basis for generating
performance data such as quality and flexibility.

This study strictly follows the standard force transmission mechanism of steel structure support system for finite element
modeling to ensure that the model accurately reflects the actual engineering behavior. Specifically: (1) The frame beam-column joints
are rigidly connected to simulate the overall bending behavior of the frame; (2) All support members are connected to the frame as
hinged connections that only transmit axial force to avoid transmitting unexpected bending moments; (3) The support members
themselves are discretized using T3D2 truss elements (which only bear axial force), and their cross-sectional properties are
determined based on macroscopic design variables to ensure that the support mainly functions as an axial force member; (4) External
horizontal loads (wind loads and seismic action) are converted into horizontal concentrated forces acting on the frame floor joints
through the equivalent 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 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 freedom to simulate actual node connections. External loads are no longer applied to
the nodes as concentrated forces; instead, based on the principle of static equivalence, the total axial force demand borne by the
support in the structural 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, ensuring that the member is under
uniform axial tensile and compressive stress during the analysis, providing a stress field basis consistent with engineering realities for
topology optimization.

4.2 Parametric Modeling Method

To achieve automatic updating and diversified modeling of supporting component 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 forms. The five typical
forms of support considered and their key macro parameters are as follows:

X-shaped support: composed of two symmetrical intersecting diagonal rods, with key parameters including support inclination
angle 0 (30 © -60 °), cross-sectional area A, and intersection point position.

V-shaped support: Two diagonal rods intersect diagonally from both ends of the beam at a certain point on the column, with key
parameters including the height of the intersection point, the inclination angle of the diagonal rods, and the cross-sectional
dimensions.

Herringbone support: Two diagonal braces extend downward from both ends of the beam and intersect at a certain point on the



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 inclination
0, section area A and node coordinates at both ends.

K-shaped support: The diagonal bars intersect in the middle of the column to form a K-shaped layout, with main parameters
including the height of the intersection point, the angle of the diagonal bars, and the cross-sectional characteristics.

In the SIMP optimization stage, the material density field is dynamically mapped to each finite element element, achieving
real-time updates of material distribution and lightweight modeling. After the modeling is completed, the Python script automatically
generates CalculiX recognizable. inp input files and calls the solver for finite element analysis to obtain 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 settings Description

Population size 100 Control population diversity and computational overhead
Max generations 200 Control the number of optimization iterations

Crossover rate 0.9 Control the probability of crossover operations

Mutation rate 0.1 Control the probability of mutation operations

Crossover operator type Simulated binary crossover Applicable to real number encoding

Mutation operator type Polynomial mutation Maintain local search capability

Constraint processing method Penalty function method Punish fitness for infeasible solutions

Penalty coefficient 1000 Control 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 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 evolutionary generation (200) is 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 to achieve a balance between global exploration and local
exploitation. All parameter 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 conflicting objective functions: mass minimization and
flexibility minimization. To deal with the constraints that may be violated during the optimization process, this study uses the penalty
function method to penalize the fitness of infeasible solutions. If an individual violates any constraint, the fitness value adjustment

formula is:

St o Tymax(0,,(x0))(17)



In formula (17), f; is the original objective function value, gj(x) is the j-th inequality constraint function, and « is the penalty

coefficient used to control the penalty intensity.
4.4 Topology Optimization Subroutine Settings

The initial density is uniformly set to p =1, that is, the initial state is full solid material. To avoid the checkerboard phenomenon
and mesh dependency problems, the density filtering technology is applied, and the filter radius is set to 1.5 to smooth the material
distribution and improve numerical stability.

The sensitivity update strategy is adopted in the optimization process, and the density is updated in combination with the OC
(Optimality Criteria) 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 cells between two consecutive iterations is less than 1x1073. That is:

max|pdD-p®|<1x107(18)

To prevent the optimization from falling into the local optimum, the maximum number of iterations is set to 100, and sensitivity
analysis and filtering 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 material distribution
Initial density 1 All units are initially solid materials

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

Convergence criterion 1x1073 Maximum change threshold of adjacent iteration density

Sensitivity update method OC method Efficient density update strategy based on optimization criteria

Maximum number of iterations 100 Prevent optimization from falling into local optimum

Filter type Linear weight filter Use distance weighted average to suppress discontinuous distribution

4.5 Example Design

This study designs five typical support structure examples, corresponding to different support forms and force characteristics.
Each example constructs a finite element model based on the parametric modeling method, and performs multi-objective optimization
under the same optimization objectives (minimum mass, minimum flexibility) and constraints to evaluate the adaptability and
optimization performance of the proposed method under different structural forms.

The structural form is shown in Figure 2.
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Figure 2. Structural Form

Example 1 uses a two-dimensional X-shaped central support structure as the research object. It is 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 resistance system. The structure can work effectively under both positive and reverse horizontal loads, and has good
symmetry and tensile and compressive resistance. The modeling adopts a plane beam-truss hybrid unit, and the support nodes are
rigidly connected.

