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A B S T R A C T

Innovative load-bearing structures often emerge from a fine balance between creative forms and engineering
principles. While preference-based topology optimization methods have advanced structural design by consid-
ering designers’ geometric preferences, they struggle with visualizing and editing complex 3D details crucial for
diverse design options. To overcome this bottleneck, here we propose the improved bidirectional evolutionary
structural optimization considering subjective preferences (ISP-BESO) method. This method introduces a
similarity constraint that enables precise control over subjective preferences in optimized structures. Then,
a design exploration strategy is proposed by integrating virtual reality (VR) with topology optimization for
the interactive creation of desirable 3D structures. The strategy employs VR sculpting to offer immersive
visualization and real-time feedback, guiding material redistribution during optimization. This workflow
can iteratively produce innovative and efficient structures. Adjusting target similarity in ISP-BESO steers
designs toward performance-driven or preference-driven outcomes. A museum design example demonstrates
the practical potential of this strategy.
1. Introduction

Innovative load-bearing structures are typically designed not only to
carry loads but also to possess unique geometric features that embody
designers’ creative ideas. However, the emphasis on creative expres-
sion may result in neglect of structural efficiency and fundamental
engineering principles. Many structural optimization techniques have
been developed to achieve specific objectives while satisfying certain
constraints. These techniques include topology optimization, an effec-
tive strategy to automatically create innovative and efficient structures
through redistributing the underutilized material, typically performed
for stiffness maximization [1].

The bidirectional evolutionary structural optimization (BESO)
method [2] is a widely used topology optimization technique that can
redistribute the underutilized material to the most-needed locations
by adding efficient or removing inefficient finite elements. In recent
years, BESO has been increasingly used because of the availability
of high-speed computers, efficient numerical algorithms, and limited
material resources. Therefore, the BESO method has found diverse prac-
tical applications, including in additive manufacturing [3–7], bridge
design [8–11], architectural design [12–18], and furniture [19–21].

According to Xie [13], optimized structures based purely on struc-
tural performance may be of low value, as they cannot always satisfy
all design requirements, such as aesthetic quality. Recent studies have
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attempted to generate satisfactory structures through topology opti-
mization considering subjective preferences (e.g., preferred geometric
features). These preference-based topology optimization methods are
achieved by applying appearance constraints [22,23], machine learn-
ing [24,25], image-text neural network [26], generative adversarial
networks [27], subdomains [28], manually processing [29] or subjec-
tive weights [14]. These methods can yield multiple design options by
adjusting parameters in a single design exploration. Then, designers
must select a satisfactory design from these options. However, the
selection process can be time-intensive, as finding solutions that satisfy
all design requirements is often challenging [20]. Besides, relying on
a single design exploration ignores that subjective preferences may be
changed—often influenced by the solutions—leading to new inspira-
tions [30]. Therefore, it is crucial for an effective design exploration
process to allow designers the flexibility to update their subjective
preferences [31].

Interactive topology optimization aims to involve the user in the
optimization process, enabling real-time adjustments to design param-
eters, constraints, and aesthetic considerations. Hence, designers have
more design freedom to guide topology optimization to generate desir-
able structures. For example, Li et al. [20,21] proposed the bidirectional
evolutionary structural optimization considering subjective preferences
https://doi.org/10.1016/j.cad.2024.103826
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(SP-BESO) method by integrating interactive scoring and drawing sys-
tems. This method can convert the user inputs into subjective weights to
guide the generation of 2D-optimized structures. However, as discussed
by Yan et al. [14] and Li et al. [20], subjective weights easily dominate
the formation of the optimized structures. This makes it difficult for
users to accurately control the influence of subjective preferences by ad-
justing design parameters. Subsequent studies introduce drawing-based
appearance constraints [32] and interactive feature size controls [33,
34] into topology optimization to consider subjective preferences. Their
methods can accommodate evolving subjective preferences in both
2D and 3D structural design by defining cuboid-shaped regions of
interest (ROI). However, designers’ preferences often include intricate
geometric details, such as organic shapes and freeform curves, to show
their creative ideas [20]. This necessitates more flexible interactive
methods to fully capture and implement these nuanced preferences in
D topology optimization. Additionally, the complexity of visualizing
nd modifying 3D models makes it challenging to develop such inter-

active methods. 3D topology optimization typically includes internal
geometric details that are not visible or editable from the outside.
Designers without strong spatial awareness often find it difficult to
work with 3D structures on a 2D screen, adding further difficulty to
3D design exploration [35].

This paper proposes a novel preference-based topology optimiza-
ion method by improving our previously developed SP-BESO method,
amed ‘ISP-BESO’. The proposed method introduces a similarity con-
traint and 3D subjective weights, allowing users to accurately control
he influence of subjective preferences on the optimized structures.

e also propose a design exploration strategy that integrates virtual
eality (VR) to create preferred 3D structures (see Fig. 3). In this VR
nvironment, designers can intuitively observe and modify complex 3D
eometries. They can start by sculpting a preferred model, which is
hen converted into subjective weights to guide material distribution
n ISP-BESO for creating 3D structures. Designers can further refine
references and execute optimization to efficiently explore the ideal

structural design that satisfies both engineering and aesthetic needs.
The main contributions of this paper are summarized as follows:

• A novel preference-based topology optimization method, ISP-
BESO, is proposed by introducing a similarity constraint and 3D
subjective weights.

• A design exploration strategy is proposed by combining virtual
reality with topology optimization.

• The sculpting–optimization workflow that can be executed re-
peatedly until the ideal design is found, achieving an iterative
design exploration to fit evolved subjective preferences.

