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Abstract

The rapid advancement of Artificigitelligence (Al) has introduced new possibilities in urban
and architectural conceptual design, reshaping traditional workflows and creative
methodologies. This thesis starts by literature review and case studies to sebuetibal
background. After that it investigates the application of some mature Al tools, ingludi
ChatGPT, DALL-E, and Stable Diffusion as examlan the context of a design competition,
which focused on urban and architectural issues. This thesis studies how Al can support
coneeptual design. It fociesson how Al may change the traditional design process in urban
and architectural projects. Meanwhilg,also examines the limits of current Al tools.

The thesis focuses on a project turning vacant rigé office buildings into residential houses.
It looks at urban challenges in Shanghai's Pudong district. It starts by analyzirigsiyéeb
and social issues of the usgoung professional coupletdl] the design concept decision made.
It shows how Al can help to create and improve ideas in the design process.

The findings show that Al isugeful tool in conceptual desigit.speeds up the procesand
helps generate ideas. However, human expertise is still needed for spatial and taahtex
decisions, also traditional tools. There is a posgititi create a better workflow.

Keywords: Artificial Intelligence Conceptual Desigirocess Architectural DesignUrban
Design ChatGP;IStable Diffusion
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Introduction

Problem Definition

In recent years, Al technology has experienced an srmosurge in development, with its
application in architecture and urban design practices becoming an unstoppable wéiid
lack of enough researclespecially on how it influens¢he entire conceptual design process

This explosion in Al has given rise to several neeares questions:
-Al technology has developed so rapidly, but what isdineent state of itpractical
applicationin the fields ofarchitecture and urban desigh

-What are thekey processesf one design practice, and how Al appliedtiis?

-How daesAl technologympact traditional design processhow toconsiderduring its use?

Methodology

This research primarily utilizescase studyto investigate how Al tools are integrated into a
conceptual desigmn acompetition project, focusing on their role in differergtepsof the
design workflow and their potential to transforthe traditional designprocesses.

The case study is conducted from urban researdirthitectural design, providing a detailed
analysis of A$ impact in eactstep of conceptual design proceda parallel, aliterature
review helps toidentify the most mature Al toolapplied currently, to provide background.

The study concludes with a new workflowhich demonstratethe potential changes Al could
bring tothe traditional desigmpractices including thechallenge®f current Al tools

All research, design, and analysis were conducted by the author, with Al and translat®n to
used onlyfor grammar refinementgo not affectoriginality and academic integrity.

Thesis Purpose

This thesis focuses on the conceptual design phase of architecture and urban design, and
investigates how designeuse Al technologiga design to understand the current application

A design competition is used as a case study. It tests Al technologies such as (IbAtGH,

and Stable Diffusion it. The thesisaims to show how these tools affect traditional design
workflowsand the possibilityf creaing a better workflow

The research looks abth what Al can and cannot do. It discusses how designers and students
can use Al wisely and think critically when applying these tools in practice



Chapter 01: Artificial Intelligence

Background

"Any sufficiently advanced technology is indistingaide from magic.”
—Arthur C. Clarke, Britisdtience fiction writer

1.1 Al History and Development

1.1.1The Foundations and Early Development of Al

The term "artificial intelligence™ (Al) is a controviatsvord, since its invention, with debates
even in the exact time of its origin. In academic fidltlis commonly defined as "the ability of
a system to correctly interpret external data, leararh this data, and use those learnings to
achieve specific goals and tasks through flexible adaptgtitagnlein et al, 2019)

Discussions on Al in philosophy date back to ancient times. Matessliggest that the mind
can be understood in physical terms, forming the ground for an artificial mind. Tiretele
over "whether machines can think" arises from the contrast, especially betweeisuahd
materialism in defining the nature of the human mifWikipedia, 2024b)Jonathan Swift's
Gulliver's Travels (1726), in which the King of Brobdingnag challenges they vafidi
mechanical reasoning, is one of the earliest examinat@nsiachine intelligence. In 1942,
Isaac Asimov presented the "Three Laws of Robotics", which shaped early etkhgabiaut
Al till today, and influenced today's conversations about Al.

Interest in artificial intelligence was sparked in the 1940s, when Alan Turing, thdefoof

the Bombe machine in WoddNar 2, which deciphered the Enigma code. After that he
developed the Turing Test in 1950: "If a machine can interact with humans without being
identified as artificial, it is considered intelligent. ", setting the ground for Al

At the Dartmouth Conference in 1956, the phrase "artfiéntelligence" was named first.
Early Al systems were able to learn languages andlaandth problems. One of the earliest
attempts to pass the Turing Test was MIT's ELIZA, which imitated tai884n

There have been two significant ups and downs in Al development. Unmet expectations
caused the first "Al winter" (19744980), which resulted in budget cuts and criticism.
Nevertheless, research in commonsense thinking and logic programmingepsegdt Al
recovered between 1980 and 1987, becaw$expert systems, and significant investments
like Japan's Fifteneration project. However, these systems failed to interpret data and
learn from human experience, exposing certain lirffMakipedia, 2024b)



The second "Al winter" (19871993) happened due to economic crisis. Funding from
businesses and governments decreased hugely. However, research about Al continued,
especiallyMachine learning whichadvanced during this time, and later became the base for
many breakthroughs (Wikipedia, 2024b)

1.1.2Modern Advancements and Challenges in Al
From 1993 to 2011, Al improved steadily and becamdieghin many areas.

It often worked behind the scenes. Better computing power, and continued research both
speed up this progress. However, Al still could not reach hdmagl intelligence. As interest

in Al faded, the field split into smaller areas. Many dedi calling their work "artificial
intelligence." But Al technology also grew stronger in this period.

In the 21st century, Al gained more development. Big data and better computing made Al
more powerful. Companies started greatly investing on Al. Around 2[&E} learninged to

big breakthroughs. In 2017, the Transformer model pushed it even further. By the early;, 2020
Al received huge investments (Wikipedia, 202#gwever, in the same time, its fast growth
also raised concerns: risks, regulations, and future chgdien

Deep learning models higbvel data abstractions through deep neural networks, excelling at
complex problerrsolving. While theoretically, singlayer networks can approximate any
continuous function, deep networks are better suited for intricate tasks. Deep learning has
surpassed human performanci fields such as computer vision, handwriting recognition,
and autonomous driving. famousachievement was Google DeepMind’s AlphaGo in 2016,
which mastered the complex game of Go, marking a mitesto Al epabilities. Emerging
data-driven Al technologies are starting to deeply influence design and other fields.

/Artlflclal Intelllgenc\

/ Machine \
'/ learning \ |

‘I.l "'|
. ey 5

| |III i 7 |I| |
. 4 \\ |
v Deep v
L | . | e 7
% ‘x\ 'u., Learning ;, ff i
A\ '
\ Y 4

Fig. 1 Alhierarchyincluding deep learning

SourceWikipedia2024.https://de.m.wikipedia.org/wiki/Wikipedia:WikiProjekt_KI_undikipedia
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1.2 Al Applied on Design Overview

Design, being a mesgyoblem with shifting targets and tradeffs, relies on diverse
knowledge, technical skills, and innovative ideas. Simatiasly, it is influenced by reality,
including time constraints and the neddr continued modifications(Holmquist, 2017)
Artificial intelligence is continually advancjmagd can be used to help witthe uncertainties
and subjectivity in the design procesSo not only does Al assist developers to remove
themselves from rigidraining paths of thought, but it also reduces reliance on existing
human knowledge, providing designers with lbgssed suggestions.

Design has entered a new age of dathiiven Al methods that have realized their potential for
working with big data all while moving away from knowledge and experibased design
approaches. Traditional techniques like expert systemd genetic algorithm are e$ul for
knowledgebased design evaluationand decision making. Machine learning, deep learning,
and all the other modern technologies that we got from computing and big data are great at
creating ideas, generating concepts, and generatingn3@ek. (Yiksel et al., 2023)

In recent years, deep learning has surpassed human abilitiesreas such aknguage
recognition, image recognition, and strategic games. In220dreakthroughs in image
classification marked the rise of deep learning, whickrlaxpanded to more complex tasks
like image generation and description. By 2015, new techniques overcame dhengfes of
training deep networks, greatly improving model performanand influencing artistic
creation, as seen in Google DeBpeam and neural style transfeBy the early 2020s,
generative Al tools like ChatGPT, Nbdrney, and DALL-E became popular. They created text,
images, and videos with high realism and ease of use. pbpularity kept growing.