In Example 2, a three-dimensional V-braced steel frame structure is constructed. The supporting members are obliquely
intersected from both ends of the beam to a certain point in the column, forming a "V"-shaped arrangement. The modeling adopts a
three-dimensional space beam element, and considers the node eccentricity and local buckling effects.

Example 3 studies a three-dimensional herringbone support structure, where two supports extend downward from both ends of
the beam and intersect at a certain point in the column, forming a herringbone layout. The modeling adopts a spatial truss-beam
hybrid element and considers nonlinear material behavior.

Example 4 is a three-dimensional single diagonal brace structure, which consists of a diagonal brace connected diagonally from
the top of the column to the end of the beam to form a simple support system. The modeling adopts a three-dimensional beam element
and considers the influence of boundary conditions and node connection stiffness.

In Example 5, a K-shaped support structure is constructed, where the supports intersect at the middle of the column to form a
"K"-shaped layout. The modeling adopts a refined beam-shell hybrid element and considers the stress concentration effect of the
node.

This study designs robustness tests under different load combinations, including multiple combinations of dead load, wind load,
and seismic load. The load combination information is shown in Table 3.

Table 3. Load combination information

Number Load combination name Dead load (DL)  Wind load (WL) Earthquakeload (EL) Combination factor

Dead load + wind load (positive
1 1.2 DL 1.4 WL 0 1.2DL+ 1.4 WL
direction)




Dead load + wind load (negative
2 1.2 DL -1.4WL 0 1.2DL-1.4WL
direction)

Dead load + earthquake load (X
3 1.2DL 0 1.3 EL (X) 1.2DL+ 1.3 EL
direction)

Dead load + -earthquake load (Y
4 1.2 DL 0 1.3 EL (Y) 12DL+1.3EL

direction)

Dead load + wind load + earthquake

5 1.0 DL 0.5 WL 1.OEL 1.0DL +0.5 WL + 1.0 EL
load

6 Dead load + live loadv (LL) + wind load 1.2DL+14LL 14WL 0 1.2DL+14LL+14WL

7 Dead load + earthquake (bidirectional) 1.2 DL 0 1.3 EL (X+Y) 1.2DL+ 13 EL

8 Dead load + wind load (1.0 times) 1.0 DL 1.0 WL 0 1.0DL + 1.0 WL

9 Dead load + earthquake (1.0 times) 1.0 DL 0 1.0 EL 1.0 DL + 1.0 EL
Dead load + wind load + earthquake

10 1.0 DL 0.6 WL 0.8 EL 1.0 DL +0.6 WL + 0.8 EL
load (simplified)

Note: DL represents dead load; WL represents wind load; and EL represents earthquake load. The load combination coefficient is
determined according to the Code for Loads on Building Structures (GB 50009) and the Code for Seismic Design of Buildings (GB
50011).

Table 3 systematically lists 10 load combinations used in this study to evaluate structural performance, which strictly comply
with the requirements of China's "Code for Load of Building Structures" (GB 50009) and "Code for Seismic Design of Buildings"
(GB 50011). The combination covers various types of loads such as dead load (DL), live load (LL), wind load (WL), and earthquake
action (EL), and considers different directions of action (such as wind load forward and reverse, earthquake X/Y direction, and
bidirectional) and combination coefficients, aiming to comprehensively test the displacement, stress response, and overall robustness
of the optimized structure under different working conditions such as basic, wind control, seismic, and multiple load coupling.

The structural analysis of this study is based on the following key modeling assumptions to ensure that the computational model
accurately reflects the mechanical behavior of the structure under reasonable simplification:

Component modeling: The frame beams and columns are simulated using three-dimensional Euler Bernoulli beam elements
(B31), which consider axial and bending deformations but ignore the influence of shear deformation. Differentiated modeling of
supporting components based on their stress characteristics: truss elements (T3D2) are mainly used as the supports that bear axial
forces; In support systems that require simultaneous consideration of axial force, bending moment, and nodal effects, beam elements
are used.

Node connection: The connection between beams and columns is assumed to be a rigid connection to simulate the continuous
transmission of bending moments. All connection nodes between supports and frame beams and columns are simulated based on their
actual stress characteristics: for central supports, their end connections are usually assumed to be hinged and only transmit axial forces;
For eccentric supports that require consideration of shear deformation in the node domain, additional spring elements or rigid regions

are introduced to approximate the semi-rigid characteristics of the node.



Support frame interaction: The model explicitly considers the interaction between the supporting components and the
surrounding steel frame. Support is considered as a component of the framework's lateral force resisting system, and its internal forces
are directly transmitted to beam and column components through nodes. In addition to bearing gravity loads, frame beams and
columns also need to withstand axial forces and bending moments transmitted from supports, thus automatically considering the
comprehensive impact on the strength and stability of frame components in the analysis.

Boundary conditions and loads: The column base is assumed to be a fixed support. The load is applied to the corresponding
nodes through the principle of static equivalence and follows the provisions of the Load Code for Building Structures (GB50009). The
material constitutive relationship is assumed to be linear elasticity during the elastic analysis stage.