• A digital design tool, VR-BESO, is proposed to assist designers in
3D structural design using the proposed strategy.

• Computational design examples demonstrate that the proposed
strategy can leverage the strengths of human insights and com-
putational power to enhance the efficiency of design exploration
and the quality of optimized structures.

The remainder of the paper is organized as follows: Section 2
introduces the SP-BESO method and the novel features of the proposed
ISP-BESO method. Section 3 describes the details of the proposed
design exploration strategy. Section 4 presents a parametric study, and
ection 5 showcases a potential practical application of the proposed

design exploration strategy, followed by a conclusion in Section 6.

2. ISP-BESO method

2.1. SP-BESO method

This proposed ISP-BESO method is developed by improving our
previously developed SP-BESO method [20]. In the SP-BESO frame-
work, for a given design domain discretized into 𝑁 elements, the
2 
stiffness maximization (compliance minimization) problem under a
volume constraint can be formulated as:

𝑚𝑖𝑛 ∶ 𝐶 = 1
2
𝐔𝑇𝐊𝐔 (1a)

𝑠.𝑡. ∶ 𝑉 ∗ =
𝑁
∑

𝑖=1
𝑣𝑖𝑥𝑖 (1b)

𝑥𝑖 = 𝑥𝑚𝑖𝑛 or 1 (1c)

where 𝐶, 𝐔, and 𝐊 represent the mean compliance, the global dis-
lacement vector, and the global stiffness matrix, respectively; 𝑉 ∗ and
𝑖 are the target structural volume and the volume of 𝑖th element 𝑒𝑖,
espectively. A design variable 𝑥𝑖 is used to determine whether 𝑒𝑖 is
olid (𝑥𝑖 = 1) or void (𝑥𝑖 = 𝑥𝑚𝑖𝑛 = 0.001).

The material model of structural elements is determined as a func-
tion of the elemental density with penalization [1]:

𝐸(𝑥𝑖)𝑘 = 𝑥𝑝𝑖𝐸0 (2)

where 𝐸(𝑥𝑖)𝑘 represents Young’s modulus of the 𝑖th element at the 𝑘th
iteration. 𝐸0 is the design Young’s modulus of structural elements. 𝑝 is
he penalty exponent. Unless otherwise stated, this study uses 𝑝 = 3 [2].

The SP-BESO method is developed based on the BESO method. Their
esign variables are determined by the relative ranking of sensitivity

numbers. Compared with the BESO method, the 𝑖th elemental sensitiv-
ty number, 𝛼𝑖, in SP-BESO is derived from both subjective preference
nd structural performance, corresponding to subjective weights, 𝜔𝑠

𝑖 ,
nd structural performance weights, 𝜔𝑜

𝑖 . To ensure a comparable scale,
ormalization is applied to the calculation of 𝛼𝑖:

𝜔̄𝑠
𝑖 =

𝜔𝑠
𝑖 − 𝜔𝑠

𝑚𝑖𝑛
𝜔𝑠
𝑚𝑎𝑥 − 𝜔𝑠

𝑚𝑖𝑛
(3a)

𝜔̄𝑜
𝑖 =

𝜔𝑜
𝑖 − 𝜔𝑜

𝑚𝑖𝑛
𝜔𝑜
𝑚𝑎𝑥 − 𝜔𝑜

𝑚𝑖𝑛
(3b)

𝛼𝑖 = 𝜆 ̄𝜔𝑠
𝑖 + (1 − 𝜆)𝜔̄𝑜

𝑖 , 𝜆 ∈ [0, 1] (3c)

where 𝜔𝑠
𝑚𝑖𝑛 and 𝜔𝑠

𝑚𝑎𝑥 represent the minimum and maximum subjective
weights, respectively. 𝜔𝑜

𝑚𝑖𝑛 and 𝜔𝑜
𝑚𝑎𝑥 are the minimum and maximum

structural performance weights, respectively. 𝜆 is a user-defined design
parameter within [0, 1], which controls the formation of the final topol-
ogy to be performance-driven or preference-driven designs [20]. Note
that when 𝜆 = 0, 𝛼𝑖 does not include subjective preferences. In this case,
he SP-BESO method is equivalent to the traditional BESO method.

𝜔𝑠
𝑖 is defined by the interactive systems [20]. For example, the

rawing system requires designers to input a hand-drawn pattern repre-
enting subjective preferences. Then, 𝜔𝑠

𝑖 can be calculated by the local
olor of the pattern:

𝜔𝑠
𝑖 =

∑𝑁𝐷
𝑖

𝑗=1 (1 − 𝑐 𝑜𝑙𝑗 )
𝑁𝐷

𝑖
, 𝑐 𝑜𝑙𝑗 ∈ [0, 1] (4)

where 𝑁𝐷
𝑖 is the number of nodes in the 𝑖th element; 𝑐 𝑜𝑙𝑗 is the

rayscale of the 𝑗th node on the hand-drawn pattern, ranging from 0
(black) to 1 (white). The calculation of 𝜔𝑜

𝑖 is the same as the sensitivity
calculation of the BESO method [2], which is computed as:

𝜔𝑜
𝑖 = −1

𝑝
𝜕 𝐶
𝜕 𝑥𝑖

=

⎧

⎪

⎨

⎪

⎩

1
2
𝐮𝑇𝑖 𝐤𝑖𝐮𝑖, when 𝑥𝑖 = 1

𝑥𝑝−1𝑚𝑖𝑛
2

𝐮𝑇𝑖 𝐤𝑖𝐮𝑖, when 𝑥𝑖 = 𝑥𝑚𝑖𝑛

(5)

where 𝐤𝑖 is the 𝑖th elemental stiffness matrix, and 𝐮𝑖 is the 𝑖th elemental
displacement vector.