Al is thus significantly reshaping the design industry. "Designers need to educateetiiem

and adapt to these new tools, to handle the major transformations in future product
development" (Holmquist, 2017)In the age of Al, the role of designers is shifting from
developing complete solutions, to identifying innovatm®blems, creating frameworks, and
setting up software, data infrastructure, and iterative mechanisms to enabletireal Al
evolution (Dixon et al., 1984)Al methods can fully or partially support design andsass
designers in completing tasks at various decisiaking stage§~u and Zhou 2020)Vhile A}
generated ideas and concepts may not always be ideal, human intervention can gradually
bring them closer to the desired leve{kiao et al., 2020)

There are obvious limitations to Al in design. Algorittstnaggle to adjust to change and lack
human intuition. They also depend on higarformance computation and vast amounts of
data. The "black box" issue plagues many Al systems, making it difficult to explain their
response, even for the researcher. Al is unable to perform difficult creativatesion its

own, according to research. In terms of originalityemtretation, and abstract thought, it still

lags behind human designe(¥.iksel et al., 2023)



Nevertheless, Al is gradually becoming a core drifonge in the design field. Particularly in

the conceptual design, its powerful data processingl areative capabilities, provide
important support for improve traditional design workflow, and enhancirgativity.
Designers must embrace this new technology and design methods, even it is so new, while
addressing its limitations in interpretability and adabpility, also, the potential ethical
challenges. However, through huma collaborationthe strengths of both can be improved

to enhance the design to a new era.



Chapter 02:Todays Al Application in

Urban and Architectural Design

2.1 How International designfirms use Al
tools

Al has been part of urban and architectural design for yearsoléshas grown, leading to
more diverse uses. Leading design firms show that ptaues efficiency, sparks creativity,
and drives innovation.

Foster + Partners, a major design firm in London with dvé00 employees, uses Al to
enhance creativity and problessolving. Its Applied R+D department developed Hydra, a tool
that generates urban design options and performance analyses in hours. These regults hel
train Al to suggest better designs for new projects. The firm also createdowledge
database with millions of documents. Designers can search texts, drawings, and models using
natural language, making work faster and more efficient.

The company integrated Stable Diffusion into design tools like Rhino. Designeeneaatg
ideas from text prompts while keeping intellectual profyesecure. In material science, Al
predicts how materials react to temperature changes angrione layeredmaterial designs
(Foster + Partners, 2025This shows how large firms use Al to impraféciency and
innovation.



Urban Scale
Simulations

For the biggest project of 2.17M GFA, Hydra has
generated more than 18,000 variants running

over 80.000 simulations over 3 design sprints.

Area #f  Greenviews

7,  Pedestrian

Cladding Systems, Middle East, Schematic Deslgn

Results

Cladding & External Wall Systems
Typical Details

Project: Laheg Island
AQOR: Dewan Architects

(a)
F+P Searcs!g
-
|
]

Cladding & External Wall Systems
Folding Door System Details

Project: Laheq Island
AOR: Dewan Architects

Cladding & External Wall Systems
Timber Panels Details

Project: Laheq Island
AQR: Dewan Architects

(b)

Fig 2 The internally developed tool, Hydra, generatesutbands of urban design solutioasd their
performance(a).Al-powered searclinsideFoster + Partners thancludesdesignanddetails (b).
Sourcehttps://www.aecbytes.com/newsletter/2024/issue_13@mi
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Fig 3 An inrthouseStable Diffumn on depth-guided modelintegrate inRhino.Source:
https://www.fosterandpartners.com/insights/plus-journal/design-texiiogy-andthe-team-between

Smaller and mediursized firms use Al in different ways. The design comp&xIME known
for cultural and residential projects, applies Al in cqtaal design, planning, visualization,

and client communication. For examplbey use Midjourney to create design references, and

train models with Krea.ai to match their studio’s style. For planning, they relyutodésk
Forma for site and layout analysis. In visualizatiomythest various tools to speed up
rendering and animadin. (Khemlani 2024)

Other innovative smalio-medium firmsenhance creativity and efficiency by customizing Al

tools. Heatherwick Studio, for instance, trains Al on 30 years of design arthipesduce
matching results(Khemlani 2024)



Original References generated using MidJourney

3

:
7 —=h
3 i
(5 ]

o g
CE-s L -

Lot T S BER It e g o aing Makana

(@)

(b)

Fig 4. In NAME ArchitecturéAltools like Midjourney generate unique references to explore
materials, lighting, andtmosphere(a). Planfinder.ai and Maket.ai for generating layoutiops for
planningprojects (b. Sourcehttps://www.aecbytes.com/newsletter/2024/issue_130.htmi
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Fig 5. In Heatherwick Studighe desigrfrom the companys 30 yeas archives were used to train the
Al. Sourcehttps://www.aecbytes.com/newsletter/2024/issue_130.html

Some top global tech companies, including Alibaba, etigedy using Al to support smart city
development. For example, Alibab&sty Brainsystem processes large amounts of data on
traffic, energy, and the environment in refine to improve resource management and urban
planning. In addition, organizations like the United Nations Human Settlements Programme
(UN-Habitat) work with tech firmsn China, to develop new smart city models that address
urbanization challenges. These efforts highlight Al's strong potential in shaping the &ftur
smart citieg UN-Habitat 2019)
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2.2 Todays Al appliedn Urban Design Field

Urban design is more complex than architecture and other design fields. It involigglen
factors that keep changin@oodchild 201Q)anddivides urban design into two main types:

General Urban Design (BIg "Design") focuses on the full design process. It starts with
identifying problems and moves toward solutiotisdeals with complex challenges, involves
many stakeholders, and requires continuous adjustments

Narrow Urban Design (Smal "design") solves specific tasks within a structured design
spacelt prioritizes efficiency and precision in generating soluti@@sodchild 2010)

However” both of them have advantages and limitations in supporting complex urban
sustainable design issues with design, science, and computé@oantichild 2010)

These two schools of thought still possess pineviouslystatedfundamental shortcomings.
However, the development of artificial intelligenbas significantly enhanced the capabilities
of planning and desigisupport systems for botfQuan et al. 2019)

With better computing power, more data, and easier access, Al is shaping urban dsign.
does it influence these two areas? How does it help manage resources, coordinate
stakeholders, and create dathiven, sustainable plans? What new applications have
emerged?

2.2.1Al appliedin General Urban Design

Scientific Urban Design framework

Artificial intelligence has made progress in autdimg design tasks. However, a major
challenge remains: how totegrate stakeholder knowledge and needs into a structured
design process. Ensuring the-@aolution of design problems and solutions is difficult due to
the vast amount of design knowledge, the complexity of design thinking, and the challenge of
automating stakeholder involvemer{Batty 2018; Quan et al. 2019)

Al alone cannot solve urban design problems. But smdrtenanAl systems can improve
largescale design efficiency. A structured process can help Al analyze urban asslies
support decisions. Thentelligent design framework"has four stages: problem initialization,
interface development, system optimization, and interactive collabora{i@uan et al. 2019)
This approach combines scientific models withdden methods to explore the best
solutions for sustainable developmef@puan et al. 2019)

A case study of the Gangnam Superblock in Seoul shows how this framework workghThro
two iterations, it optimized design solutions, achieving the lowest energy use intemslty a
the highest floor area ratio. This provided a strong basis for furthesaeQuan et al. 2019)

11



The framework integrates design, science, and Al, usingtated representation, simulation
tools, and genetic algorithms to support intelligent design choices as goalgevolv
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Fig 6. The Smart Design framewo(8). Two sets of plans and axonometric projections it the
optimization process at generations 0, 20, 40, &ddor the first run and the second ruBUl Energy

Use IntensityGen Generation(b). SourceQuan et al. 2019
https://journals.sagepub.com/doi/abs/10.1177/239988198679467?journalCode=epbb

This framework still needs improvement in areas like iglesupdates, multbbjective
optimization, and uncertainty management. Its re@arld application also requires more
testing. However, it offers valuable insights into Al's role in urban and design fieltésad of
waiting for Al to advance, the focus should be on developing smarter hdsharteraction
systemslmproving decisiormaking is a key focus for future urban design research.

As Al advances and design knowledge grows, its raleoan planning will expand. Soon, Al
could provide more innovative solutions, helping buildastar and more sustainable cities.
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Urban Data Integration and Decision Optimization

Al and other datalriven technologies are shaping the next generation of GIS systems by
creating frameworks that link multiple data sourcess spuel U. Rliplays a key role in
urban data creation and visualization, using computer vision and deep learning to build highl
detailed urban modelsand support intelligent design platforms. Al enhances urban planning
by analyzing complex regulations, processing economic data, and genergbogslguickly.

With generative design and mubbjective optimization, it evaluates legal compliance,
financial feasibility, and environmental impadihese tools support planners, designers,
governments, and developers, improving efficiency and decisiaking accuracy.

Al improves urban modeling by enhancing data quality and automating processes. When
importing GIS data, Al uses deep learning to coreeairs and fill gaps, increasing accuracy.

It also combines drone images and LIDAR data toctldteildings, roads, andridges. This
creates precise and detailed 3D models with high efficiency.

