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Rapid advancement of artificial intelligence and immersive technol-
ogies is revolutionizing various sectors, notably product design.
However, the traditional personalized design process, which
depends on predefined elements with limited user input, often
results in products that do not fully align with individual preferences
and lack substantial user engagement. To fill this gap, the emergence
of artificial intelligence (Al)-generated content (AIGC) presents a
significant opportunity for mass personalization through natural
language interactions. Inspired by this paradigm, this article pro-
poses an AIGC-enabled personalized product design approach,
which integrates a configuration retrieval model with a fine-tuned
text-t0-3D generative model (TAPS3D model), enabling users to
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create personalized products within an immersive environment.
While the current system requires approximately two minutes
for 3D shape generation, this level of responsiveness is considered
suitable for concept exploration in early-stage design workflows,
where rapid iteration is prioritized over instantaneous feedback.
Furthermore, a case study is conducted focusing on the design of
personalized steering wheels to demonstrate the feasibility of this
methodology. Furthermore, the effectiveness of the proposed
approach in improving user experience is evaluated using a compar-
ative experiment with the traditional configuration system. The find-
ings indicate that our proposed AIGC-enabled personalized design
system effectively enhances personalization, facilitates user engage-
ment, improves the interaction experience, and increases user satis-
faction. [DOI: 10.1115/1.4069689]

Keywords: conceptual design, creativity and concept generation,
generative design, product design, user-centered design

1 Introduction

In today’s rapidly evolving market, manufacturers are compelled to
adapt to increasingly diverse and specific consumer demands [1,2].
Traditional product design methods often fail to meet these require-
ments, thereby facilitating the progress of personalized design
approaches. Personalized design seeks to tailor products to individual
needs and preferences, fostering a more intimate alignment between
products and user expectations [3]. This shift underscores the impor-
tance of value cocreation, where consumers are actively involved in
the design process, enabling a closer match between product offerings
and user requirements [4]. However, current design processes remain
predominantly reactive in nature. Communication gaps between
designers and consumers result in slow, labor-intensive iterative
cycles [5]. Additionally, high entry barriers further restrict consumer
participation in the design process. Most existing systems only offer
limited personalization through predefined options, often lacking
intuitive, multimodal, and immersive experiences for users [6,7].

Artificial intelligence (Al)-generated content (AIGC) offers a
transformative solution that enables rapid, interactive, and personal-
ized content creation [8—10]. AIGC shifts users from passive recip-
ients to proactive cocreators [11,12]. Meanwhile, immersive
technologies bridge physical and virtual worlds, improving
realism, creativity, and user satisfaction [13,14]. Integrating
AIGC with immersive environments can foster proactive user par-
ticipation and enrich the design experience.

To address these challenges, this article proposes an AIGC-based
personalized design approach within an immersive environment,
supporting product generation and active user involvement. The fea-
sibility of this approach is demonstrated through a case study on per-
sonalized steering wheel design, and its impact on usability and user
experience is evaluated through an empirical study. The remainder
of the article is organized as follows. Section 2 reviews related
work, Sec. 3 introduces the methodology and system, Sec. 4 presents
the case study, Sec. 5 reports the user evaluation, Sec. 6 discusses
limitations and future work, and Sec. 7 concludes the article.

2 Literature Review

This section first reviews existing research on Al-based interac-
tion design in immersive environments and text-to-3D mobile
deployment and then summarizes the research gaps.
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Fig. 1 The AIGC-enabled personalized design framework in an immersive environment

Al-based Interaction Design in Immersive Environments. The inte-
gration of generative Al models with immersive environments has
gained attention in recent years [15,16]. For instance, Zhang et al.
[17] proposed VRCopilot, providing an intuitive platform for users
to create 3D layouts with pretrained generative models via direct
manipulation in a VR environment. Rasch et al. [18] investigated Al
representation modes for the 3D object cocreation process in VR set-
tings. Stemasov et al. [19] proposed Mix and Match, an MR-based
system that allows users to browse model repositories, preview
models, and adapt them to the environment. Weng et al. [20] proposed
Dream Mesh, a speech-to-3D model generation system in an MR envi-
ronment, which leverages a stable diffusion model and instructs
pix2pix to generate the 3D model based on voice input from the
user. Behravan et al. [21] analyzed the current environmental informa-
tion via vision language models and further leveraged the text-to-3D
generative model to generate appropriate 3D objects in AR environ-
ments. Beharavan and Gracanin [22] present Matrix, a cutting-edge
text-to-3D generative model in AR environments, which is equipped
with a pregenerated object repository, further enables seamless user
interactions through spoken commands. Xing et al. [23] present
sMoRe, a mobile text-to-3D generative model that allows users to
create and place virtual objects in mixed reality spaces through
voice interaction while specifying spatial constraints.