The column bases of all structural schemes are assumed to be fixed supports, fully constraining all translational and rotational
degrees of freedom. Apply corresponding displacement constraints based on the analysis type at the nodes connected to the support at
the top of the framework to ensure that the structure does not undergo rigid body displacement. For planar models, constrain their out
of plane degrees of freedom; For spatial models, ensure that necessary constraints are applied in non force directions to maintain
stability.

The external load is determined according to the provisions of the Load Code for Building Structures (GB50009) and the Code
for Seismic Design of Buildings (GB50011). In all structural schemes, loads are applied to the corresponding 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 forces; Wind load and earthquake action are converted into equivalent static nodal
forces applied to the lateral resistance system of the structure according to the requirements of the specifications. This load application
method, together with the aforementioned boundary conditions, ensures the static equilibrium and mechanical rationality of all
structural schemes during the stress process.

5. Results and Discussion
5.1 Comparison of Structural Performance before and after Optimization

The performance comparison of the structure before and after optimization is shown in Figure 3.
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Figure 3. Comparison of structural performance before and after optimization
Figure 3 (a) before and after mass optimization
Figure 3 (b) before and after flexibility optimization

Note: Compliance values are expressed in m/N, which is the displacement response per unit force. Smaller values mean a more



"rigid" structure and less compliance.

In Figure 3(a), both optimization methods can effectively reduce the structural mass, but Optimization 1 (master-sub nested
optimization) 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 only reduces it to 2020 kg, a decrease of 17.6%. This difference 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 of macro parameters, while SIMP optimizes the local material distribution under fixed geometry. The two have clear division
of labor and high search efficiency. In Optimization 2, the density variable is encoded into the chromosome, which greatly increases
the length of the chromosome. NSGA-II is prone to fall into the local optimum, and the search efficiency decreases. In addition, the
optimization scales of density variables and macro parameters are inconsistent, which makes it difficult for the algorithm to balance
the two, resulting in slow convergence and limited optimization space. Therefore, Optimization 1 has obvious advantages in quality
control, especially in complex support structures.

From the flexibility comparison in Figure 3(b), it can be seen that Optimization 1 controls the macro parameters through
NSGA-II and calls SIMP to optimize the local material distribution in each iteration. In Example 1, Optimization 1 reduces the
flexibility from 12.7 m/N to 7.3 m/N, while Optimization 2 only reduces it to 8.9 m/N. In Example 5, the flexibility of Optimization 1
drops to 9.8 m/N, while Optimization 2 drops to 11.6 m/N. In Optimization 1, NSGA-II focuses on the efficient search of macroscopic
parameters, while SIMP performs local material distribution optimization under fixed geometry, forming a "master-sub synergy
mechanism" to obtain a clear and reasonable material distribution in each iteration, effectively improving the structural stiffness. In
Optimization 2, since the material density variables of SIMP are directly encoded into the chromosome, NSGA-II needs to optimize
both macroscopic and microscopic variables at the same time, which leads to a sharp increase in the search space, the algorithm is
prone to fall into local optimality, the material distribution is not compact enough, and the flexibility optimization is limited.
Therefore, Optimization 1 achieves better flexibility performance through the synergistic mechanism of "macro control + local
optimization", improves the deformation resistance of the overall structure, and is more stable and efficient under complex support
forms and multiple working 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 load conditions. While maintaining the 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 distributed
along the cross-sectional boundaries at both ends of the member. Under this pure axial load condition, SIMP topology optimization
was re-executed to obtain a new gradient section design. The table shows a performance comparison between the traditional
homogeneous design and the optimized design under modified load conditions.

Table 4. Performance Comparison of Traditional Design and Optimized Design under Modified Load Conditions

Performance Traditional Optimize gradient design
Engineering Significance:
Indicators homogeneous design (correct load)

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




material costs

Structural Stiffness increased by approximately 10 times,
3.8 m/N 0.35 m/N
Flexibility enhancing deformation control
Material Utilization Material is concentrated along the principal stress
65% 87%
Rate path

Structural efficiency per unit mass is significantly
Specific Stiffness 4.82 m/N-kg 10.68 m/N-kg
improved

Comparative results show that even under modified pure axial load conditions, the optimized design still exhibits significant
performance advantages. The mass decreased from 2450 kg to 1890 kg, a reduction of 22.9%; the flexibility decreased from 3.8 m/N
to 0.35 m/N, and the stiffness increased by approximately 10 times. Compared with the optimized results under the original load
conditions (mass 1860 kg, flexibility 0.3 m/N), the optimized design under the modified load condition shows slight differences, but
the overall performance advantage remains. This confirms that the SIMP topology optimization method proposed in this paper can
effectively improve the performance of supporting components based on correct mechanical modeling. The effectiveness of the
optimization results does not depend on inappropriate load conditions, but rather on the method's ability to optimize 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 utilization. The SIMP method aims to minimize structural flexibility (i.e., maximize overall stiffness). Under
given volume constraints, it identifies the region that contributes the most to structural stiffness through sensitivity analysis. For
members subjected to axial compression, the principal compressive stress traces are distributed along the axis of the member. The
material in the core region of the cross section contributes significantly more to resisting axial deformation and maintaining overall
stability than that in the edge region. Therefore, the optimization algorithm actively transfers material from the low strain energy
contribution area (cross section edge) to the high contribution area (cross section core), forming a gradient distribution with high
density at the center and low density at the edge. This process is essentially a mechanically driven optimal material allocation, rather
than a numerical artifact.