Al helps decisiomaking in complex projects by integrating data and optimizing solutions. The
DBF (Digital Blue Foam) platform streamlines thegiegrocess from concept to final delivery.

It applies Aldriven spatial analysis and computational optimiaatto "cut costs by 15% and
reduce design time by 50%0BF, 2024)

14



Urban Diagnostic Engine with Generative AI
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Fig 7. DBF platform integrates geospatial analysis, anehogata to provide personalized urban
insights, supporting decisieamaking and enhancing accessibility (alis&rfriendly interface that
ensures a smooth interaction experience of the DBF platform (b).

Sourcehttps://www.digitalbluefoam.com/whitepapers/dbf-citypulsgenerativeplanningfor-what-
if-urban-diagnostics-and-scenarios

Al provides developers and decisiorakers with advanced tools for urban design. It uses
natural language processing to analyze regulations and generative design to @péatezed
layouts and development plans. Al also balances design, costs, revenues, and legal
requirements. Machine learning predicts financial fedsy.

DeepBlocks applies Al to real estate development and urban planning. It enables tuick si
selection and feasibility assessments. Developers tusefind ideal locations across cities
(Deepblocks 2024These platforms improve collaboration and stakeholder involvement.
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Public Participation in Urban Design

The public are the true users of cities. However, traditional urdbasign processes struggle
to empower the public to directly generate design proposals. This limitation hsntiher
highest level of design empowerment under the "public design” coreepibling citizens to
independently create their own desigrend take control of the future development of cities
that closely affect their live@Quan 2022)

Al improves public participation platforms, creating new s/&ty address this challenge.

UrbanistAl, which is a majgbased civic engagement platform, combines urban data with
image generation. It makes urban design information easier to understand fqleeot
professional, helping the public engage in design decis{girbanistAl 2023) Al also
processes public feedback and creates visual reports ficypnakers. This improves
transparency and public involvement.

W2 Urbanistal Thank you for using UrbanistAl!

Your starting photo

Fig 9. The useifriendly website interface of Urbanist Al @nhances the citizen partifipation
Sourcehttps://site.urbanistai.com/

UrbanGAN is another example. This system integr&€NN, CBR, and GAN technologies to
generate diverse urban design solutions. It lowers tecrbarriers and allows more people
to take part in the design procesBy learning from urban forms in cities like Manhattan,
Portland, and Shanghai, it generates diverse design proposals. Experiments showethat e
non-designers can create visually and functionally structured degiQunan 2022)Urban
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GAN simplifies processes and enables personalized design, deepening and enhanang publ
participation.

Thoughstill in the early stages, these systems highlight Alisifsignt potential in enabling
public participation in design. In the future, as functionalities expand and applicationsitiryer
Al is expected to further empower the public in urban designpqting more inclusive and
innovative design approaches
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2.2.2Todays Al appled in Narrow Urban Design

Rapid Generation of Sustainable Design Solutions

Al has made strong progress in narrow urban design, éshet Generative Urban Design
(GUD) GUD uses artificial intelligence and computational methods to improveegiizin
the earlydesign stages. It plays a key role in enhancing traditional design workfleamg et
al. 2024)

GUD applies to both singkdement designs, like streets and buildings, and relément
designs, like stredbt-building integration. Instead of optimizing for one goal, it balances
multiple objectives to support urban sustainabil{ftyobaccaro and Frontini 2014)

Human designers are not replaced by GUD. Rather, it alters their function. Rapid prototyping
is made possible, which changes the emphasis from "desgtric" to "decisiorcentric.”
Designers focus on establishing guidelines and making wise dec{diang. et al. 2024)

Advancing Al has led to efficient urban design tools used ipregcts. One example is Delve,
a generative design tool from Sidewalk Labs. It apptiashine learning to generate millions
of design options in minutes. This speeds up planning, improves project viabilignlaadces
residents’ quality of liféDelve, 202Q)

In the Wembley Parkproject in London, the developer Quintain utilized the Delve tool to
quickly generate and evaluate over 40,000 design schei@emtain, 2020) The process
resulted in 24 highperformance options, increasing housing density while improving sunlight
access and open spaces.
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Fig 10. Someurban design options of the Alenerated design in the Wembley Park project.

Sourcehttps://www.aecplustech.com/projects/wemblgyark?utm_source=chatgpt.com.
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Foster + Partners’ R+D technology department has develdgdra an urban design
software designed as an internal cloud platform to accelerate computation and penicena
driven design. Since its launch in 2019, Hydra has generated over 240,000aj#8gs and
conducted more than 1.3 million performance simulatipdsiring the conceptual design
phase.By using Al, Hydra quickly generates and analyzes nmesigrdoptions. It evaluates
performance factors like massing views, sunlight potensiatl solar radiation. This improves
design efficiency and helps create better soluti@hesicki, Tsiliakos, and Tsigkari 2020)

Hydra’s success in reabrld projects further proves its potential for generating and
improving design solutions. For example, in t8henzhen Guangming Hub Masterplan
project in China, Hydra created and analyzed over 10,000 design options to find the best
building layouts and performance solutions. This awandning transitoriented
development along China’s higipeed rail network needed to meet sigpecific
requirements, while improving environmental performance, reducing viladkdistances, and
increasing green spaces. By using design rules and project needs, Hydra automated the
process of creating and evaluating thousands of options, helping the design team fird high
performance solutions while greatly reducing manual w@tister + Partners, 2025)

Fig 11 The Guangming Hub Masterplan project used Hyd@tkxd in Shenzhen, China.
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Sourcehttps://www.fosterandpartners.com/insights/plus-journal/design-techrgyeand-theteam-
between

Additionally, China’8Kooluses its proprietary Al design engine and intelligent cloud platform
for projects in cities like Yantai, Changchun, and XBgrapplying parametric models, XKool
explores multiple design possibilities and providdsisons, that exceed traditional standards
(Jiang et al. 2024)

In affordable housingplanning Al also shows great potentigityplain a cloudbased urban
planning tool,improves urban expansion designs with artificiatelligence. The platform
delivers results from comprehensive scenario analysesnutes instead of months, allowing
for detailed comparisons and seamless collaboratiomss teams. This capability supports
efficient planning and developmentor rapidly growing residential areas, helping fast
developing cities meet urgent housing needs.

Enhancing Implementation and Interdisciplinary Cadbloration

Urban design covers many urban issues and integrates large amounts of inforrkitioever,
in practice, it can lack of continuity. Al helps this by generating design quickly andingpro
collaboration across different phases. It connects urban data with other informakieIiv
models, ensuring a much smoother workflow. It also linkesun, architectural, and landscape
design, creating a more cohesive process.

Among Adpowered design platform$§pacemakeby Autodesk is a leading example. It speeds
up urban planning and improves sustainability with advanced Al technology. Itérieselly
interface allows users to generate, optimize, and refine designs, even without experienc
design software.

As a generative design tool, Spacemaker integrates Wiitodesk’s BIM tool, Revit. This
allows conceptual designs to transition smoothly into BIM models, ensuring arewffici
workflow from site planning to detailed design. Reéale data updates reducerers and
eliminate redundant data entry. It also provides insight® sunlight exposure, noise levels,
and wind conditions to support architectural design and construction. This-dtatan
approach improves efficiency and sustainability and has been successfully used inrlgenma
France, Germany, and Norwg$pacemaker 2024)
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Fig 12 Using Al technology to explore urban design optionsiinutes for architects, urban
designers, and developerSource:

https://www.archdaily.com/952850/spacemaker-proposespainveredgenerativedesignto-create
more-sustainable-spaces-aruities

Al improves efficiency and execution in landscape and site design. VectorWathksfoam
for intelligent landscape design, uses Al to integrate BIM models, detailed data, and atlvance
workflows. It supports the entire process from concept to construction

VectorWorks enables the rapid generation and assessment of multiple desigmeas while
seamlessly integrating with traditional tools like Re€AD files, and Rhino, promoting multi
tool collaboration(VectorWorks 2024)These Adriven tools, now widely applied in real
world projects, provide innovative and efficient support to design teams.
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2.2.3Artificial Intelligence and Smart Cities

“As urbanization accelerates, climate change worsens, aridlsmhallenges grow, integrating
Al, 10T, and big data into urban systems becomes essential. (Allam and Dhunn{T2@%5@)

technologies improve resource management, enhance queatliilife, and support sustainable
urban development, making smart cities a necessity.

“With the rise of sensors, mobile internet, and computing systems, cities can now collect and
process data more efficiently. Technology forms the foundation of smart citiesddag
powered by IoT, spans multiple fields, while Al processes and analyzes vast amounts of
information (Allam and Dhunny 2019)Consequently, Al applications in smart cities have
made significant progress.