Text-to-3D mobile deployment. The rapid progress of text-to-3D
generative models made it possible to deploy on mobile platforms.
Most researchers adopt the image method as the foundation for text-
guided 3D generation and deploy them on the phone. For instance,
Truong and Le [24] proposed MobileGen3D, which utilizes multi-
view real-world images and a textual instruction to produce high-
fidelity 3D content that resembles the provided real-world content
and demonstrates a case study about character generation. Liu
et al. [25] presented DreamStone for text-guided 3D shape genera-
tion based on a pretrained single-view reconstruction model without
paired text and 3D data. Li et al. [26] proposed LLM4CAD for engi-
neering design, leveraging the capabilities of multimodal LLMs to
generate a computer-aided design (CAD) model.

In summary, studies have explored various aspects of integrating
generative Al with immersive environments and mobile platforms.
However, these works typically focus on pretrained models and do
not address the challenge of enhancing the performance of 3D gen-
erative models within a specific domain and ignore the current con-
figuration elements.
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3 Methodology

To fill the gap, this section proposes an AIGC-enabled personal-
ized design approach and elaborates its system architecture.

3.1 AIGC-Enabled Personalized Design Framework. The
AIGC-enabled personalized design framework is illustrated in
Fig. 1. Various stakeholders can enter the immersive design envi-
ronment by wearing a VR head-mounted display (HMD) and artic-
ulating their personalized product design requirements to interact
with the graphical user interfaces (GUIs) for virtual product
design innovation. User voice inputs are processed locally on
edge devices, which access cloud data remotely to retrieve corre-
sponding 3D assets from the configuration document or generate
suitable 3D objects using a pretrained generative model.

Additionally, the body avatarization is provided to users,
enabling the creation of digital humans that serve as a link
between real and virtual spaces. This allows for the accurate reflec-
tion of users’ movements, enabling them to observe their actions in
the virtual environment in real time and interact with the retrieved or
generated models from a first-person perspective.

3.2 System Architecture. The system architecture of the pro-
posed framework is depicted in Fig. 2. Based on the workflow, this
structure can be categorized into three distinct modules: the require-
ment identification module, the configuration retrieval module, and
the pretrained generative model.

3.2.1 Requirement Identification Module. An immersive
design environment is established utilizing VR HMDs and Unity
software, allowing users to interact with product design innova-
tions. User requirements are effectively gathered through voice rec-
ognition and natural language processing tools. Robust cloud-based
speech recognition services, such as the DictationRecognizer appli-
cation programming interface, Google Cloud Speech-to-Text,” and
Microsoft Azure Speech Service,® can be employed within VR set-
tings to facilitate real-time conversion of user voice input into text.
Integration of these services in Unity is achieved via plugins or

*https:/cloud.google.com/speech-to-text
3hllps://azure.microsofl.com/en—gb/services/cognitive—sewices/speech—to—lexl/
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Fig. 2 The system architecture of the proposed AIGC-enabled personalized design framework

software development kits. Scripts are developed to capture voice
input and transmit audio data to the cloud for processing. The con-
verted text is then analyzed using a text parsing model to extract
user intentions and needs. The results are used to trigger appropriate
VR interactions.