This phenomenon has been fully verified in existing 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, provided that Euler buckling
constraints are satisfied [40-41]. In the study of cross section optimization of space truss structures, it was found that, under the
condition of considering stability constraints, material concentration towards the cross section core is an effective strategy to improve
buckling resistance [42]. Through the study of axially stressed members using the progressive structural optimization method, the
trend of material concentration along the principal stress traces was also observed, and it was pointed out that this layout can enable
the member to obtain a higher critical buckling load without changing mass [43]. Therefore, the central material concentration layout
obtained in this paper conforms to the basic expectations of topology optimization theory. It is the optimal force transmission path
obtained by the SIMP method under axial stress conditions through stress field sensitivity driving, and has clear physical significance

and theoretical basis.



5.2 Pareto Frontier Analysis

Taking Example 1 (two-dimensional X-shaped center support) as an example, the Pareto frontier analysis results are shown in

Figure 4.
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Figure 4 (a) Pareto frontier curve of the optimization algorithm in this paper

Figure 4 (b) Convergence speed and HV (Hypervolume) index

The Pareto frontier curve obtained based on the NSGA-II and SIMP fusion optimization method in this paper shows the
nonlinear trade-off between mass and flexibility, reflecting the effectiveness and stability of multi-objective optimization. The curve
shows a trend that flexibility gradually decreases with increasing mass, indicating that the structural stiffness is significantly improved
under the premise of reasonably increasing the amount of material. However, when the mass increases to a certain threshold, the
improvement in flexibility tends to be flat, indicating that the marginal benefit of further increasing the mass on the improvement of
stiffness is decreasing. The Pareto frontier is evenly distributed, covering a variety of engineering feasible solutions from lightweight
design to high stiffness requirements, verifying the good performance of the algorithm in terms of solution set diversity and
convergence.

The number of iterations required for the fusion optimization method of NSGA-II and SIMP to reach a stable Pareto frontier is
significantly less than that of other mainstream multi-objective optimization algorithms, and convergence is achieved in only 68
generations, which is significantly better than the 92 generations of the standard NSGA-II and other algorithms (generally 85
generations or more). This shows that the master-sub nested collaborative optimization mechanism effectively improves the search
efficiency and accelerates the convergence speed of the algorithm. In terms of HV index, NSGA-II+SIMP achieves the optimal value
of 0.874, indicating that its Pareto front has higher coverage and solution quality in the target space. In contrast, other algorithms such
as MOEA/D (Multi-objective Evolutionary Algorithm Based on Decomposition) (0.807) and MOACO (Multi-objective Ant Colony
Optimization) (0.790) showed lower HV values, indicating that their solution distribution is not ideal, and their diversity and
convergence are limited. Although SPEA2 (Strength Pareto Evolutionary Algorithm 2) and SMS-EMOA (S-Metric Selection EMOA)
have higher HV values, they have slower convergence speed and higher computational cost. In summary, the NSGA-II and SIMP
collaborative optimization method proposed in this paper is superior to other multi-objective optimization algorithms in terms of

convergence speed and solution quality, showing good optimization performance and engineering applicability.



Figure 5 shows the design domain definition and performance comparison between the traditional support structure and the

optimized support structure.
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Figure 5. Design Domain Definition and Performance Comparison of Conventional vs. Optimized Support Configurations

Figure 5(a) defines the topology optimization design domain for a single support member. The member is 3.0 m long and 0.4 m
high, discretized using two-dimensional plane stress elements. Hinged boundary conditions are set at both ends, constraining all
degrees of freedom except axial rotation, allowing only axial force transmission. Based on the actual stress requirements of the
support in the overall structure, the axial load is equivalent to nodal forces uniformly distributed along the boundaries of both ends of
the member, with a resultant load value of 150 kN (compression). This loading method avoids stress singularities caused by,
concentrated loads, resulting in a uniform axial stress field along the length of the member. Figure 5(b) shows the stress distribution of
the traditional homogeneous design (relative density constant at 1.0), with a maximum Von Mises stress of 195 MPa. Figure 5(c)
shows the gradient material distribution 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 140 MPa (Fig. 5d), and the strain energy density distribution was more uniform (Fig.
Se-f), indicating that under pure axial stress conditions, the concentration of material in the core area is an effective layout to improve
axial stiffness and material utilization efficiency.
As shown in Figure 5(a), the topology optimization design domain considered in this study is clearly defined as the continuous

cross-section of a single diagonal brace in an X-shaped support system. Its two ends are connected to the surrounding beam-column



frame via hinged nodes (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 stress state of the support under wind and seismic loads. Figure 5(c) shows the optimal material
layout 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 support members. Figure 5(a) clearly defines the boundary conditions of the design domain for topology
optimization: for a single X-shaped support member with a two-dimensional continuous cross-section (3.0m x 0.4m), a boundary
condition with hinged ends is adopted, and the load case is a standard combination of axial pressure of 150kN and shear force of
80kN, accurately simulating the stress mechanism of the support in an actual steel frame. Figure 5(b) shows the material distribution
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 in the traditional design. In stark contrast, Figure 5(c) shows the gradient material
distribution obtained by the SIMP method optimization, with the relative density continuously varying between 0.2 and 1.0, forming

an efficient material layout with the cross-section center as the core ( p =0.8-1.0) and gradually transitioning towards the edge (P =~