To avoid checkerboard and mesh dependency problems, a filtering
rocedure is applied to smooth the raw sensitivity number, as described
y [36].

𝛼̃𝑖 =

∑𝑁
𝑗=1(𝑟𝑚𝑖𝑛 − 𝑟𝑖𝑗 )𝛼𝑖

∑𝑁 (6)

𝑗=1(𝑟𝑚𝑖𝑛 − 𝑟𝑖𝑗 )
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where 𝛼̃𝑖 is the filtered sensitivity number, 𝑟𝑚𝑖𝑛 is the filter radius, and
𝑟𝑖𝑗 represents the distance between the centroids of elements 𝑖 and 𝑗.

To improve the convergence of the SP-BESO method, the current
nd historical sensitivity numbers can be averaged using the following
quation [2]:

𝛼𝑖 =
𝛼̃ 𝑘
𝑖 + 𝛼̃ 𝑘−1

𝑖
2

(7)

where 𝛼𝑖 is the averaged sensitivity number.
Before elements are added to or removed from the current design,

he target volume for the next iteration, 𝐕𝑘+1, needs to be given because
he volume constraint can be greater or smaller than the volume of the
nitial guess design. The evolution of the volume can be represented by

𝐕𝑘+1 = 𝐕𝑘(1 ± 𝐸 𝑅) (8)

where 𝐕𝑘 denotes the current volume. 𝐸 𝑅 represents the evolutionary
ate, which controls how much material is added or removed in each

iteration, aiding convergence toward the optimized structure.
Next, the bisection method is used to update the current design

by adding or removing elements according to 𝛼𝑖 [37]. The optimiza-
ion process is repeated until the following convergence criteria are
atisfied [38]:
|

∑𝑀
𝑚=1(𝐶𝑘−𝑚+1 − 𝐶𝑘−𝑀−𝑚+1)|

∑𝑀
𝑚=1 𝐶𝑘−𝑚+1

≤ 𝜏 (9)

where 𝑀 = 5 is an integer number and 𝜏 = 0.001 is the allowable
onvergence error. Here, 𝑀 is set as 5, meaning stable compliance
alues are checked in the last ten iterations.

2.2. Improvement of SP-BESO method

As introduced in Section 1, the original SP-BESO method is limited.
Inspired by the existing methods [23,32,39], the proposed ISP-BESO

ethod introduces a similarity constraint and an automatic update
cheme for the design parameter 𝜆 in Eq. (3)(c) to solve the limitations.

The improvement allows designers to precisely control the importance
of subjective preferences by defining the similarity constraint, elimi-
nating the need to manually adjust 𝜆. Moreover, the new ISP-BESO
method extends the SP-BESO method to three-dimensional applications
by allowing designers to input a preferred 3D model, 𝐷. This model is
then used to calculate 3D subjective weights through a distance field.
Then, these weights serve as subjective preferences to guide topology
optimization in generating preferred 3D designs. Compared to the SP-
BESO method, which is limited to 2D, the 3D-capable ISP-BESO method
is more practical in real-world design scenarios.

Mathematically, the compliance minimization problem of the pro-
osed ISP-BESO method is described as follows:

𝑚𝑖𝑛 ∶ 𝐶 = 1
2
𝐔𝑇𝐊𝐔 (10a)

𝑠.𝑡. ∶ 𝑉 ∗ =
𝑁
∑

𝑖=1
𝑣𝑖𝑥𝑖 (10b)

𝑆 =
∑𝑁

𝑖=1 𝑠𝑖𝑥𝑖
∑𝑁

𝑖=1 𝑠𝑖
≥ 𝑆∗ (10c)

𝑥𝑖 = 𝑥𝑚𝑖𝑛 or 1 (10d)

𝑠𝑖 = 0 or 1 (10e)

where 𝑆 and 𝑆∗ represent the current and target similarity, respec-
tively. The similarity used in this study is defined by measuring the
overlapping rate between the current optimized structure and the pre-
ferred model 𝐷. 𝑠𝑖 represents the inclusion status of the 𝑖th element 𝑒𝑖,
which is used to determine whether 𝑒𝑖 is included (𝑠𝑖 = 1) or excluded
𝑠 = 0) by 𝐷.
𝑖

3 
To integrate subjective preferences, the subjective weight 𝜔𝑠
𝑖 in

Eq. (4) is redefined as the shortest distance from each elemental cen-
roid to the boundary of 𝐷:

𝜔𝑠
𝑖 =

{

𝐷 𝑖𝑠𝑡(𝑐𝑖, 𝜕 𝐷), if 𝑐𝑖 ∈ 𝐷

0, otherwise
(11)

where 𝑐𝑖 is the centroid of 𝑖th element, 𝜕 𝐷 represents the boundary of
𝐷, and 𝐷 𝑖𝑠𝑡(𝑐𝑖, 𝜕 𝐷) is the shortest distance from 𝑐𝑖 to 𝜕 𝐷.