The global use of Al in smart cities is expanding. 1® 20NHabitat and China launched the
Al4City project, led by UrbanX Lab, to explore Al inspartation, energy management, and
building automation. The project aims to set global standards, endata security, and
promote crosssector collaboration, serving as a model for innovatma sustainabilitluN-
Habitat 2019)

The next sections of this thesis will examine how Al improves urban livability, thteesg
governance, supports sustainability, and helps combat climate change. Also withtémgiglo
challenges and risks.

Enhancing Urban Livability in Smart Cities

Improving urban livability with a humasentered approach is a key goal of smart cities. Al
helps cities create cleaner and more efficient environments. It reduces olluand
congestion. This is important in times of economic utaiaty, climate changeand post
pandemic challenges.

Case Studies: Helsinki's Experimental Communities

Helsinki applies Al to improve urban lifealasatamaand Jatkasaari These districts use Al
to optimize resources, improve transportation, and develewrservices.

Kalasatama, once an industrial port, now tests Al smhstifor better living. Abowered digital
twins optimize energy use, waste management, and transpdhe goal is to create a district
that uses resources so intelligently as to give residents an extra hour dfifieeeach day"
(Mantelliet al. 2024)

This goal is being achieved through automated waste collection apdwdred transport.
Residents take part in pilot projects to ensure solutions meet real needs. This esgdroth
livability and sustainability.
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Jatkésaari applies Al to improve mobility and accdggibit tests autonomous vehicles and
smart public transport. Al analyzes rémhe traffic data and resident feedback to reduce
congestion and improve connectivifjantelli et al. 2024)
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Fig 13. Smart Kalasatama map

Source: https://ffiksukalasatama.fi/en/building-blocks/project-portfolio/

Jatk&saari has invested in pedestrian and cyclingstrfreture. It uses Al and reine data
to improve safety and efficiency.

Al has great potential to enhance urban livability. With better Al technologies, anton®
driving, and more public involvement, cities can learn frprojects like Kalasatama and
Jatkasaari. Global efforts toward sustainable development also benefittiiese insights.

Al is changing how urban livability is assessed and geghaVlany smart city evaluation
frameworks focus on promotion but lack clear strategies for itamgn resilience and livability.
Aldriven methods offer datdased insights that help cities make betftenore sustainable
decisiongKutty et al. 2022)

Al tools process large datasets meakttime. They analyze environmental conditions,
transportation, energy use, and resident feedback. These systems help city mnatheayer
from global best practices, assess urban performance, mpdoive livability

Enhancing Urban Governance

The use of data and technology in urban governance began in th&9ttidcentury. During a
cholera outbreak in London, researchers mapped cases and found a link between
contaminated water and high mortality. This help#lle government to improve water
systems and add pipe insulation, reducing future outbrg@itlam and Dhunny 2019)
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Today, Al, machine learning, and deep reinforcement legrmpltay a key role in urban
management. These technologies improve traffic controybersecurity, energy grids,
unmanned aerial networks, and-dtiven medical system&aprotti and Liu 2022)

Many cities worldwide have been testing these technologies for years, making significa
progress in areas such as traffic management and enmesgeesponse

1. Hangzhou's City Brain:

Many cities have tested Al in traffic management and emergency response.
Hangzhou’s City Brain, launched in 2016, uses cloud computing to optimize traffic flow.
It combines data from traffic signals and camerasrtake realtime adjustments
(Caprotti and iu 2022). The system creates "green light corridogsthanging signals

for emergency vehicles. It also reduces congestion ekt delays. Data shows a 15.3%
increase in travel speed, a 9.2% drop in congestion, and a-thneete reduction in
travel time per passenggiCaprotti and Liu 2022)

2. Mind City in Venice:

Al also helps cities manage unique challenges. Venicets Gty system tracks its
lagoon environmenE and over 20 million tourists each year. A smart contooim
integrates data from transport agencies, the city goweent, and local policel his
system improves city operations and urban managen{eabbricadigitale, 2020)

3. Al-Driven Governance in Shanghai:

Shanghaia megacitywith 25 million residents applies Al to control traffic, improve
public serviceefficiency,and enhance emergency respons&. solutions helpthe
government tomanage the challenges large cities.

Climate Adaptation and Sustainability

Global warming, rising sea levels, and extreme weathents like floods, wildfires, and
heatwaves are increasing. These challenges create mlmeate refugeesand disrupt
agriculture, worsening the global food crisis. Al is beogna key tool in climate adaptation.

It uses higkresolution modeling and data analysis to improve clienatredictions and
decisionmaking(Allam and Dhunny 2019)\I processes large datasets, studies past and real
time climate data, and identifies trends. It also swémens early warning systems and
improves disaster response. These tools help reduce ag@mn protect lives, and lower
economic losses.

Al also supports agriculture in fighting climate changembined \th large databases, it
improves resourceefficiency, increases crop yield and quality, lowers costs, and enhances
ecological conditions. It uses data sensing, intelligent control, and pest andel@easction

to make farming more sustainabl&i et al., n.d.)In the future, Al is expected to further
strengthen agriculture’s ability to handle climate challenges and reduce foodagfest
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Al also helps reduce climate impact at its source. $maste management, carbon removal
technologies, and renewable energy systems lower carbors®aris. By improving urban
livability, optimizing resources, and strengthening govereaad plays a majoole in tackling
climate issues. These innovations are essential foragjlelstainability and addressing one of
humanity’s greatest challenges
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2.3 Todays Al applied on Architectural Design
Field

Al has been used in architectural design for many years. It integrates different teglesolo
improve and optimize design processes. Genetic algostland evolutionary computation
refine design solutions. Neural networks learn spaietterns. Fractalechniques and cellular
automata generate complex geometries. Swarm intefiige supports dynamic design and
collaborative optimization(Pena et al., 2021)

This thesis will examine Al in architectural desigmmfrthree perspectives: generative Al,
parametric design, and Al in sustainable architecture

2.3.1 Generative Abn Architectural Design

Generation Alintroduction

Generative Atrtificial Intelligence (GenAl§ a type of Al that generates new text, image, and
video material by identifying patterns in trainingtd. These models react to natural language,
communication is creative and intuitivéWikipedia, 2024a)

The rapid growth of GenAl comes from advances in deep neural networks, especially
Transformerbased models like large language models (LLMs). Popybéicamons include
ChatGPT for text, Stable Diffusion, Miourney, DALL-E for images, and Sora for videos. Major
companies like OpenAl, Google, and Microsoft lead in development, with contributions from
smaller firmgWikipedia, 2024a)

With new deep learning methods, GenAl is developing quidklansformers for improved
sequence processing, Generative Adversarial Networkl¢i5#r realistic images, diffusion
models for highquality visuals, and Variational Autoencoders (VAES) famileg data
structures are important technologies. Nowadays, a lot of architects use diffusidelm(Li
et al. 2024)

Many imagegeneration models use diffusidmased methods to create higiuality visuals
from text. Thesenodels train on vast datasets, often with billions of wsurced images,
improving accuracy and diversity in outputs.
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Fig 14. Types of generative artificial intelligence models
Sourceli et al. 2024https://www.sciencedirect.com/science/article/pii/S20952@350147X

Generating higkguality images from text has long been a challenge in compuison.
Diffusion models (DMs)have greatly improved this process. Image generation usuall
happens in two steps. First, the model creates atesolution image. Then, it adds details to
produce a highresolution, realistic result.

With better technology, DM models can now generate and edit images based on text. This
makes them more useful for designers. Although their applications and processemegoy
tools like Stable Diffusion, Midburney, and DALL-E all follow the same diffusion principles.

Although a completely integrated workflow has not yet been created, generatives Al i
currently utilized in some phases of architectural design. -Tekinage tools aid in the
exploration of styles and the development of fresh visual concepts in concejasigin. Al is
currently insufficiently accurate for 3D modeling of intricate architectural det®
Nonetheless, programs such as Magic3D are capable of graglsimple architectural shapes
and evaluating environmental performan¢@ena et al., 2021)

Alpowered programs, such as ArchiGANd Finch, can rapidly provide useful floorplan
designs for residential house and apartments. They use sketches or text inputate tre
layouts. Imagdrased models, such as Pix2Pix, assiste in the creation andviempent of
facade aesthetics in fada design. Additionally, Al enhances structural layout optimization,
which increases construction efficiency and saf@@ena et al., 2021)

Generative Al in conceptual design is still developing, butttekhage tools have made
significant progress. These tools also extend to-tex8D model generation, video synthesis,
and floor plan creation. Al supports facade design, structural layout, and other deslgn ta
However, integrating these tools into a seamlesgkilow is still a challenge. Case studies
provide insights into their use and impact on architectural design.
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SourceKimet al. 203.
https://www.researchgate.net/publication/373995010 Text2Fornffiion Framework for_learni
ng_curated_architectural_vocabulary

Image Generation Al case stig$

Al image generation is changing workflows in creaiti¢Ristries. Researchers hasadied

how Mid-Journey, a welknown textto-image tool, helps architects in design. It supports
divergent thinking, which generates broad creative ideas, and convergent thinking, which
refines specific concep{3an and Luhrs 2024)

In a case study, designers used Malirney to create user personas. They entered descriptive
keywords to generate images. Then, they refined these images through iteratiomtoplieng
detailed virtual profilegTan and Luhrs 2024)he Algenerated images inspired the design of
buildings with diverse functions. Unique spatial structures resulted from this. The close
connection between the photos and the finished designs demonstrates Al's potential as a
creative tool, even though ardects provided the majority of the originality.

