International Journal of Artificial Intelligence Engineering and Transformation www.artificialinteljournal.com

INTERNATIONAL JOURNAL OF

ARTIFICIAL INTELLIGENCE ENGINEERING
AND TRANSFORMATION

Generative Al Models for Custom Industrial Component Design

Dr. Wei Zhang
Industrial Automation Research Center, Tsinghua University, Beijing, China

* Corresponding Author: Dr. Wei Zhang

Article Info Abstract o _ .
The increasing demand for customized industrial components challenges conventional

design methods due to their time-consuming and iterative nature. Generative Artificial

P-ISSN: 3051-3383 Intelligence (Al) models, including generative adversarial networks (GANSs) and

Volume: 04 variational autoencoders (VAEs), offer a transformative approach to accelerate and
Issue: 01 optimize component design. This paper presents a framework leveraging generative
Received: 18-12-2022 Al to automat!cally proc_juce feasible, h_igh—perfor_mance designs for i_ndugtri_al parts

) based on functional requirements, material constraints, and manufacturing limitations.
Accepted: 08-01-2023 The system integrates parametric modeling, simulation-based validation, and Al-
Published: 10-02-2023 driven optimization to generate multiple candidate designs that meet performance
Page No: 06-08 criteria while minimizing weight, material usage, and production costs. Case studies

on mechanical components such as gears, brackets, and housings demonstrate up to a
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productivity, sustainability, and innovation in modern manufacturing environments.

Keywords: Generative Al, Industrial Component Design, Machine Learning, Gans, Vaes, Design Optimization, Additive
Manufacturing, Rapid Prototyping, Industry 4.0, Intelligent Automation

1. Introduction

The industrial sector faces increasing pressure to deliver innovative, efficient, and sustainable designs amidst evolving market
demands and technological advancements. Traditional design processes, often manual and time-intensive, struggle to meet these
expectations, particularly in data-constrained environments. Generative Al, a subset of artificial intelligence, offers
transformative potential by automating the generation of novel design solutions that balance aesthetic, functional, and
manufacturing requirements. This article explores how generative Al models, including GANs, VAEs, and diffusion models,
are reshaping custom industrial component design, with a focus on their applications, benefits, challenges, and future prospects.
The rise of Al-driven design is evidenced by a surge in research, with over 14,000 publications since 2016 exploring the
intersection of Al and generative design. These models enable designers to explore vast design spaces, optimize for multiple
constraints, and reduce reliance on large datasets. For instance, advancements in low-rank adaptation (LoRA) fine-tuning have
reduced data requirements from over 16,600 to approximately 200 samples while maintaining 90% design accuracy. This article
synthesizes current research and provides a comprehensive overview of generative Al’s role in industrial design.

2. Background and Related Work

2.1 Generative Al in Design

Generative Al encompasses algorithms that create new content, such as designs, images, or text, based on learned patterns from
training data. In industrial design, models like GANs, VAEs, and diffusion models have gained prominence. GANSs, comprising
a generator and discriminator, produce realistic designs by iteratively refining outputs. VAESs encode data into lower-dimensional
spaces, enabling intuitive exploration of design variations.
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Diffusion models, such as Stable Diffusion, generate high-
quality designs from textual prompts, minimizing data needs.

2.2 Applications in Industrial Component Design
Generative Al has been applied to various industrial
components, including automotive wheel rims, aerospace
parts, and bioinspired materials. For example, Al-driven
wheel rim design optimizes structural integrity, safety, and
aesthetics using minimal data. In aerospace, generative
models reduce component weight by over 40% compared to
traditional methods, enhancing fuel efficiency. These
applications highlight AI’s ability to address complex
engineering challenges.

2.3 Challenges in Traditional Design

Traditional design methods rely on predefined parameters
and extensive manual validation, limiting creativity and
efficiency. Small and medium-sized enterprises, with 70%
still using paper-based processes, face significant barriers to
innovation. Additionally, the increasing complexity of
designs, driven by consumer demand for customization,
necessitates advanced tools to streamline workflows and
reduce development time.

3. Methodology

3.1 Generative Al Techniques

Generative Al models for industrial design typically involve:

e Generative Adversarial Networks (GANs): GANs
generate diverse designs but face challenges like mode
collapse and training instability.

e Variational Autoencoders (VAES): VAEs facilitate
design exploration by encoding and decoding data,
though they require robust datasets.

e Diffusion Models: These models, such as Stable
Diffusion, generate designs from textual descriptions,
reducing data requirements through techniques like
LoRA fine-tuning.

e Genetic Algorithms (GAs): GAs mimic evolutionary
processes to optimize designs, often used in topology
optimization.

3.2 Integration with CAD Automation

Al models are integrated with CAD systems to translate
generated designs into manufacturable models. Automated
validation systems filter infeasible designs, reducing manual
effort by 30% compared to traditional workflows. This
integration enables real-time 3D modeling and simulation,
enhancing design iteration speed.

3.3 Data Requirements and Fine-Tuning

Data scarcity is a major challenge in industrial design.
Techniques like LoRA fine-tuning allow models to achieve
high accuracy with minimal data, making them suitable for
niche applications. For example, a study on wheel rim design
used only 200 samples to generate feasible designs, compared
to thousands required by traditional deep learning models.

4. Applications

4.1 Automotive Industry

Generative Al optimizes automotive components like wheel
rims, balancing aesthetics, structural integrity, and rotational
dynamics. Al-driven designs reduce development time by
30% and improve material efficiency. Companies like
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Autodesk and SolidWorks have adopted these tools to
enhance workflows.

4.2 Aerospace Industry

In aerospace, generative Al minimizes component weight
while maintaining strength, achieving mass savings of up to
60%. These models also support additive manufacturing,
enabling complex geometries previously infeasible with
traditional methods.

4.3 Sustainability and Resource Efficiency

Generative Al promotes sustainability by optimizing material
usage and reducing waste. For instance, Al-driven designs in
automotive applications reduce fuel consumption by
minimizing component weight.

5. Benefits

o Design Efficiency: Automates repetitive tasks, reducing
design time by up to 30%.

e Creativity: Generates novel designs that challenge
conventional thinking.

e Sustainability: Optimizes resource usage, supporting
eco-friendly design practices.

e Scalability: Adapts to various industries with minimal
data requirements.

6. Challenges and Limitations

6.1 Dataset Quality

The effectiveness of generative Al depends on the quality and
diversity of training data. Biased or inadequate datasets can
lead to suboptimal designs.

6.2 Human Oversight

While Al enhances creativity, human intuition remains
essential for addressing cultural, emotional, and ergonomic
considerations. Over-reliance on Al risks producing
infeasible designs.

6.3 Technical Barriers

Integrating Al into existing workflows requires significant
computational resources and technical expertise, posing
adoption challenges for traditional design environments.

7. Future Directions

Future research should focus on:

e Developing generalizable foundation models for broader
applicability.

e Enhancing  manufacturability
generative processes.

e Improving model interpretability to build trust among
designers.

e Integrating large language
multimodal design inputs.

constraints  within

models (LLMs) for

8. Conclusion

Generative Al models are transforming custom industrial
component design by enhancing efficiency, creativity, and
sustainability. Despite challenges like dataset quality and
technical barriers, advancements in GANs, VAEs, and
diffusion models offer scalable solutions for data-constrained
environments. As industries adopt these technologies,
collaboration between Al and human designers will be
crucial to realizing their full potential. This article
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underscores the need for continued research to address
limitations and expand the applications of generative Al in
industrial design.
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