To calculate elemental sensitivity numbers, 𝜔𝑠
𝑖 is normalized into

𝜔̄𝑠
𝑖 by using Eq. (3)(a). The elemental sensitivity number 𝛼𝐷𝑖 used in

the ISP-BESO method is defined as:

𝛼𝐷𝑖 = 𝜆̂ ̄𝜔𝑠
𝑖 + (1 − 𝜆̂)𝜔̄𝑜

𝑖 , 𝜆̂ ∈ [0, 1] (12)

where 𝜆̂ is a dynamic weight from 0 to 1 that controls the influence of
the subjective weights. Before the optimization, 𝜆̂ is initialized to 0. Its
dynamic update scheme in each iteration is defined as follows:

𝜆̂𝑘+1 = 𝜆̂𝑘 +
(𝑆∗ − 𝑆)

𝑆∗ (13)

where 𝜆̂𝑘 and 𝜆̂𝑘+1 represent the dynamic weight in the 𝑘th iteration
and (𝑘 + 1)-th iteration, respectively. Note that the dynamic weight
ranges from 0 to 1. Therefore, 𝜆̂𝑘+1 is set to 0, if (𝑆∗ − 𝑆)∕𝑆∗ is less
than 0; and 𝜆̂𝑘+1 is set to 1, if (𝑆∗ − 𝑆)∕𝑆∗ is greater than 1.

Together, by calculating the new sensitivity numbers 𝛼𝐷𝑖 and ex-
cuting the remaining steps (Eqs. (7)–(9)), an optimized design can
e obtained. At the end of each iteration, the constraints in Eqs.

(10)(b) and (10)(c) are checked, and 𝜆̂ is updated using Eq. (13).
teratively executing topology optimization ensures that the volume
nd similarity constraints, as well as the convergence condition, are
atisfied, resulting in a satisfactory design. If this design is still deemed
nsatisfactory after subjective evaluation, the designer can initiate a
ew round of design exploration by refining preferences, recalculating
he subjective weights and inclusion status, and performing subsequent

topology optimization until the resulting design meets all requirements.
It should be noted that the optimization process may locally produce

verly high subjective weights, which lead to the formation of sus-
ended components and error displacement values. To solve this issue,

the breadth-first search (BFS) algorithm is included in the ISP-BESO
ethod to group all interconnected elements [40]. Then, the largest

cluster is preserved, while isolated suspended components in smaller
roups are removed. This strategy is applied as an extra step in each
teration, ensuring that the structural design remains continuous and
easonable.

The computational workflow of the proposed ISP-BESO method
s summarized in Fig. 1. The new features are highlighted in this

workflow, including calculating inclusion status, calculating subjec-
tive weights, removing isolated elements, and checking similarity con-
straints.

3. Design exploration in virtual reality

Based on the ISP-BESO method, a VR-based design exploration
trategy is proposed. VR devices, generally including a head-mounted
isplay (HMD) and two handheld controllers, enable designers to per-
orm operations based on body motion, offering an intuitive way to
nteract with the virtual environment. Importantly, the immersive en-

vironment is particularly beneficial for inexperienced designers, as it
ssists them in understanding complex 3D details and refining their
ubjective preferences.

This section describes the computational workflow of the proposed
esign exploration strategy (see Fig. 2). Four sequential steps are

involved within a single design cycle, including VR sculpting (Step 1),
nitialization (Step 2), topology optimization (Step 3), and smoothing
Step 4), detailed in Sections 3.1–3.4, respectively. Each cycle gives an

optimized structure that aligns with the current subjective preferences.
However, Steps 1–4 can be iteratively repeated to update subjective
preferences, creating a series of desired structures that progressively
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Fig. 1. Computational workflow of the ISP-BESO method.

Fig. 2. Computational workflow of the proposed design exploration strategy.
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Fig. 3. A single design cycle within the computational workflow of the proposed design exploration strategy: (a) Stage 1: VR sculpting; (b) Stage 2: initialization; (c) Stage 3:
topology optimization; (d) Stage 4: smoothing.
match these evolving preferences. This design exploration strategy
establishes a productive human–computer collaboration to improve the
efficiency of design exploration and the quality of optimized structures
(see Sections 3.5 and 3.6). Furthermore, we have developed a digital
design tool—virtual reality-based bidirectional evolutionary structural
optimization (VR-BESO)—to implement the proposed strategy (see Sec-
tion 3.7). All examples presented in this paper have been created using
VR-BESO. This newly developed software and its documentation have
been made publicly available [41].

3.1. Stage 1: VR sculpting

Step 1 utilizes VR sculpting to help designers transform their cre-
ative ideas into tangible 3D geometries in a virtual environment, as
shown in Fig. 3(a). This process offers a direct and intuitive way for
designers to express their subjective preferences. VR sculpting differs
significantly from traditional flat-screen design interfaces, offering six
degrees of freedom to simulate a real-life sculpting experience [42,43].
This technology typically includes various brush tools for drawing,
building up, and removing material, offering extensive design freedom.
Designers can shape their ideal geometries by waving the two handheld
controllers, making the process accessible to those without 3D modeling
experience.

In Step 1, designers can import external 3D geometries created with
other computer-aided design (CAD) software (e.g., Rhinoceros [44]).
This capability is important, as it allows designers to bypass the need
to start sculpting from blank. Instead, they can begin by modifying
and refining preexisting designs. The imported design is first converted
into an editable model using advanced surface reconstruction tech-
niques [45]. Designers can then utilize VR sculpting tools to add new
features or remove unwanted parts, guided by their artistic intuitions
or preferences. This capability conserves time that would otherwise be
spent sculpting models from blank and allows designers to concentrate
on refining their subjective preferences. The implementation of VR
sculpting can be found in the Appendix.