0.2-0.4). This gradient distribution is not a numerical artifact, but a physically driven result based on stress field sensitivity: the
high-density core area precisely corresponds to the principal compressive stress trajectory, efficiently bearing axial loads; the gradient
transition zone optimizes the shear force transmission path; and the low-density edge area removes materials with lower mechanical
contributions. The optimized mechanical properties are significantly improved (Figures 5(d)-(f)): peak stress is reduced to below 140
MPa, stress distribution uniformity is improved; strain energy density is reduced in key areas, ultimately achieving mass reduction.
The mechanical rationale of this gradient layout lies in its simulation of the material adaptive distribution principle of biological
structures, that is, achieving optimal material configuration based on stress gradients while ensuring structural integrity, providing a
theoretical basis and practical paradigm for the intelligent design of high-performance steel structure supports.

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

The non-uniform Von Mises stress distribution shown in Figure 5(d) does not indicate a deviation from the axial stress



assumption in the component's stress state. On the contrary, this phenomenon is a direct result of efficient material allocation achieved
through topology optimization under pure axial load. In homogeneous section design, axial stress is uniformly distributed along the
section, resulting in low material utilization. However, after SIMP optimization, the material concentrates towards the core region
along the principal stress trajectories, forming a variable-density section. This layout allows high-density areas to bear a higher
proportion of axial load, while the stress level in low-density areas decreases accordingly, thus macroscopically manifesting as
non-uniform stress distribution along the section and length. The non-uniform stress in Figure 5(g) is essentially a local stress
redistribution after adaptive material distribution, rather than caused by non-axial stress mechanisms such as bending. Therefore, the
non-uniform stress distribution precisely verifies that the optimization method effectively improves material utilization efficiency
while ensuring the axial stress characteristics of the support component.

A comprehensive comparison of the mechanical responses is shown in Figure 6.
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Figure 6. Comprehensive Comparison of Mechanical Response

The internal force distribution (g-h) 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 distribution. The overall deformation comparison (i) shows that the maximum axial compressive
deformation of the optimized design (0.18 mm) is reduced by approximately 57% compared to the traditional design (0.42 mm), and

the axial stiffness is significantly improved. Comprehensive analysis confirms that the optimized design achieves improved stiffness



and stress optimization through material redistribution while strictly maintaining the axial force characteristics. Its performance
advantage stems from the efficient material configuration, rather than a change in the force mechanism.
Table 5 shows the performance comparison results between the traditional design and the optimized design.

Table 5. Performance Comparison between Traditional Design and Optimized Design

Traditional Optimized gradient
Performance Indicators Engineering Significance
design design
Significantly reduces material costs and seismic
Structural Mass 2450 kg 1860 kg
forces
Improved lateral stiffness and better deformation
Structural Flexibility 3.8 m/N 0.3 m/N
control
Efficient material distribution according to stress
Material Utilization Rate 65% 89%
gradient
Specific Stiffness
4.82 m/N-kg 11.02 m/N-kg Greatly improved structural efficiency per unit mass

(Stiffness/Mass)

To clearly elucidate the synergistic mechanism between macroscopic parameters and microscopic optimization, Table 5 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 optimization of SIMP always takes place within the macroscopic geometric framework
decided by NSGA-II. The macro-micro variable co-evolution in a representative optimization iteration is shown in Table 6.

Table 6. Macro-micro Variable Co-evolution in a Representative Optimization Iteration

Macroeconomic
Optimization Define the corresponding Performance
variables for NSGA-II SIMP Micro-Optimization Task
Phase design domain: feedback
decision-making

Define a straight structural Calculate the initial compliance in a
Initial 0=50°, A=2.5%1073 m?, Mo=2600 kg,
member region with a length of  homogeneous material (p=1) across
Generation (x,y) = (0.5L,0.5H) Uo=14.2 m/N
50°. the entire design domain.

Perform SIMP iterations in the update
Fine-tune the member angle
domain, where the material begins to M=2200 kg,
Iteration #20 0=47°, A=2.1x1073 m? and cross-sectional reference
aggregate towards higher strain U=10.5 m/N
area.
energy regions.

Determine the final design
Complete SIMP optimization in the
0=45.2°, A=1.85x107 domain: A straight structural M=1860 kg,
Iteration #68 final domain to obtain the gradient
m? member with a length of 3.0m U=7.3 m/N
density field.
and a direction of 45.2°.