3.2.2 Configuration Retrieval Module. In the configuration
retrieval module, we employ Word2Vec [27] combined with
cosine similarity to retrieve configuration elements, as illustrated
in Fig. 3. The structure of the configuration document consists
of a variety of parameters and descriptive information for different
products. To enhance computational processing and understand-
ing, these documents are converted into high-dimensional vector
representations and stored in a vector database. Retrieval is per-
formed by calculating the cosine similarity between the user
requirement vector and each configuration vector, thereby identify-
ing the most relevant configuration element. Cosine similarity
(Sim) is defined as

Configuration document User requirements

| |
@ :
Embeddings
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Fig. 3 The process of configuration retrieval
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where ¢ and d denote the query vector and the configuration docu-
ment vector, respectively.

()]

3.2.3 Pretrained Generative Model. In this subsection, we
fine-tune the TAPS3D model [28] to enable personalized design
generation. TAPS3D is a text-to-3D generative model capable of
producing high-quality, textured 3D meshes with arbitrary topolo-
gies, guided by user-provided textual instructions. The model
builds upon the principles of NVIDIA’s GET3D [29] and leverages
pseudo captions generated by the gpt-4o model. The overall work-
flow is illustrated in Fig. 4, which highlights three main compo-
nents: pseudo caption generation, 3D-textured mesh generation,
and authenticity evaluation.

To train the generative model, a dataset of 3D objects is rendered
into multiview images. The multimodal large language model
gpt-4o is used to generate descriptive pseudo captions for these
images, reflecting how users typically express design requirements.
The CLIP model [30] encodes these captions into embeddings,
which serve as input for the 3D mesh generator.

The generator synthesizes 3D shapes and textures conditioned on
the caption embeddings, producing high-fidelity, textured meshes.
A differentiable renderer is then used to generate 2D images from
the synthesized 3D models. To ensure the generated objects are
realistic and consistent with the input captions, one image discrimi-
nator evaluates the authenticity of the rendered images. The training
objective is to maximize the similarity between the generated
images and the input captions, as measured by the CLIP model,
and to encourage visual fidelity through an image regularization
loss:

Leiip =1 = cos (Ei(I), Ei(1)) (@)

where L., denotes the loss value between the captions and the ren-
dered images. E; and E; are the image and text encoders of the CLIP
model, respectively. I, refers to the rendered images, while ¢ signi-
fies the pseudo captions text. Considering the limited variety of cap-
tions, it is recommended that a low-level image regularization loss
should be introduced to enhance the performance of the generative
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objects, as represented by
Limg = 1 = cos (Ei(Ly), Ei(I)) 3)

where Lin, represents the low-level image regularization loss value,
and I%' refers to the ground truth rendered images. Therefore, the
objective of model training of the generative model can be articu-
lated as follows:

L= Eclip + Eimg “4)

Furthermore, a smaller value of £ indicates a better generation
performance in alignment with the pseudo captions.

4 Case Study

In this section, a case study on personalized steering wheel design
is conducted, aiming at illustrating the applicability of the proposed
method in a specific context.

4.1 Fundamental Setup. This subsection outlines the experi-
mental scenario and system communication architecture. In the
experimental setup (Fig. 5), the system comprises a driving simula-
tor, a VR HMD, two controllers, base stations, and two host com-
puters. Detailed hardware specifications are provided in Table 1.
Host PC 1 is responsible for managing virtual interaction, while
Host PC 2 is dedicated to train the text-to-3D generative model.
The primary software tools utilized are Unity and Visual Studio
Code.

In the system communication architecture illustrated in Fig. 6,
orange arrows signify commands and green arrows indicate feed-
back. The information flow begins with the VR HMD. When
users wear the VR HMD and launch the program, they encounter
the initial GUI, shown in Fig. 7(a). Here, users can utilize a VR con-
troller to click “Start” to voice input for personalized requests and
“End” to stop speech recognition, as shown in Fig. 7(b). This func-
tionality is enabled by Unity’s DictationRecognizer tool. Two host
computers act as service agents: Host PC 1 achieves immersive
interaction, while Host PC 2 operates the pretrained text-to-3D gen-
erative model, both working to deliver personalized product recom-
mendations based on user prompts.