3.2. Stage 2: initialization

While VR sculpting (Step 1) significantly eases the expression of
subjective preferences, there is a risk that excessive design freedom
might lead designers to focus too much on creative ideas and neglect
fundamental engineering principles. Structural optimization becomes
a crucial step in the design exploration process to ensure that the
sculpted models have practical value. Before executing this optimiza-
tion, the initial settings must be established to clearly define the design
optimization problem.

In Step 2 (see Fig. 3(b)), the initial task is to determine the size
of the design domain (i.e., the space in which materials can be re-
distributed). Designers can use the handheld controllers to adjust the
dimensions of this design domain to align with specific design re-
quirements; the adjusted bounding box is marked by a cubic frame
in Fig. 3(b). Subsequently, designers can define the support and load
5 
conditions. In Fig. 3(b), a uniformly distributed load is applied on top of
the design domain, represented by the rectangular box, and two fixed
supports are set at the base, represented by two dark boxes. Finally,
Step 2 concludes by inputting optimization parameters through a vir-
tual number pad. These parameters include the filter radius, volume
fraction, evolutionary rate, voxel size, and subjective weight. Notably,
the ‘subjective weight’ parameter actually refers to the target similar-
ity introduced in the ISP-BESO method. However, we use ‘subjective
weight’ in VR-BESO software so that users can understand it more
easily.

3.3. Stage 3: topology optimization

Step 3 (see Fig. 3(c)) performs the proposed ISP-BESO method (see
Section 2.2). Initially, the sculpted model is transformed into subjec-
tive weights by computing a distance field. These weights are then
incorporated into the sensitivity analysis; they play a pivotal role in
the optimization procedure determining materials’ addition or removal.
Moreover, by adjusting ‘subjective weight’ (the target similarity in ISP-
BESO), designers are allowed to control the formation of final structural
topologies to be performance-driven or preference-driven. This feature
indicates that our topology optimization enables the sculpted models
to be computationally refined into high-performance structures.

3.4. Stage 4: smoothing

The proposed ISP-BESO method is based on finite element analysis
(FEA), requiring the continuous design domain to be discretized into
finite element meshes to represent the given materials. Therefore,
optimization results possess zig-zag boundaries formed from straight
element edges [46,47]. These boundaries, and hence the design reso-
lution, are determined by the number of elements. A resolution that
is not sufficiently fine could affect how designers perceive and define
their subjective preferences. Step 4 is an additional smoothing step to
improve the aesthetic quality of the optimization result obtained from
Step 3 (see Fig. 3(d)).

The authors previously developed the smoothing algorithm utilized
in this study based on a pre-built lookup table [48]. Notably, the
smoothed model can be exported to external CAD software. This capa-
bility grants designers considerable flexibility: they can further modify
the design for various purposes, including as a new input for Step 1,
for rendering, or to meet specific manufacturing requirements.

3.5. Iterative design exploration

A single design exploration may not fulfill all design requirements,
as designers often develop new preferences during the exploration
process [20]. Our proposed design exploration strategy offers flexibility
by allowing designers to modify the results from Steps 1–4 and redesign
through these steps again. This iterative approach ensures that the
evolving subjective preferences are continually updated.
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Fig. 4. Iterative design exploration: (a) sculpting a preferred model; (b) obtaining an optimized topology via a single design cycle; (c) adding a bar to the current design through
VR sculpting; (d) generating a new optimized design.
Fig. 5. (a) Single design exploration versus (b) the proposed iterative design exploration.
The iterative design exploration is demonstrated more clearly in
Fig. 4. Figs. 4(a) and 4(b) represent the sculpted models before and
after optimization, respectively. Designers can manually add or remove
specific parts from the optimization result, as shown in Fig. 4(c). These
modifications significantly influence the subsequent topology optimiza-
tion, as shown in Fig. 4(d). Designers can also undertake a series
of iterative design explorations by alternately updating the preferred
geometric features and executing topology optimization. This process is
repeated until the subjective preferences are refined to achieve a final
design that best meets all requirements.

3.6. Effective design exploration explained

Unlike traditional single-design exploration strategies (see Fig. 5(a)),
the proposed strategy (see Fig. 5(b)) eliminates the extensive evaluation
tasks involved in selecting a design from a wide array of often unsatis-
factory options [20]. The proposed new approach empowers designers
to participate in and guide the design process effectively.

In fact, the key contribution in this study is to establish a produc-
tive human–computer collaboration by integrating VR sculpting and
topology optimization. This collaboration enables user preferences to
directly guide topology optimization, fostering the creation of innova-
tive structures. VR sculpting allows designers to express their subjective
preferences; Topology optimization ensures the structural performance
of these innovative structures. This synergistic relationship effectively
leverages the unique strengths of human insight and computational
power, thereby enhancing the efficiency of design exploration and the
quality of optimized structures.

3.7. VR-BESO demonstration

The VR-BESO design tool is developed using both C++ and C#
programming languages. The C++ part provides a CPU-parallel opti-
mization kernel, which is achieved based on open-source dependencies
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and the existing topology optimization codes [37,49,50]. The depen-
dences used in the computational kernel include the MKL PARDISO
solver [51] and the Eigen linear algebra library [52]. The C# part
relies on Unity3D and Meta Quest SDK to implement a graphical user
interface and an interactive system in the VR space [53,54].

The hardware requirements of VR-BESO include the HMD and two
handheld controllers of the Meta Quest 3 [54] and a personal computer.
The VR device is used to display and interact with 3D geometries. How-
ever, due to the limited computational resources of VR devices, a high-
performance personal computer with an Intel i9-13900KF 3.00 GHz
processor is employed to deal with computationally demanding tasks,
such as executing topology optimization and smoothing the optimized
topologies.