This process not only sped up the definition of user needs and reduced the cognitive load on
designers but also introduced new inspiration by quickly generating unexpected visual.effects
It demonstrates how Al can serve as a valuable tool for enhancing both creativity and
efficiency in architectural design.
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Fig 17. Interacting with Midjourney to developne space(a) and develop five spasdb).

SourceTan and Luhrs 2024
https://www.tandfonline.com/doi/full/10.1080/1460625.2024.2353479#d1e430

However, in specific design projects, when used with careful and professionalghugrsi
imagegeneration Al tools have demonstrated the ability to directly produce final design
proposals for client presentations.

In the"Rainy Street"project, Shanghai Duyan Architectural Design Studio leveraged Al tools
such as Midlourney, Stable Diffusion, and Runway to complete the entire workfioam

initial sketches to the final proposal. Designers started with simple {oaaan sketches and
used keyword descriptions to integrate Al into the design process. This coversthiges like
concept development, sketch refinement, material selection, and animation gé&éoar

Al improved efficiency by generating over 20 prefiany concepts in a short time. Through
iterative adjustments of keywords and parameters, it produced architectural desighsawi
strong commercial feel and innovative forni®@ingnian Jianzhu 20228y combining the
professional judgment of architects with-génerated visuals, the project achieved a balance
between cost efficiency and aesthetic appeal.
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(f)

Fig 18. The process of using image generation tools togteslie project from: sketctn), different
art or design stggb), design develoment (c), imageexpansion(d), to the final design render (f)

Sourcehttps://mp.weixin.qq.com/s/_cgW1HrzuJuLGhI2WZbKKQ
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Despite their benefits, current imaggeneration Al tools have several limitations. One major
issue is that they mainly produce twbmensional images. Designers must manually convert
these into threedimensional architecturahodels as existing 3D modAltools lack precision
and usability.

These tools also rely heavily on precise keyword inputs. This requirgseesio have strong
language skills and clear descriptions. Frequent software updates can causesterumiss,
especially in realvorld projects. Another concern is copyright ownership, which remains a key
issue when using Ajenerated content.

These challenges show the importance of designers applying their expertistne Al tools.
As technology improves, imaggneration tools are expected to offer even greater potential
in creative design.
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2.3.2 Alon ParametricArchitectural Design

Parametric desigrintroduction

Althoughparametricismhas its roots in the digital animation techniques of the +h890s, its
core lies in making architectural elements adjustallwerse, and adaptable to each other.
"These elements can flexibly respond to external environmental conditionséeraal usge
states. Compared to the more rigid and singular idesiadigms of previous architectural
styles, this is the most critical distinction,” expkihPatrik Schumacher from Zaha Hadid
Architects (YouFang 2019)in other words, a design approach that enables architectural
transformations through datariven changes can be referred to as parametric design.

The development of computernided design tools and technologies has facilitated the
advancement of parametric design. In addition to responding to input conditions in real time
another advantage of parametric design is the abilitycteate reaitime, adjustable digital
models. However, architects using these tools are istithe minority, as most architectural
design is still carried out using traditional methods.

Parametric design was initially applied to explore vasifarms and iterations, particularly in
architecture characterized by fluid, curvilinear shapes.Hégdar Aliyev Centef2007~2012)
exemplifies the implementation of parametric design principles in both design and
construction. Zaha Hadid’s team used Rhino and Grasshop@stablish a parametric rule
based system, enabling them to explore multiple forms and curves, ultimatelgvaafpithe
center's smooth and dynamic architectural language. Bwlyamg light and shadow
interactions, they ensured that the building maintained @k#tg visual impact from all angles
while optimizing spatial functionality. This design approach has been widely adopted in the
firm's other projectsand continues to play a crucial role in the refinement of architectural
designsA similar parametric strategy is seen in tAaangzhou Opera House China, which
features interlocking panels that respond to environmental charjbiegiazy and Saleh 2023)
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j e (b)
Fig 19. TheHeydarAliyev @ntre (a)and Guangzhou Opela).

Sourcehttps://www.zaha-hadid.com/architecture/heydar-aliyeentre/ (a)
https://www.zaha-hadid.com/architecture/guangzhcperahouse/(b)

Al's capabilities in analysis, prediction, and generatian elavate parametric design to an
entirely new level. Al has the potential to help desigs use parametric design more freely
while expanding its possibilities. Traditional parameims have a steep learning curve, and
their related knowledge is not typically included in conventional architectural dutua
making their application somewhat challenging. Al can asdesigners in mastering
parametric design tools more quickly.

Additionally, Al's datgprocessing capabilities extend the creative potentialtraiditional
parametric designers, broadening design possibilitiesianptoving efficiency. By automating
repetitive tasks, Al allows designers to focus more on creativityiraralation, freeing them
from time-consuming iterative processes

The integration of ChatGPT with commonly used parametric design tools, sudsakdpper
and Dynamo, is a strong example of how Al enhances pdranmgesign. ChatGPT allows
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designers to generate Python scripts using natural language, which can be directly
implemented in Grasshopper or Dynamo. This enables dynamic adjustments and
optimizations of curves and forms, as well as the creation of BIM components, reducing
modeling tme and increasing design flexibility.

Traditionally, designers using parametric design methods often have to switch between the
roles of "programmer” and "designer.” However, with Asiggnce, mastering this design
approach becomes more accessible. Al simplifies pat@madjustments by allwing
designers to define complex parametric requirements usiaigiral language, eliminating the
need for deep programming knowledge. As technology advances, adopting these meilods
become even easier, further lowering the barrier for arebis to integrate parametric design

into their workflow.

Case Stues

Many scholars have conducted research on the application of Al in parametrigndesi
includingintegrating form and performance more effectively. A computational approach that
incorporates designer preferences into an interactigeolutionary algorithm has been
proposed(Mueller and Ochsendorf 2015). This method adjusts mutation rates, generation
numbers, and parent selection to guide spatial exploration in design. Their study, which
includes numerical parameter analysis and case studlemonstrates that this approach
allows for flexible exploratio patterns, balancing performance optimization, design diversity,
and qualitative objectives.

In the area of Abriven morphogenesis in desighin evolutionary feedback design framework
that integrates parametric design, automation, and muobijective optimization has been
proposed(Lin and Gerber 2014a; 2014Hj provides fast energy performance feedback,
helping architects make early design decisions. They used genetic algotihamimize
different tasks and balance conflicting goals. Their study shows that this system allows
architects to make better and faster design choices.

Similarly, A method for optimizing highise apartment layouts based on daylight
requirements was developed using NURBS {Noiform Rational Eplines) and genetic
algorithms The layout is first created using NURBS, and then simulation tools analyze daylight
conditions. The design evolves step by step until it ensures at least two hours of sumight
the winter solsticgYi and Kim 2015)
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Fig 20a. Eight successive generations in an optimizatiased exploration, where user selection is
primarily guided by quantitative performanc8oure: Mueller and Ochsendorf 2015
https://www.sciencedirect.com/science/article/abs/pii/S0926536000308?casa_token=LsbHEWqr
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Fig 20b. Captured image indicates the unsatisfied areawilight accessSoure: Yi and Kim 2015
https://www.sciencedirect.com/science/article/abs/pii/S00380d20053987?casa_token=0F7KVgng
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Fig 20.c. Diversity inparticipants’ parameterizatiorSourcelLin and Gerber 2014a; 2014b
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In the practical application of Al in parametric architeal design, Zaha Hadid Architects
remains at the forefront. The Chengdu Science and Technology Island projego@ a
example. The urban design adopts the concept of water lilies, with forms resgnhibdioming
lotus flowers. However, unlike traditional architectural methods, these shapese wer
generated through topologpased computational optimization.

Efficient algorithms greatly optimized the forms of these complex structuressikzks and
dimensions of the buildings were determined through iterative calculations usingtige
algorithms, based on parameters such as sunlight, sightlio@snectivity,and landscape
integration. The first building of the development’s initial phase has already bewpleted
recently.
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(b)
Fig 21. a,b The lotusshaped formsre iteratively calculated through genetic algorithms, considering
connectivity, sunlight, and sightlin¢g) and certairtypologies (b).