4.2 Implementation Details. The following two subsections
provide comprehensive information regarding the proposal for per-
sonalized design of steering wheels, which encompasses the

044501-4 / Vol. 148, APRIL 2026
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Table 1 The system hardware setup

Hardware Description

VR HMD HTC VIVE Pro Eye with two controllers and base stations

Host PC 1 A laptop with an Intel Core i7-13700K CPU, one NVIDIA
GeForce RTX 3090 GPU and Windows 11 operating system

Host PC 2 A laptop with an AMD Ryzen 9 7950X3D 16-Core processor,

two NVIDIA GeForce RTX 4090 GPUs, Linux Ubuntu 20.04
operating system and CUDA version 12.3

contents of the steering wheel configuration files, along with the
implementation of the pretrained text-to-3D generative model for
steering wheels. Initially, the personalized steering wheel design
solution is extracted from existing configuration documents. If the
system investigates that the user is not satisfied with the retrieved
design solution, it will employ the text-to-3D generative model to
produce additional personalized steering wheel design options.

4.2.1 The Retrieval of Steering Wheels. In this section, we
present a configuration document that includes 10 elements ran-
domly selected from the open dataset Sketchfab.* Each element is

4hllps://sketchfab.com/
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annotated with an identifier (id), a detailed description, associated
tags, and fileldentifier. The purpose of this section is to introduce
the structure of the configuration document, elaborating on the
various parameters and descriptive information. Additionally, we
demonstrate how user requirements are processed to calculate the
similarity between the user’s requirement and each configuration
element. These elements are then ranked according to their similar-
ity scores, allowing for the retrieval of the configuration element
that exhibits the highest similarity.

4.2.2 The Generation of Steering Wheels. Database. A
text-to-3D generative model is trained to achieve personalized steer-
ing wheel generation. We collected 280 3D steering wheel objects
from open datasets like Shapenet [31], Objaverse [32], and 3D
Warehouse.” After preprocessing the data using Blender 2.9.0, the
dataset was split into training (70%), validation (10%), and test
(20%) subsets. Duplicate test samples were removed. Each object
was rendered from 100 random views due to the limited dataset
size. During training, each rendered image was paired with a
pseudo caption generated by gpt-4o, using the prompt: “Please
describe the type, style, material, color, and components/feature
of the object shown in this image. Your response should be a
detailed description of the object without mentioning the back-
ground, in a single, short sentence of less than 10 words.”

Training. Various text prompts produce a range of text-guided
3D objects. Textual features are concurrently processed by both
the mesh and texture mapping networks. Notably, the semantics
of the 2D-rendered images align well with the provided prompts.
The generative model demonstrates robust capabilities in control-
ling both the geometry and texture of the steering wheels. All visu-
alizations are generated from models that have been trained for
3000k iterations. For example, when the input prompt is “a black
racing steering wheel,” the generated samples precisely match the
given text command. However, there is limited variability in the
shape and texture of the resulting 3D objects from the same prompt.

Evaluation. We adopt the two loss functions, Lejip and Lipg, to
quantitatively evaluate our text-to-3D generative model for the
steering wheel. Specifically, L, facilitates the alignment learning
between text and image representations, while Ly, measures the
similarity between the generated image and the real image. The
minimization of these numerical values indicates a closer alignment
between text—image and image—image representations. Therefore,
we select the trained model checkpoint with the lowest loss
values (1.54 for L, and 0.189 for Ling) on the validation set for
text-to-3D inference.

Results and comparison. Figure 8 shows diverse 3D visualiza-
tions of steering wheels generated by our trained text-to-3D

Shttps:/3dwarehouse.sketchup.com/
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generative model. To evaluate the performance of our model, we
compare it with the state-of-the-art text-to-3D generative models:
Meshy AI° and Tecent Hunyuan3D [33]. Qualitative results are pre-
sented in Fig. 8, demonstrating that our model generates high-
quality 3D objects with diverse textures and shapes. Quantitative
evaluation is conducted based on three aspects: semantic consis-
tency, geometric fidelity, and texture fidelity. For each prompt,
we generate 10 samples, and the evaluation results are detailed as
follows:

(1) Semantic consistency comparison. We evaluate the average
semantic similarity between input prompts and 3D objects gener-
ated using the CLIP score [34]. As shown in Table 2, our model
achieves a relatively higher text-to-3D semantic consistency, indi-
cating that the generated 3D objects align more closely with the
input prompts. For Prompt 2, our model scores lower than Meshy
Al which may be attributed to the complexity of the prompt and
limited training data. Overall, our model demonstrates good perfor-
mance in generating personalized steering wheel designs that meet
user requirements.