In VR-BESO, the initial design scene is a dark virtual space, as shown
in Fig. 6(a). Designers wearing a VR headset can turn their heads to
observe the geometric details of the 3D model from different angles.
The interaction between the virtual space and the real world is imple-
mented by the two handheld controllers. Fig. 6(b) shows the structure
of the two controllers. Designers can operate the physical buttons on
the two real controllers to perform basic actions, such as selecting,
moving, rotating, and scaling 3D geometries, as shown in Fig. 6(c).

Moreover, the left controller can call a floating panel that includes
intractable buttons and input fields. When the right controller points
toward the floating panel, a white ray emanates from the controller and
hits the floating panel (Fig. 6(a)). Pressing the index trigger on the right
controller can interact with these buttons and input fields. Designers
can also switch the pages of the floating panel by pushing the thumb-
stick on the left controller. The floating panel includes three different
pages: ‘Modeling’, ‘Parameters’, and ‘Optimization’. All features used in
the proposed design exploration strategy are included in the pages. In
detail, the functions of the three pages are described as follows:

∙ ‘Modeling’ page: It has brush tools and input/output (I/O)
functions, allowing designers to draw, erase, import, and export
their creative 3D models by moving controllers.
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Fig. 6. The user interface and the interactive operations of VR-BESO: (a) operating 3D models in a virtual space; (b) the structure of two controllers; (c) interactive operations
for transforming 3D geometries.
∙ ‘Parameters’ page: It controls the filter radius 𝑟𝑚𝑖𝑛, volume
fraction 𝑉 ∗, voxel size (controls the number of elements in
the 𝑋, 𝑌 and 𝑍 directions), and subjective weight (the target
similarity, 𝑆∗).

∙ ‘Optimization’ page: It includes buttons to set and control the
optimization process, such as ‘Run’, ‘Stop’, ‘Reset’, ‘Load’, ‘Sup-
port’, ‘Apply’, ‘Solid’, ‘Void’, ‘Smooth’, ‘Save’, ‘Info’, ‘History’,
and ‘Resculpt’. Note that ‘Solid’ and ‘Void’ buttons can define
constant solid elements (𝑥 = 1) and constant void elements
(𝑥 = 𝑥𝑚𝑖𝑛), respectively [55].

By operating the functions on the floating panel, designers are able to
conduct the proposed design exploration strategy.

4. Parametric study

A parametric study is conducted to investigate the effect of varying
𝑆∗ on the formation of the resulting structural topology. Here, the
design optimization problem of the parametric study is the classic 3D
short cantilever [2]. The design domain is 80 mm long × 20 mm wide
× 50 mm tall, discretized into 80,000 cubic elements. A point load,
𝐹 = −1 N, is applied at the center of the free end. A fixed boundary
condition is assigned behind the whole cantilever. The material used
in this study is assumed to be isotropic and linear elastic, with Young’s
modulus of 𝐸0 = 1 MPa and Poisson’s ratio of 𝑛𝑢 = 0.3. BESO parameters
are: 𝐸 𝑅 = 3%, 𝑉 ∗ = 15%, and 𝑟𝑚𝑖𝑛 = 3 mm. Inspired by the shape of a
butterfly, we designed a 3D geometry as the preferred model, as shown
in Fig. 7(a). This model was initially created through VR sculpting and
then refined in the Rhinoceros CAD software [44].

This study uses five different 𝑆∗ to generate topologically differ-
ent solutions, including 0.5, 0.6, 0.7, 0.8, and 0.9. Each solution is
7 
compared with two reference designs (Ref. 1 and Ref. 2). Ref. 1 (see
Fig. 7(b)) is the original BESO result obtained without considering
subjective preferences; it considers only structural performance. Ref.
2 (see Fig. 7(c)) is the extremely preference-driven design (𝑆∗ = 1), ob-
tained by redistributing the given materials to the preferred model. This
study uses the mean compliance ratio, 𝐶∗ to quantify the differences
in structural performance with Ref. 1. Specifically, 𝐶∗ = 𝐶 ′∕𝐶𝑅𝑒𝑓 .1,
where 𝐶 ′ and 𝐶𝑅𝑒𝑓 .1 represented the mean compliance values of the
given solution and Ref. 1, respectively.

Topology optimization results are summarized in Fig. 7(d), with the
evolutionary histories shown in Fig. 7(e), measurement results of 𝐶∗ are
detailed in Fig. 7(f), and the variations of 𝜆̂ and 𝑆 during the optimiza-
tion are shown in Figs. 7(g) and 7(h), respectively. It can be found that
increasing 𝑆∗ from 0.5 to 0.9 leads to a noticeable rise in 𝐶∗. This trend
suggests that a lower 𝑆∗ tends to produce structures with performance
characteristics more aligned with Ref. 1. Since more materials can be
distributed to efficient areas as 𝑆∗ decreases. Therefore, designers can
adjust 𝑆∗ according to their design requirements, effectively guiding
the formation of the final structures toward performance-driven or
preference-driven.