Sourcehttps://www.zaha-hadid.com/architecture/unicorn-island-masterplan/

(d)
Fig 21. c,d Chengdu Science and Technology Islamén (c) andarchitecture desigr{d).

Sourcehttps://www.zaha-hadid.com/architecture/unicorn-island-masterplan/

42



2.3.3 Al on Sustainablarchitecturaldesign

Sustainable Architectural Design Al

No matter what design method is used, a large number of buildings are constructed every
year, andsustainability is a key factor for each one. Unfortunately, traditional precedent
based design processes do not always prioritize sumbdity —whether financially,
environmentally, or culturally.

There have been many attempts to create comprehensive design environments, bassucc
has been limited. These efforts include organizational theory, social netvgpidkésign theory,
methodology, building information modeling (BIM), processdeling, modébased analysis,
multidisciplinary design optimization, decision sciencaymhncomputer interaction,
economics, and artificial intelligen¢elaymaker 2011)

From concept design to completion, architectural projeniglve many stakeholders, take a
long time, and have numerous variables. Achieving sudt&ndesign requires a more
scientific approach. The adoption of Building Information Modeling (BIM) has &enajor
advancement, especially for large and complex projects

Good data management, a scientific design approach, and effective communigeitasses
can greatly enhance a project's sustainabhility

In the concept design phase, Al's data processing capabilities offer a natural advantage i
improving building sustainability compared to traditaimmanual methods. However, since
many factors influence the design process, it should still be led by architects.

Case studes

An Al application in the concept design phase of a tourism project has been shown to improve
energy efficiency and indoor thermal comfqi$i et al. 2019)The researchers also used
artificial neural networks to optimize building forms and reduce computation time. They
evaluated four multiobjective optimization algorithmsNSGAI, MOPSO, MOSA, and-ES

and found that NSGA performed the best overall. The optimized design significantly
improved building performanceshowing the effectiveness of this method in complex
architectural desigmssues

Additionally, in the concept design of super higge buildings, Al has great potential to
enhance sustainability. Computational architectural phenotypes have been edptm@ugh
evolutionary and swarm optimization to enhance sustainability, cost efficiency, funiitigna
and structural performancé€Ekici et al. 2019)rheir framework consists of three stages: form
generation, performance evaluation, and optimization, aiming to identify the most
performanceefficient geometric formin the early design phase.
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Fig 22.a. Shape of thecaves of different design solutiorSourceSi et al. 2019
https://www.sciencedirect.com/science/article/abs/pii/S1474@38306128?casa_token=BPpEq7Uk
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Fig 22b. Performative computational architectufeamework SourceEkici et al. 2019
https://www.sciencedirect.com/science/article/abs/pii/S0360838306413?casa_token=T4DssHEg
DvoAAAAA:yiUkec89Iny4YuwL3gnYeumgmWSFFHWIBlo3TwiINBYMZ 7rXvAdd8abojfgK BMslw
JOu_k

Al has also been applied in sustainable architecture and concept desagtice helping
architects optimize energy efficiency, building forms, a®sign decisions. For example, in
the Virginia Tech Innovation Campus proje@l generated and optimized over 1,400 building

44



massing options, meeting spatial requirements while maxngisolar energy potential and
reducing enclosure costs.

Additionally, the architectural design teansmithGroup in collaboration with Oak Ridge
National Laboratory, used machine learning to train enermdels. By analyzing 4.7 million
design iterations, they predicted building energy consumption and providedinealdesign
feedbackto enhance sustainability.

Al also supports pattern recognition, analyzing largeadets to optimize room layouts and
building configurations. This enables architects to expliagign possibilities more efficiently,
promoting smarteyand useffriendly built environments.

Kwh/m2
1640.00<
1506.50
1373.00
1239.50
1106.00

839.00

ANNUAL SOLAR RADIATION

Total Surface Area: 158,648 SF

PV Surface Area: 40,818 SF (03 %)

Total Radiation @PV: 4,483,125 kWh (+017%)
Radiation / SF @PV: 110 kWh/SF (-03 %)

Total Floor Areas: 322,435 SF ( a)

(b)

Fig 23 Syuare footage and potential PV output were simukausly plotted and optimized with
each newmassingteration (a) andfinal design renderinwith PV orthe roof andfacade(b).

Sourcehttps:/www.smithgroup.com/perspectives/2024/beyond-imagery-tapplicationef-ai-to-
architectural-design
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2.4 Conclusiorand Challenges

The integration of Al into architectural and urban design has brought a significant shift in
how designers approach their work. As discussed in Sections 2.1 to 2.3, Al tefzdnaen

to be powerful in enhancing creativity and efficiency, allowing for the rapid exploration of
innovative solutionsthat surpass the limitations of traditional design methods. By
leveraging advanced algorithms, designers can generateeaaluate multiple options in a
fraction of the time, unlocking new possibilities in conceptualization and ideation.

Additionally, Al's ability to process vast amounts of qatavides designers with valuable
insights into environmental factors, urban dynamics, and user behaviorsdathigriven
approachensures that design outcomes are not only innovatiug also responsive to
context and sustainability requirements. Furthermore, Al fosters interdisciplinary
collaboration between architecture, engineering, and data science, enabling imegrated
and holistic problensolving.

In conclusion, Al has becoméransformative forcein architectural and urban design,
reshaping workflowsand expanding creative possibilities. Its thoughtful application allows
designers to tackle complex challenges with greater prexj efficiency, and adaptability,
paving the way for a more innovative and responsive future in design.

Meanwhile also fagcertain challengs:
Cultural Understanding: Risk of Homogenized Design

A major concern is whether the widespread use of Al in design will lead to lemized styles,
erasing local cultural identities. Contemporary desigols already show signs of converging
methodologies, and if Al establishes a uniform approadigmee on similar data may further
intensify this trend. This raises critical questions about how Al can integrate culteedit

to prevent the loss of contexin architectural design.

Overreliance on Al: Maintaining Human Judgment addral Values

The higlefficiency of Al in design may lead to overreliamsking the neglect of critical design
aspects. Maintaining human judgment and ethical values is essential in demialong.
Designers must critically evaluategdnerated outcomes to ensure that etisi, emotions, and
cultural nuances are not overshadowed by algorithms.

Data Dependence and Design Convergence

The quality of Agenerated design depends on the training data, but this reliance introduces
risks such as security threats, privacy concerns, and biesembmes. Furthermore, using
similar data sources across regions may reduce dtyersinforcing daninant trends instead

of encouraging innovatiqror locally relevant solutions. As a result;ddiven designs may falil

to reflect the unique characteristics of individual communities.
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Job Displacement in the Design Industry

As in many fields, the growing use of Al in design raises concerns about jobedisgiac
While Al enhances efficiency and creates new opportunities, it may reduce demarude®r r
involving repetitive or technical tasks. Adapting the workforce, redddimiasign roles, and
emphasizing human creativity, critical thinking, and cultwensitivity—qualities Al cannot
replicate—will be essential.

Data Security and Privacy Concerns

Al systems rely on large datasets for training, rgisioncerns about data security and privacy.
Designers and organizations must ensure ethical and legapleance in data collection and
usage. Balancing higjuality, diverse datasets with privacy prot®on remains a key
challenge in Adlriven design.
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Chapter 03:Conceptual Design Process

and Competition Introduction

3.1 Conceptual Design phase and traditional
process

The paradigm of design activities is undergalagptransformation. In response to this trend,

it is imperative to adopt a more pragmatic and proactamproach, leveraging collaboration,

Al support, and information technology to comprehensively drive innovation and enhance
efficiency in design practic€g/ang et al., 2002)

3.1.1Conceptual Desigphase

Conceptual design is a critical phase in architectural and urban design projects\gstiepi
project's core ideas, forms, and spatial arrangementhjlevalso significantly impacting
project costs. Early completion of the design is advantageous, as the costgr dbanges
increases substantially in later stages. However, ixjstomputeraided design tools, such as
Building Information Modeling (BIM), are better suitext fater project phases and are less
effective,in supporting designers during tlearly stagegAs, Pal, and Basu 2018)

At the same time, the conceptual design phase is inherently complex, integratimmgivar
factors and serving as a creative process that combines rationality andantuitirelies on
the designer's project experience, cognitive abilitieef@ssional kowledge, and inspiration,
along with humarcomputer interaction skills and communicatiomnd coordination
capabilities across multiple dimensions.
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Cost of Design Change
AN

PD: Pre-design/ Conceptual desgin
SD: Schematic design

| DD:Design Development

CD: Construction Documentation
PR: Procurement

CA: Construction Administration

| OP:Operation

> Time
PD SD DD CD PR CA OoP

Fig 24. Thecurve shows the various building phases in chrogialal order on thex-axis,andthe
costof design changen they-axis

Soure: Adapted fromAs, Pal, and Basu 2018
https://journals.sagepub.com/doi/10.1177/147807713@0982

In the conceptual design phase of urban and architectural projects, much of the professional
knowledge involved is difficult to systematize and shamesulting in a high barrier to
accessibility. Currently, this phase largely depends on cuhVdesignes’ experience. As with
many other industries, not only are resources and tools geographically distributed) bue s
knowledge and expertis@Vang et al., 2002)For instance, different types of architectural
projects often require the participation of "experts" with relevant experience, and pagtgir
portfolios are frequently used as evaluation criteria @sidjn competitions. Additionally, local
design knowledge and experience can be challenging to acquire, leaving extesighers
facing steep learning curvesone reason why consortium models are commonly adopted in
bidding for projects.