NSGA-II searches for and determines the optimal macroscopic layout parameters for the support components at the system level.



These parameters uniquely define a linear continuum design domain (i.e., the material space to be optimized). 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" layout is the optimal gradient distribution of the cross-section obtained by SIMP after redistributing materials within
the "optimal linear component" design domain determined by NSGA-II. It does not mean replacing the macroscopic topology of the
X-shaped support with another shape, but rather that, based on the optimal macroscopic linear configuration, the performance of the
component can be significantly improved by adopting a non-uniform, functionally gradient cross-sectional material distribution. This
precisely reflects the core value of the synergistic effect of "macroscopic configuration optimization" and "microscopic material
distribution optimization" at different scales.

5.3 Convergence Analysis

The convergence curve information is shown in Figure 7.
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Figure 7. Convergence curve information

Notes: PAES (Pareto Archived Evolution Strategy); OMOPSO (Optimized Multi-Objective Particle Swarm Optimization).

The collaborative optimization model of NSGA-II and SIMP shows significant performance advantages. The algorithm in this
paper reaches convergence in 68 generations, and the final fitness value converges to 0.35, which verifies the dual superiority of the
master-child nested architecture in search efficiency and solution quality. The morphological characteristics of the convergence curve
show that: NSGA-II+SIMP has the fastest initial convergence rate (the curve has the largest slope), which benefits from the
collaborative optimization mechanism of macro parameters and micro material distribution; compared with different algorithms,
IBEA (Indicator-Based Evolutionary Algorithm) converges faster (85 generations), but falls into a local optimum (final fitness 0.40).

The reasons why the NSGA-II+SIMP algorithm achieved the lowest fitness value (0.35) can be attributed to three points: First,
the two-layer optimization architecture realizes the precise division of labor in the parameter space. NSGA-II is responsible for the
global search of macroscopic geometric parameters, and SIMP specializes in the optimization of microscopic material distribution,
avoiding the efficiency loss of a single algorithm in multi-scale optimization. Secondly, SIMP's density filtering technology
effectively suppresses the checkerboard effect, making the material distribution more consistent with the principles of 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 update of the OC method, the Pareto optimal solution with mass-stiffness balance is obtained

in the 68th generation, which is less fit than other optimization algorithms.



5.4 Robustness Analysis under Different Load Conditions
In Example 1 (two-dimensional X-shaped central support), the robustness results of the structure optimized by the proposed
algorithm under different load conditions are shown in Table 7.

Table 7. Structural response analysis under different load combinations

Number Load combination (consistent with Table 3)  Displacement (mm) Maximum stress (MPa) Flexibility (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 54 235 7.9

This study systematically analyzes the mechanical response of the optimized two-dimensional X-shaped central support structure
under 10 typical load combinations. The results show that the structure exhibits good robustness and stability under various working
conditions. From the perspective of displacement response, the maximum node displacement is 6.1 mm (working condition 5) and the
minimum is 3.9 mm (working condition 8). The overall control is within a reasonable range and meets the requirements of the limit
state of normal use of the structure. The maximum stress values are between 208 and 250 MPa, which are lower than the yield
strength of Q345 steel (345 MPa), indicating that the structure has sufficient strength reserve. The flexibility values are between 6.5
and 8.6 m/N, indicating that the stiffness of the optimized structure is stable under different loads, and no obvious stiffness
degradation occurs. It is particularly noteworthy that under multiple load coupling conditions (such as conditions 5 and 10), the
structure still maintains good performance, indicating that the optimization model in this paper has strong adaptability and robustness
to multiple conditions. In general, the optimized structure has good load-bearing performance and anti-deformation ability while
ensuring lightweight, meeting the comprehensive requirements of engineering design for safety, economy, and applicability.

5.5 Comparative Analysis of Support Forms
The optimization effects of five support forms, namely X-type, V-type, herringbone type, single diagonal brace, and K-type, are

compared, and the results are shown in Figure 8.
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Figure 8. Comparison of support forms

Figure 8 (a) Quality comparison

Figure 8 (b) Comparison of flexibility

Figure 8 clearly reveals the structural efficiency and mechanical properties of five support configurations—X-type, V-type,
A-frame, single-braced, and K-type—by comparing their optimized mass (Figure 8a) and flexibility (Figure 8b). The results show that
the single-braced configuration performs best in terms of lightweighting 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 conflicting
goals of mass and flexibility. This comparison verifies the universal applicability of the proposed NSGA-II and SIMP co-optimization
framework to different support configurations and provides a quantitative basis for engineers to select the optimal support
configuration based on specific stiffness and weight requirements.