Moreover, observing the variations of 𝜆̂ and 𝑆 (see Figs. 7(g) and
7(h)) can provide insights into the reasons behind the performance
improvement. In the early stages of optimization, the proposed method
prioritizes structural performance by rapidly decreasing 𝑆, allowing
it to quickly approach a shape close to the optimized solution. This
rapid reduction in the early phase ensures that the final result does
not deviate too far from the optimized solution. Once 𝑆 reaches the
target similarity for the first time, the optimization process begins to
balance subjective preferences and structural performance, causing 𝜆̂ to
oscillate significantly. As the optimization progresses, these oscillations
gradually reduce, and 𝜆̂ stabilizes at a higher value. Consequently, 𝑆
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Fig. 7. Investigation of the influence of 𝑆∗ on optimization results using the 3D cantilever example: (a) initialization and the preferred model created by VR sculpting and
Rhinoceros [44]; (b) extremely performance-driven design (Ref. 1); (c) extremely preference-driven design (Ref. 2); (d) five designs obtained using different 𝑆∗; (e) evolutionary
histories; (f) variation of 𝐶∗ with respect to 𝑆∗; (g)–(h) variations of 𝜆̂ and 𝑆 with respect to the iteration steps.
also stabilizes and eventually converges to 𝑆∗, ensuring that the final
design meets both performance and similarity targets.

It is noted that the initial input geometry and parameters can lead to
minor oscillations in both 𝜆̂ and 𝑆, as observed in Fig. 7 for cases with
𝑆∗ = 0.5 and 𝑆∗ = 0.7. These oscillations result from the algorithm’s
trade-offs on whether to retain certain overhanging bars. However,
as the amplitudes of oscillations in 𝜆̂ and 𝑆 gradually decrease, the
optimization algorithm consistently finds a solution that also satisfies
the constraints (see Eqs. (10)(b) and (10)(c)) and the compliance
convergence condition (see Eq. (9)). This outcome demonstrates the
robustness of the proposed method; even when the input geometry
differs significantly from the optimized solution (e.g., the butterfly
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shape in Fig. 7), the proposed ISP-BESO is still capable of reaching a
convergent result.

The computational resources required for the proposed ISP-BESO
method are nearly equivalent to those of the traditional BESO al-
gorithm. As shown in Fig. 7(e), the introduction of the similarity
constraint does not significantly increase the number of iterations
required for convergence. Additionally, the time spent per iteration
remains consistent with the traditional BESO algorithm because the
integration of subjective preferences is a linear weighting method (see
Eq. (12)), which does not increase algorithmic complexity. As a result,
the overall computational resource requirements for this algorithm are
comparable to those of traditional BESO, even with the added flexibility
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Fig. 8. The first design cycle of a museum design: (a) problem settings and the preferred model created by VR sculpting and Rhinoceros [44]; (b) reference design generated by
the BESO method; (c) Solution A with 𝑆∗ = 0.6; (d) Solution B with 𝑆∗ = 0.9.
of adjusting subjective preferences within the optimization process. Due
to the efficiency, the proposed ISP-BESO method can run smoothly on
VR devices, supporting real-time interaction and iterative refinement in
an immersive environment.

5. Potential application

Figs. 8–10 use a 3D museum design to demonstrate the potential
practical applications of the proposed design exploration strategy. The
problem settings of the museum design are inspired by the well-known
Qatar National Convention Center, which was designed by the famous
architect Arata Isozaki and his collaborators [56]. A cuboidal bounding
box of 200 m long × 15 m wide × 22 m tall, which contains a layer
of 1.5 m thick passive solid domain on the top and a design domain
underneath, is discretized into 528,000 0.5 m cubic elements, as shown
in Fig. 8(a). A uniformly distributed load, 𝐹 = −10000 𝑁/𝑚2, is applied
to the passive solid domain. Five rectangular fixed supports are applied
at the base. The material used in this application is assumed to be
isotropic and linear elastic, with Young’s modulus of 𝐸0 = 30 GPa and
Poisson’s ratio of 𝑛𝑢 = 0.3. BESO parameters are: 𝐸 𝑅 = 2%, 𝑉 ∗ = 12%,
and 𝑟𝑚𝑖𝑛 = 1.5 m.

The subjective preference model in this application is defined as
ten arches, created through VR sculpting and refined using Rhinoceros
CAD software [44]. These arches connect five rectangular supports to
guide topology optimization to produce an overall structure. Fig. 8(b)
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shows the BESO result without considering subjective preferences,
which is used as a reference design to measure the performance loss
of the produced solutions. The goal of this application is to generate
a structural design that retains most of the geometric features of the
preferred model while avoiding the creation of overly slender bars and
maintaining a high level of structural performance as much as possible.

Figs. 8(c) and 8(d) show the outcomes of the initial design cycle,
showcasing two innovative structures (Solutions A and B). They are
optimized using different values of 𝑆∗, 0.6 and 0.9, respectively. In this
design cycle, Solution B may be chosen as the preferred design because
it maintains subjectively preferred features while avoiding the gener-
ation of complex and slender bars. In contrast, Solution A produces
too many slender bars. Despite its superior structural performance,
the increased slender bars necessitate more intricate nodes, leading to
higher manufacturing complexity and costs.

In the second design cycle (see Figs. 9(a) and 9(b)), this study wishes
to improve the structural performance of Solution B. To this end, we
remove four arc-like bars (marked red in Fig. 9(a)) by VR sculpting
and set the modified geometry as the new preferred model. Then, we
rerun the optimization using a relatively high value of 𝑆∗ = 0.95 to
ensure that the newly updated geometric features effectively influence
the outcome. The optimization result is denoted as Solution C, which
successfully includes all updated modifications. Besides, Solution C has
a better structural performance than the preferred solution from the
previous design cycle (Solution B). With both solutions incorporating
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Fig. 9. The second and third design cycles of the museum design: (a) modification of Solution B; (b) Solution C with 𝑆∗ = 0.95; (c) modification of Solution C; (d) Solution D
with 𝑆∗ = 0.85.
the preferred model, they emerge as strong contenders for the final
design.