The challenge of transferring cuttiregige academic research into industry practice is equally
significant. Designers often face high time and effort costs to access the latesralese
findings and specialized knowledge, which are frequently complex, unclear in their pathways
for sharing, or even closed off entirely. As a resultjgiesrs often have to rely on established
personal experience for new projects, unable to "stand on the shoulders of giantshairre
up-to-date. Existing desktop design toalse mostly limited to assisting with drafting and fail

to deeply integrate cuttingedge industry knowledge into design practice.
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This issue also persists in the field of education. Even in the most "formal” desigatieduc
settings, due to limited teaching resources, students often struggievolvein extended

and indepth interactions with design mentors during conceptual design. The systematic
learning of many professional design concepts often requires support from supplarme
courses. While these courses may appear comprehensive, the knowledge theyismpeely
deeply integrated with the individualized design tasks students are working on. This
disconnecion forces students to spend additional time and effort acquiring specialized
knowledge through other means, though some of this knowledge remains difficult to access.
This learning approach may leave students feeling a lack of effective prof@ssigpport or

a loss of enthusiasm for learning. Consequently, many students graduate and enter the
industry with insufficient foundational knowledge and skills.

3.1.2Traditional ConceptuaDesign lPocess

The conceptual design process is not a single step. Even when inspiration contesgfthis

final proposal needs many rounds of changes. In urban and architectural design, the process
usually includes: analyzing the design brief, researching the sdaestorming, comparing

and evaluating options, visualizing designs, and submitting the proposal.

This process depends heavily on inspiration. Inspiration can come from mangsauch as
reading, traveling, personal experiences, online resourtadising to clients, consultants, and
citizens, and sharing ideas within the design team. This phase is full of creativity and
excitement, but it also requires a lot of time and effort, even in design firms with- well
organized workflows.

Although this process is widely used by many design firmsastsome problemasually
overlooked For examplemany repetitive tasks in the design process can limit creativity
However, every design mission has a deadlidesign is one phase of larger projects, with
strict deadlines, especially in the conceptual phase. To finish designs on time, desijee
use familiar methods. This leads to less exploration of new ideas during theptaal phase.

In addition presentingto team membeis or clientshe design idea takesa lot of time and

effort. Design ideas need to be turned into visuals through traditional methods, such as
sketching, creating 3D models, making renderings, and even developing presentations like
animations.

Because the process is divided into more detailed tasks, there is more comtmiteeded.
This also takes extra effort from designers. For g¥agrendering is often done by external
teams. More importantly, frequent communication with different stakéters and making
revisionstake times and efforts for designers.
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3.2 Competition Introduction
3.2.1 Briefintroduction

To thoroughly explore how contemporary Al tools are applied in urban and architectura
design, how they influence key design stages, and whether they potentially create a new
design workflow distinct from traditional processes, this thesis adopts a-wedl
competition as a case study. This section introduces the selected competitida,@Vtapters

4 and 5 delve into the specifics of conducting research and desthrthe assistance of Al
tools. Additionally, this study aims to evaluate the process to better understand the
advantages and limitations of existing Al tools compared to traditional methods, and ho
designers can effectively utilize them.

The chosen competition meets the following criteriaaiins to address contemporary social,
economic, or cultural issues present in the urban andigecturalfields and seeks to provide
solutions through a comprehensive research and design process. After extesssaeahand
comparison of available competitions onlinéThe 8th MICROHOMEKingspan Edition
2024/25" was selected as the focus of this study.

Since itsstartingin 2018andnow in its eighth edition, this competition is organized by the
experienced competition hosBuildner”, in collaboration with Kingspan and supported by
the renowned urban and architectural design platfoffArchDaily. It invites designers
worldwide to rethink smalkcale living solutions by conceptualizing angsifi, modular
microhome for a hypothetical young professional couplehwitmaximum floor area of 25 m2.
The competition emphasizes creating innovative,t@nsible, and aesthetically distinctive
designs while addressing pressing economic, social, amdoamental challengesffering
new inspiraion for global smaiscale housing solutions.
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Fig 25. The8th MICROHOME Kingspan Edition 2024@Bpetitioncover. Source:
https://architecturecompetitions.com/kingspanmicrohnome2025/

3.2.2 Unique Advantage

The competition presents several unique advantages:

1. Open Site Selection:

Designers have the freedom to envision the microhome in any geographiatibloc
whether urban or rural. This flexibility provides ampd@portunities for Al to

contribute to the design process, such as through online searches, brainstormihg, an

accessing the latest literature and research.
. Global Perspective:

Solutions are expected to address universal challenge$ vdoinsidering cultural,
economic, and environmental differences. However, theree ano specific
requirements to focus on a particular aspect of these challenges. This ptaate
nature allows bothdesigners and Al greater creative freedom. Unlike desgmwho

are often constrained by their expertise and experience, édjsabilities can offer
broader and more global perspectives.

Demand for Expertise and Challenges:

The competition requires designs to achieve comfort anabiiity within extremely
small spaces while encouraging the innovative use of cuddge technologies and
materials and maintaining high sustainability standafidsese requirements are highly
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specialized, making the competition an ideal platformexplore Al's capacity to
provide professional knowledge and solutions.

4. Integration of Urban and Architectural Themes:

Last but equally important, this competition addresses both urban and architectural
design issues, which is a key reason it was selected as the focus of this thesis.

3.2.3 How to apply Al incompetition

The fast growth of Al technology shows its great potential in design processes. Fple@xa

Al tools can combine knowledge resources, making it easier for students andgooials to
access design expertise. Al can also improve traditiatesign workbws, enhance
"computer-aided design" capabilities, and reduce wasted time and effort. In the conceptual
design phase, Al can quickly test design ideas, break fixed thinking patterns, and provide
objective support for more controlled and evaluable desigxdditionally, Al can generate a

lot of inspiration, freeing designers from repetitive tasks so they can focuseaiivaty. This

can improve efficiency and innovation in the industry.

Other Stakeholders

Clients, Citizens, Consultants...

Designers + Al

Design Brief Contextual Brain Design Options Design Design
Analysis Analysis Storming evaluation Developmen Submission

I
How is Al-aided Process
In Urban and Architecture Conceptual Design?

Fig 26. How Al is applied to the traditional conceptual design procgsarce: Done by author.

SpecificallyAl canhelp handle repetitive tasks and help designers access information more
efficiently. For example, in competitions, there is often a lot of literature to rekseful design
information is usually hidden in large amounts of text, which takes a lot of tnmdeeffort to

find. Also, the research process in design often takes a lot of time. Less expériesigners
may get lost in too much information and miss the key points. Al's strong searchtanddil
abilities can help improve this.

Besides text, Al can also create different types fdrmation to help designers share ideas.
For example, there are now many advanced imggereration tools, such as DAE| Mid
Journey, and Stable Diffusion. These tools can reduce the effort designers spend azirvgsual
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ideas in traditional workflows. They can even be used as the final way to presenptasice
designs. Al can also help visualize the development and iteration of design ideas.

In addition, Al can help provide inspiration and support brainstorming in design. Current Al
tools can gather and organize information to answer humgaastions in a systematic way. By
inputting design conditions, Al can share its own ideas as a reference for designeksgspar
more creativity. This process can be shown through text, images, or even videos.

In the following two chapters, this competition will be used as a case study to explore how Al
is applied in urban and architectural design. It will address the questions raised at the
beginning of this section.
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Chapter 04 :chatGPT pplied on Urban

Design and Research from Competition
Understanding to Desig&rategy

Before Al, design teams handled every stage of a prdjgadhemselves. They researched
competitions, selected topics, brainstormed ideas, depetbconcepts, and refined designs.
These tasks required significant tinand relied on designers’ knowledge and experience.

This thesis explores how Al supports these design stages. It focuses on two mas) pHzese
research and design, followed by architectural design within a selected cdiapefihe Al
tools used in this study include ChatGPT and its integrated DALL-E.