From the results of mass optimization, the NSGA-II + SIMP collaborative optimization method proposed in this paper has
achieved the best lightweight effect in the five support forms (X-type, V-type, herringbone, 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 other
multi-objective optimization algorithms (NSGA-II, SPEA2, MOEA/D, etc.). The optimized masses of V-shaped, herringbone, single
diagonal brace, and K-shaped brace are reduced to 2380 kg, 2150 kg, 1520 kg, and 2560 kg, respectively, which are better than the
optimization results of other algorithms. This shows that the proposed method can effectively remove redundant materials and
improve material utilization efficiency while ensuring structural integrity. From the comparison of algorithms, NSGA-II + SIMP.
achieves the joint optimization of macro parameters and micro material distribution through the master-sub collaborative mechanism,
which has stronger global search capability and local optimization accuracy than single NSGA-II or other multi-objective algorithms
(MOEA/D, OMOPSO). In addition, the SIMP method's fine control at the material distribution level further improves the level of
structural lightweighting. Overall, NSGA-II + SIMP exhibits the best quality optimization performance in all support forms, verifying
its effectiveness and engineering applicability in member-level optimization of steel structures.

The flexibility optimization results show that the NSGA-II + SIMP method achieves the best stiffness improvement effect in all
five support forms. Taking the X-type support as an example, the flexibility is reduced from 12.7 m/N to 7.3 m/N. The flexibility of
the V-type, herringbone, single diagonal brace, and K-type supports is optimized to 8.6 m/N, 8.1 m/N, 6.2 m/N, and 9.8 m/N,
respectively, which are better than mainstream multi-objective optimization methods such as NSGA-II, SPEA2, and MOEA/D. This

shows that the proposed method has a stronger optimization ability in improving structural stiffness. The significant decrease in



flexibility indicates that the optimized structure has a smaller deformation response under the same load, thereby improving the
overall load-bearing performance and lateral stiffness of the structure. NSGA-II + SIMP uses the master-subordinate collaborative
optimization mechanism to search for the optimal geometric configuration in the macroscopic parameter space while using SIMP to
achieve local optimization of material distribution, effectively improving the load transfer efficiency. Compared with other algorithms,
the proposed method shows stronger convergence and stability in flexibility optimization. NSGA-II + SIMP has obvious advantages
in flexibility control and provides a solid optimization foundation for improving the performance of central support components of
steel structures.

Besides quality and flexibility indices, the final support structures derived from different optimization methods exhibit significant
differences in design morphology, primarily in macroscopic mechanical parameters and material distribution. Regarding macroscopic
parameters, the NSGA-II+SIMP method proposed in this paper tends to select an optimal inclination angle of approximately 45° and a
cross-sectional area of 1.85 x 107 m? for X-shaped supports. In contrast, methods like NSGA-II alone or MOEA/D, lacking
integration with topology optimization, generally result in larger optimal inclination angles and cross-sectional areas, reflecting their
shortcomings in exploring the synergistic effect between macroscopic parameters and material efficiency. 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 integrated topology optimization only yield
members with uniform material distribution, resulting in lower material utilization. While algorithms like 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 can we create higher-performance structural forms while controlling the
amount of materials used. This is the core improvement brought about by the method presented in this paper at the structural design
level.

5.6 Comparison with Single Objective Optimization

In Example 1 (2D X-shaped center support), the proposed algorithm is compared with single-objective optimization algorithms,

including GA (Genetic Algorithm), PSO (Particle Swarm Optimization), SA (Simulated Annealing), and GD (Gradient Descent). The

single-objective optimization takes the minimum mass as the goal, and the optimization results are compared as shown in Figure 9.
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Figure 9. Comparison with single-objective optimization
The NSGA-II + SIMP collaborative optimization method proposed in this paper shows a comprehensive performance that is

superior to the traditional single-objective optimization algorithm in the parameter configuration optimization of the two-dimensional



X-shaped central support component. From the perspective of mass index, the optimized mass of NSGA-II + SIMP is 1860 kg, which
is slightly higher than GA (1850 kg), PSO (1820 kg), and SA (1830 kg), but lower than GD (1864 kg), indicating that it is still highly
competitive in lightweight design. However, the performance of the proposed method in terms of flexibility index is significantly
better than all single-objective optimization algorithms: its flexibility value is 7.3 m/N, which is lower than 9.8 m/N of GA, 10.2 m/N
of PSO, 9.6 m/N of SA and 9.0 m/N of GD, indicating that the optimized structure has a smaller deformation response under the same
load and better overall stiffness performance. This trend of slightly increasing mass but significantly reducing flexibility reflects the
reasonable trade-off between performance and economy in multi-objective optimization in engineering design.

NSGA-II + SIMP uses the master-subordinate collaborative mechanism to optimize macroscopic parameters while using SIMP
to achieve local optimization of material distribution, thereby improving structural stiffness and load-bearing efficiency. In contrast,
although single-objective optimization algorithms can reduce mass to a certain extent, they often ignore the simultaneous optimization
of structural stiffness, resulting in a decrease in the structural deformation resistance. Therefore, while maintaining the advantage of
lightweight structure, the proposed method significantly improves the mechanical properties, demonstrates stronger optimization
robustness and engineering applicability, and provides an optimization strategy with more practical value for the intelligent design of
central support components of steel structures.

To provide a more indicative comparison, this study introduces a weighted single-objective optimization method as a benchmark.