(2) 3D Geometry Quality. We assess the geometric fidelity of the
generated objects by calculating the chamfer distance (CD) [35]
between the generated point cloud and the ground truth point
cloud. The average CD results are presented in Table 3. A
one-way analysis of variance (ANOVA) reveals no significant dif-
ference among the models, suggesting comparable geometric
performance.

(3) Texture fidelity evaluation. Texture fidelity is evaluated using
the texture learned perceptual image patch similarity (LPIPS) score
[36] computed between the generated texture UV maps and the
ground truth texture UV maps. The average LPIPS scores for
each prompt are reported in Table 4. A one-way ANOVA shows
no significant differences among the models, indicating that our
model performs on par with the other models in terms of texture
quality.

In summary, these results indicate that our approach achieves
improved semantic alignment while maintaining competitive per-
formance in terms of geometric and texture quality.

4.3 Prototype System Implementation. We implemented a
prototype system through a specific personalized requirement,
focusing on providing users with personalized steering wheel
design solutions based on their specific requirements.

4.3.1 Interaction Process. Users wearing the HTC Vive Eye
Pro device interact with the system via voice commands to
express their preferences. They receive personalized steering
wheel designs tailored to their specifications. Initially, the design
solution is determined through a similarity matching process
within the configuration document. If the user is not satisfied, the
system employs a text-to-3D generative model. The user’s voice
input, such as “I want an antique, red racing steering wheel,” is con-
verted into a text requirement using the DictationRecognizer tool in
Unity, as shown in Fig. 7(b).

In our system implementation, the steering wheel is automatically
positioned within the immersive environment using a programmatic
approach. This is accomplished by referencing predefined spatial
coordinates and orientation data for the target location (e.g., the
steering column), allowing the object to automatically “snap” into
the correct position and orientation without requiring manual user
intervention.

Regrading scaling adjustments of the generated 3D mesh, the
system utilizes the interaction mechanisms provided by the
SteamVR toolkit. Users can select and dynamically resize the gen-
erated models using both VR controllers through intuitive gestures
such as pinch-and-drag or expand-to-scale. This interactive method
allows flexible and precise control over object dimensions during
the running process.

Shttps:/www.meshy.ai/discover
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Table 2 Semantic consistency comparison among three
text-to-3D generative models using CLIP score [34]

Text prompt Ours Meshy Al Hunyuan3D
Prompt 1 0.49 0.24 0.27
Prompt 2 0.41 0.42 0.54
Prompt 3 0.55 0.21 0.44

Table 3 Average CD [35] calculation for generated geometric
fidelity evaluation

Type Ours Meshy Al Hunyuan3D
CD_Prompt 1 12.98 13.63 15.03
CD_Prompt 2 2.05 1.08 1.70
CD_Prompt 3 1.78 0.63 1.36

4.3.2  Personalized Steering Wheel Design Solutions. First, the
text requirement is entered into the configuration document to
retrieve the most appropriate design solution, as shown in Fig. 9.
We used the Word2Vec tool to calculate the cosine similarity
between the user requirement and 10 configuration elements.

044501-6 / Vol. 148, APRIL 2026

Table 4 Average texture LPIPS score [36] for generated texture
fidelity evaluation

Type Ours Meshy Al Hunyuan3D
LPIPS_Prompt 1 0.67 0.57 0.63
LPIPS_Prompt 2 0.83 0.64 0.61
LPIPS_Prompt 3 0.79 0.86 0.91

Configuration element ID 7 has the highest similarity to the user’s
preferences, making it the most suitable option. The retrieved con-
figuration element for the user’s requirement is shown in Fig. 10(a).
After presenting the design solution, the system initiates a user sat-
isfaction feedback interface, as shown in Fig. 7(c). If the user is not
satisfied with the configured design option, the system uses the
text-to-3D generative model to generate a new design result, as
shown in Fig. 10(b).