After a thorough subjective evaluation of the shapes of Solutions B
and C within the VR environment, it can be concluded that Solutions
B and C seem overly simplistic. Therefore, a third design cycle (see
Figs. 9(c) and 9(d)) is performed or this new round, Solution C is
modified by adding four new straight bars to support the roof, aiming to
further enhance the structural efficiency. Then, the modified Solution
C is selected as the preferred model to guide topology optimization.
The optimized result, Solution D, achieved with 𝑆∗ = 0.8, not only
presents a more visually appealing design but is also 9.45% stiffer than
Solutions B and 4.76% stiffer than Solution C, respectively. Based on
these improvements, Solution D is selected as the final design for the 3D
museum example, and its rendering for potential practical application
is shown in Fig. 10.

This museum design demonstrates the benefits of an iterative de-
sign exploration approach grounded in human–computer collaboration.
Through this process, designers actively shape the optimization results
by inputting their preferred geometric features, which the algorithm
then accommodates and enhances. The structural solution in each
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iteration may include unexpected bars due to the consideration of struc-
tural performance. It reveals that the algorithm’s capacity to integrate
additional bars when necessary not only improves the overall struc-
tural efficiency but also prevents subjective preferences from leading
to overly inefficient structural designs. Moreover, these unexpected
solutions may inspire further refinement of designers’ subjective pref-
erences, enabling designers to iteratively balance aesthetic intentions
with structural functionality. Through each design iteration, designers
thus gain opportunities to create a structure that fulfills both struc-
tural efficiency and artistic vision, and finally achieve an outcome
that embodies both engineering integrity and creative expression. This
approach highlights the synergy between algorithmic capabilities and
designers’ creativity, ultimately expanding the range and quality of
solutions available in complex structural design.

It should be noted that the Qatar National Convention Center was
constructed with a hollow structure, which differs from our assumption
of a solid structure in topology optimization. This museum design was
made primarily to demonstrate the applicability of our optimization
method, rather than to suggest the construction details of the real
building.
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Fig. 10. Rendering of the museum design.
6. Conclusion

In this study, we have proposed a new preference-based topology
optimization method, named ISP-BESO method. This method intro-
duces a similarity constraint and 3D subjective weights, allowing users
to accurately control the influence of subjective preferences on the
3D optimized structures. We have also developed a novel design ex-
ploration strategy that integrates VR and topology optimization. The
integration of VR provides designers with an intuitive, interactive, and
immersive platform for observing and editing 3D geometries. Designers
can use VR sculpting to transform their creative ideas directly into 3D
models. The sculpted models can represent their subjective preferences
and influence material redistribution in the topology optimization pro-
cess. Importantly, we emphasize that the sculpting–optimization work-
flow can be repeated in multiple cycles, creating various innovative
and efficient structures that reflect designers’ subjective preferences.
Our newly developed digital design tool, VR-BESO, which implemented
the proposed exploration strategy and generated all examples in this
paper, is publicly available. Our findings indicate that by adjusting
the target similarity of ISP-BESO, the optimization process can con-
trol the generated structural form to be either performance-driven
or preference-driven. This flexibility enables the optimized structures
to meet engineering principles and aesthetic preferences. Further, a
museum design is conducted to highlight the practical applications
of the proposed iterative design exploration strategy. The proposed
strategy, coupled with VR-BESO, can effectively harness the strengths
of human creativity and computational power to enhance the efficiency
of design exploration and the quality of optimized structures.
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Appendix. Implementation of VR sculpting

The VR sculpting system is implemented by a volumetric sculpting
method based on sparse hashing techniques [57,58]. The system first
divides the cubic workspace of 2 m × 2 m × 2 m around the designer
into a voxel grid of 256 × 256 × 256. In the voxel grid, designers
Fig. 11. (a) Visualization of a designer and the workspace in VR-BESO; (b) the brush stroke of VR sculpting.
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can use the brush tool in the sculpting controller to draw 3D models.
Specifically, after activating the brush tool, a spherical region in front
of the virtual controller appears, representing the brush stroke, as
shown in Fig. 11(a). The brush stroke size is adjustable by manipulating
the thumbstick on the right controller. When the designer presses the
controller trigger, the voxel nodal values within the brush stroke can
be improved (drawing mode) or decreased (erasing mode). The nodal
values in the workspace form a signed distance field (SDF). The values
are then utilized to generate a mesh model via the marching cubes
(MC) method [59]. Furthermore, pressing the right index trigger while

aving the controller produces a tubular geometry that traces the mov-
ng path. Together, using the sculpting brush, designers can intuitively
nd flexibly design preferred 3D models [43,60]. More details of the

sculpting brush can be found in [42].
The importing and exporting features mentioned in Section 2.1 are

also integrated into the sculpting system. In order to allow users to edit
imported models through VR Sculpting, the imported models need to
be reconstructed to support further modifications [45]. In detail, these

odels are initially utilized to compute an SDF in the workspace [61].
Then, a 3D mesh model can be extracted from the scalar field using
the MC method [59]. Since both the reconstructed model and the
sculpted system use the SDF, designers can directly edit the former
using the brush tool. After sculpting, designers can directly export the
xtracted mesh models in the OBJ format, facilitating further editing in
he external CAD software.

Data availability

Data will be made available on request. The VR-BESO software can
be downloaded from: https://doi.org/10.25439/rmt.25469278.v1.
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