This method transforms a multi-objective problem into a single-objective problem using a weighting coefficient. Its objective function

M(x)
Mo

is defined as: Minimizef (X) = «a - +(1-a) % Here, My, and U, are the initial design mass and compliance values,
0

respectively, used for normalization. By systematically adjusting o 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 a two-dimensional X-shaped central support (Example 1), and
compares them with three representative solutions selected by the NSGA-II+SIMP method in this paper on the Pareto front.

Table 8. Comparison of Weighted Single-Objective Optimization and Multi-Objective Optimization Results

Method Weight o Mass (kg) Flexibility (m/N) Notes
0.0 2180 6.9 Pure flexibility minimization
0.3 2020 7.5 Flexibility focus
Weighted Single Objective 0.5 1920 8.1 Balance weight
0.7 1840 9.2 Mass focus
1.0 1780 11.5 Pure mass minimization
- 1860 7.3 Balanced solution (this study)
NSGA-II+SIMP - 1750 8.8 Lightweight solution
- 2050 6.8 High stiffness solution

Analysis of Table 8 shows that weighted single-objective optimization can generate solutions diagonally distributed in the
mass-compliance space by adjusting a. When o=1.0, the mass is the lowest (1780 kg), but the compliance is as high as 11.5 m/N,

making the structure too flexible; when a=0.0, the compliance is the lowest (6.9 m/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 o value, which requires explicit preferences and cannot
be weighed afterward; 2) only one solution can be obtained per run, and obtaining multiple balanced solutions requires multiple
independent calculations, resulting in low computational efficiency.

In contrast, the NSGA-II+SIMP multi-objective optimization method proposed in this paper can generate a complete Pareto front
covering a wide range of trade-offs in a single run (as shown in the table, three solutions). This provides decision-makers with a rich
selection 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 7.3 m/N). Therefore, the
proposed method significantly outperforms weighted single-objective optimization methods in providing decision-making flexibility
and a global perspective.

5.7 Analysis of Macroscopic Mechanical Parameter Optimization Results

To further reveal the structural optimization mechanism of different support forms, Table 8 lists the key macroscopic mechanical
parameters corresponding to a representative optimal solution (considering both mass and stiffness performance) of five support
structures obtained through the NSGA-II algorithm in the Pareto solution set.

Table 9. Comparison of optimal macroscopic parameters for different support forms

Layout position (X,
Support Optimal tilt Optimal cross-sectional

y) relative Main mechanical characteristics
types: angle 0 (°) area A (x107 m?)
coordinates
Bidirectional stiffness balance, clear force
X-type 45.2 1.85 (0.5L, 0.5H) transmission path, and significant stress
concentration in the node area.
Effectively avoiding buckling, diagonal braces are
V-type 51.8 2.15 (0.4L, 0.6H) mainly subjected to tension and require high strength
for connecting nodes.
The force performance is between X-type and
A-type 48.5 1.95 (0.45L, 0.55H) V-type, providing moderate lateral stiffness and
redundancy.
Single The structure is simple, the weight is the lightest, but
diagonal 413 1.52 (0.3L, 0.7H) the stiffness is relatively low, and it is a
brace unidirectional force system.
The maximum stiffness can effectively reduce inter
K-type 56.1 2.38 (0.35L, 0.65H) story displacement, but the node structure is complex

and prone to stress concentration.

Analysis shows that there are systematic differences in the optimal macroscopic parameters for different forms of support, which

are closely related to their unique mechanical mechanisms. The optimal inclination angle of X-shaped support is close to 45 °, which



is in line with its pursuit of bidirectional stiffness balance; The optimal inclination angle of K-type support is the highest (56.1 °),
which helps to improve its out of plane stability and optimize force flow transmission. From the perspective of 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 arrangement position reveal the area where the brace plays the most effective role in the frame, for example, the single diagonal
brace can more effectively resist the torque when it is asymmetrically arranged (0.3L). These optimal parameter sets provide direct
data support and theoretical basis for supporting selection and refined design under different engineering requirements.

6. Conclusion

This study successfully developed and validated a master-sub nested collaborative optimization framework integrating 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 achievement lies in the effective realization of simultaneous optimization at both macro (geometric
parameters) and micro (material distribution) scales, addressing the inherent conflict between minimizing structural mass and
compliance. 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. The generation of a high-quality
Pareto frontier (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. It transitions support design from experience-dependent, iterative
processes to 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 advancement of
green building practices by minimizing material usage.

Despite its promising results, this study acknowledges certain limitations of the current framework. The computational expense
associated with the nested optimization loops remains non-trivial for very large-scale structures or highly refined meshes. Furthermore,
the model currently assumes linear elastic material behavior and idealized connections, which may not fully capture nonlinear
inelastic response under extreme loading.

Future research will focus on several key areas: 1) Enhancing computational efficiency through surrogate model-assisted
optimization strategies. 2) Incorporating material and geometric nonlinearities to improve the predictive accuracy for ultimate limit
states. 3) Extending the framework to encompass system-level optimization of entire steel frames, including the interactive design of
beams, columns, and connections. These steps will further solidify the framework's role in enabling intelligent, high-performance
structural design.
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