5 User Study

We conducted an empirical investigation to assess the effective-
ness of the proposed AIGC-enabled personalized design methodol-
ogy in improving user experience.

5.1 Experiment Setup. We initially hypothesize that the pro-
posed AIGC-enabled immersive design system (System A) will
enhance personalization, increase user engagement, facilitate user
interaction experiences, and subsequently improve user satisfaction
compared to the conventional configuration method (System B).

In our study, the null hypothesis Hy and the alternative hypothe-
sis H, are distinguished specifically by the difference in mean
outcome scores for the four user experience indicators between
System A and System B. Our statistical inference is based on com-
paring these mean scores: Hy states that there is no significant dif-
ference, or that System B performs better than or equal to System A
in terms of the mean scores on the four indicators and H; posits that
System A achieves higher mean scores than System B on these
indicators.

The required sample size was determined using G*Power 3.1.
We performed a prior power analysis for a one-tailed paired
t-test, with an alpha error probability (@) of 0.05, a statistical
power (1-§) of 0.9, and an assumed medium effect size (Cohen’s
d = 0.5). The analysis indicated that at least 20 participants were
needed to detect a statistically significant difference between the
two systems. Therefore, we recruited 20 participants aged 21-35,
all graduate students from diverse fields. Each participant was
engaged in a task to create a personalized steering wheel design
using both System A and System B in a randomized order. In
System A, participants used voice input to specify their design
requirements within an immersive environment, with the option
to use a pretrained text-to-3D generative model for further person-
alization. In contrast, System B limited participants to selecting
from predefined configuration options without generating new
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Fig. 9 The retrieval process of steering wheels
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/"/ User experience evaluation of two systems

System A: The proposed AIGC-enabled immersive system.
System B: The conventional configuration system.

. You think that the personalization degree of this system X is

. You think that the user engagement of the system X is

. You think that the interaction experience of the system X is

W N -

. You think that the overall user satisfaction of the system X is

Not at all satisfactory
il 2 3 4 5 6 7

Very satisfactory

Fig. 11 The detailed questions design for user experience eval-
uation of the proposed system and the conventional configura-
tion system

degree, user engagement, interaction experience, and user satisfac-
tion, as illustrated in Fig. 11. To provide a clearer understanding of
these metrics, the specific explanations are outlined below:

Q1: The degree of personalization refers to how well the method
of providing personalized designs aligns with individual
user needs.

Q2: User engagement assesses participants’ sense of involve-
ment and commitment throughout the personalized design
process.

Q3: Interaction experience is evaluated based on the willingness,
intuitiveness, and enjoyment during the interaction process.

Q4: User satisfaction measures the overall performance of the
two systems.

Fig. 10 (a): The retrieved personalized steering wheel design
option from the configuration document. (b) The generated per-
sonalized steering wheel design solution from a text-to-3D gen-

erative model.
5.3 Results. All participants accomplished the comparative

experiment, successfully obtained a personalized steering wheel
design within the VR environment. The mean values (M) of the
four metrics for each system are illustrated in Fig. 12. System A out-
performed System B across all evaluated metrics. The one-tail
paired-sample #-test was used for the significance test, with a signif-
5.2 Metrics. To evaluate the impact of the proposed icance level set at 0.01. The detailed results are shown in Table 5.

designs. After completing experimental tasks, participants filled out
questionnaires to evaluate the two systems.

AIGC-enabled immersive design system, a 7-point Likert scale,
ranging from 1 (not at all satisfactory) to 7 (very satisfactory),
was employed to quantify the participants’ responses. The evalua-
tion criteria were divided into four key metrics: personalization

Journal of Mechanical Design

Personalization degree: System A had a mean score M of
6.1 with a standard deviation (SD) of 0.738, while System B had
M = 3.9 and SD = 0.994. The t-test resulted in ¢ (19) = -4.975
with a significance level of P < 0.001. This indicates a rejection
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The performance comparison between two

systems
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Fig. 12 The line chart shows the performance comparison
between System A and System B

Table 5 The experiment analysis results of user study

System A System B
Metrics M SD M SD P P
Ql 61 0738 39 0994 4975 3824 x10°%
& 59 0876 28 1135 —6432  6.026x 107
Q3 64 0516 28 1370 90 4269107
Q4 60 0471 35 0972 7319  2236x 1075

M = mean; SD = standard deviation.
#EP < (0.001.

of the null hypothesis, suggesting that System A provides signifi-
cantly more personalized solutions than System B.

User engagement: System A scored M =5.9, SD = 0.876;
System B scored M =2.8, SD = 1.135. This analysis produced a
t-value of #(19) = —6.433 and P < 0.001. This result leads to a rejec-
tion of the null hypothesis, indicating that participants demonstrated
significantly greater engagement in the personalized design process
when using the proposed System A compared to the traditional
System B.

Interaction experience: System A had M =6.4, SD = 0.516,
while System B had M =2.8, SD = 1.370. The result #(19) = -9,
P <0.001, shows a significantly better interaction experience with
System A. This supports the idea that immersive environments
improve user interaction, consistent with previous studies [37].

Overall user satisfaction: System A’s M = 6.0, SD = 0.471 com-
pared to System B’s M =3.5, SD = 0.972. The #-test result
1(19) = -7.319, P <0.001, indicates significantly higher satisfac-
tion with System A.

6 Discussion

Despite demonstrating the effectiveness of the proposed system,
several limitations remain. First, a notable limitation is the limited
availability of high-quality 3D datasets suitable for training
text-to-3D generative models. This scarcity of data directly
impacts the fidelity and generalization capability of the generated
output. Moreover, the current implementation relies solely on pub-
licly available datasets, rather than proprietary datasets from spe-
cific manufacturers. Consequently, the generated designs may
lack product-specific details and fail to align seamlessly with exist-
ing product families, highlighting the need for more comprehensive,
diverse, and domain-specific 3D datasets to enhance the model’s
practical applicability and performance in industrial contexts.
Second, in our evaluation section, System B was selected as the
baseline due to its widespread use as a conventional configuration
system in industry and research. However, System B is limited in
terms of flexibility and personalization, as it typically offers only

044501-8 / Vol. 148, APRIL 2026

a fixed set of options and lacks the ability to generate novel
designs or adapt to unique user requirements. In contrast, our pro-
posed methodology leverages AIGC-enabled generation and
immersive interaction, allowing users to actively participate in the
design process, receive timely feedback, and explore a broader
design space. This approach addresses the limitations of traditional
systems by enabling greater personalization and creative freedom.
Finally, the current system requires approximately two minutes
per 3D shape generation. While this fails short of real-time perfor-
mance standards typical in VR or gaming environments, it is con-
sidered acceptable within the context of early-stage design
ideation, where fast but not instantaneous feedback is sufficient to
support creative decision-making.

To address the limitations identified in our current work, future
research should prioritize the creation or organization of multiple
and high-quality 3D datasets, potentially through collaborations
with industry partners to access proprietary data. Incorporating
these proprietary datasets would enable generative models to learn
product-specific features, thereby enhancing compatibility with exist-
ing product families. Furthermore, implementing advanced data aug-
mentation techniques and exploring cross-domain adaptation
methods, such as transferring knowledge from 2D images to 3D
models, could mitigate the situation of data scarcity. Additionally,
once the user has generated the model through text input to obtain
a preliminary design, it becomes particularly important to enable
interactive modifications to finalize the detailed design. By pursuing
these directions, future research can overcome current limitations and
significantly advance the field of text-to-3D generative models.

7 Conclusion

As personalization becomes increasingly important in product
design, innovation strategies are essential to meet diverse user
requirements. This study introduces an AIGC-enabled personalized
design methodology that integrates a retrieval model and a
text-to-3D generative model within an immersive environment. A
case study on personalized steering wheel design was used to
demonstrate the feasibility of this methodology. A user study com-
paring our proposed system with a conventional configuration
system indicates significant improvements in personalization
degree, user engagement, interaction experience, and user
satisfaction.

Future work will address current system development limitations,
particularly the performance of the text-to-3D generative model.
Future research will explore the potential of using explainable Al
and knowledge infusion techniques to enhance personalized
design through natural language interactions. These approaches
could improve user understanding and trust in the design process,
leading to more tailored and contextually relevant design outcomes.
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