ChatGPT is widely recognized for its capabilities. Many see it as a new gawdmwawledge,
with the potential to replace traditional search engmespecially among younger us@fsm

et al., 2024)However, it also faces criticism. In education, concabwut ethical issues, data
security, and misinformation remain. Research shows teterative Al is becoming a key
part of various fields, including design. As Al groesognizing Ajienerated misformation

is an essential skill for student®ay, 2023)

This chapter aims to explore ChatGPT's role in design practice. It evatsatepdct on the
design process and examines how to maximize its potetftiaugh practical use and critical
assessment.
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4.1 ChatGPT and Workflowntroduction

4.1.1What isChatGPT

ChatGPT is an Al chatbot based on a large language model (LLM) developed by OpgnA
section uses ChatGPT 4.0. It processes large datasets and applies deep leamdsysdtand
complex queries, interpret context, and generate relevamsponses. Its ability to grasp
language semantics allows it to provide accurate anglmg&il information, making ia useful
tool for users in various fieldgdaman, Skolnik, 2023Bince its launch in November 2022,
ChatGPT has been applied in creative writing, coding, translation, syllabus desigeegngi
education, and information retrievgdKim et al., 2024)

In specialized fields like medicine and law, ChatGP Thioasgporofessionalevel performance.
Studies found it scored near tl6®% passing thresholdn the United States Medical Licensing
Exam, achieving this without specific human trair(ikgng et al., 2023)

In urban and social fields, researchers have utilized ChatiGgdnerate code for thematic
map creation, designing new workflowthat significantly improve mapping efficien¢jao,
Xu, 2023) Other studies examined ChatGPT's performance in addgessvironmental
justice issues, highlighting its strengths in general analysis but weaknesses idingrovi
localized informationdue to geographic biases, emphasizing the need for fairness irjiiata
et al., 2024)

In urban planning and design, prained language models (PLMs) like ChatGPT enhance
research efficiency. They support policy analysis, spdeatification, and public engagement.
However, challenges remain, including data limitationsia bias, and privacy concerns.
Developing models with greater transparency and ethsedéguardss necessar{Sanchez et

al., 2024) Research analyzing keywords from 744 academic papers showed that ChatGPT
improved data processing efficiency and thematic aacy. It reduced manual bias,
demonstrating its potential in urban scien¢®anchez et al., 2024juture advancements in
these models could provide even more precise and efficient tools for urban résaact
design.

4.1.2Why ChatGPT

Despite its many advantages, GPT has notable limitatitinis a relatively new model with
evolving capabilities. Large language models (LLMsgrgte highquality text based on
prompts, but they are prone to "hallucinations” that can produce misleaifggmation (Wu
et al., 2023)Bias in training data and the learning process als@sai®ncerngotton et al.,
2023) Other challenges include geographic bias, the risk offesmg inequality, and
difficulty handling complex task®Vhy, then, was it chosen as the subject of this study?

This study examines GPT's role in competition topic delecsite analysis, and design
strategy development. These tasks are ogmled, making them suitable for languabased
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Al like ChatGPT. While inaccuracies and biases exist, designers caterthiggn with their

expertise and further research. At the same time, ChatGEfilgy to process literature,
search urban data, and integrate analysis provides strong support sigroers exploring Al
in urban research and design.

Although GPT is a langualgased Al, its vast data sources allow it to suggest design concepts
and strategies. These suggestions may seem accurate but require evaluationgnedesr
students. Still, its opeended outputs inspire diverse design apprbes. HumarAl
interaction further enhances the creative process. With DALL-E’s image tieneGhatGPT

can visually present synthesized design strategies, makidgweh design more exploratory
and inspirational.

ChatGPT has also evolved quickly since its launchsltdached a certain level of maturity
and incorporates extensive data sources. Compared t@rogenerative Al tools, it offers
strong usability and reliability. With continued advancements in teabggldata filtering, and
integration, it is expected to play a bigger role inigasResearch on Al collaboration in urban
design remains limited, making ChatGPT a relevant subject for this study.

4.1.3 HowChatGPTAssistDesign Workflow

ChatGPT is built on pteained language models and improves through techniques like
contextual learning, selkarning, chairof-thought prompting, instruction finduning, and
reinforcement learning from human feedba¢Wu et al., 2023)Its training data includes
publicly available sources such as news articles, blogspéftli, forums, books, academic
papers, code repositories, and technical documentation. User interactisnscahtribute to
model updates.

The version tested here, ChatGPT 4.0, was trained on data up to September 2023elowev
it can retrieve reatime information through web search, allowing it to provide updated
content.

ChatGPT has limitations, including the "hallucinatiorbfgm,"” where responses may contain
factual errors due to noise in the training data. The "black box" nature of deep learnke&sma

it difficult to explain why these errors occur. Although content filtering reduces bias and
inappropriate material, it cannot fully eliminate thessues.

When using ChatGPT as a research or design tool, it is essential to reviefimads outputs.
Researchers andesigners must critically evaluate-génerated content for accuracy and
reliability. Crosseferencing information with authoritative sources, industry standards, and
realworld case studies ensures meaningful insights. Persxpartise, logical reasamg, and
consulting professionals help address gaps in Al's contextual understanding.

Beyond textbased interactions, exploring other Al tools enhances research and design
processes. Document analysis tools extract key inftionaimage generation tools create
rapid visualizations, and image analysis tools help pmegrspatial relationsips. Web retrieval
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provides access to the latest developments. Combining these tools increffgasney,
expands creativity, and maximizes Al’s potential in design.

Dataset that includes a
wide range of publicly
available texts, such as

books, articles, websites,
and academic papers

Context
User
Provide

Real-Time
Browsing
on internet

General
Knowledge
(Pre
2023.09)

Fig 27. ChatGPT as assistant workfld®ource: Done by author.
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Researchers and designers evaluating ChatGPT’s rolkesigndshould maintain a fair and
objective perspective. It is important to assess both its benefits and limitatitisin€ludes

measuring efficiency, content accuracy, and creative @sgis while also recognizing
potential issues.

A thorough understanding of ChatGPT’s strengths and weaknesses allows for a morfcscienti
and balanced integration into the design process. This prevents biased evaluationsttidgat co

affect fairness and accuracy or create overrelianceé\a
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4.2 ChatGPT on Competition Understanding

4.2.1ChatGPT on Documentation Understanding

Nearly every competition includes extensigecumentation, making text interpretation a
time-consuming task for urban design researchers. The design process alsesrvahdling
large amounts of textual data. Traditional methodsyreh manual text analysis to interpret,
summarize, and annotate kepoints. Even if one team member thoroughly understands the
brief and shares it with others, this can lead to biagestial understanding, and a complex,
energydraining process.

Testing Al's ability to interpret text has significaesearch value. As a pteined language
model (PLM), ChatGPT excels in document analysis, texificiason, and generation,
improving how researchers interact with competition t@aals (Fu et al. 2024 )or complex
texts, Al can replace tedious manual analysis, reduce labsts, and improve accuracy in
urban research.

Given the importance of understanding competition briefs in the early stages of a coimpeti

this study selected theMICROHOME Kingspan 2025 CompetitionBaef case studyrhe
document, uploaded to ChatGPT with specific prompts, contains about 13,000 words, 20
images, 28 pages, and is 6 MB in size. Two groups were set up to compare human and Al
performance in interpreting content, ensuring accuracy, and identifying keygoint

The control group included four students with 7 to 10 years of academic or practical
experience. On average, three researchers took 10 minfatean initial reaethrough and 55
minutes to fully understand and summarize the key points.

In contrast, ChatGPT processed and "understood” the document in about 7 seconds and
generated a full analysis in 15 seconds, making it rolffdytimes fastethan the designers.
Since its responses were directly based on the competition brief, ChatGP Tracgcsiuowed

no significant deviations.

However, | found certain shortcomings in ChatGPT’s responses. While detailed, tleey wer
sometimes redundant and missed key design elements. For example, the brief oletéirled
design and construction guidelines in a concise table, highlighting thdirtakeresidential
solution should béCosteffective," "Environmentally responsible,'and"Energyefficient,”

with detailed explanations. Designers can study these points carefully to find potential
breakthroughs for winning the competition.

In contrast, ChatGPT provided an accurate summary of the competition but mixeel thes
critical points with other design considerations. This suggests that while Al igreffiti
currently lacks the human ability to spot innovative aspects and key opportunities in
competition briefs, which depend on experience and professional insight.
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Table 1 ChatGPT for documentation understanding (generated on 2, December, 2024)

Prompt 1 Please read and understand this document from a competition, give bake the main points of it.
{Also attached the brief of the competition <MICROHOME Kingspan 2025 Competition Brief> as pdf. format)
ChatGPT answer 1 Here are the main points of the Kingspan 2024/25 Microhome Architecture Competition:
Purpose and Theme
*The competition focuses on designing an off-grid modular dwelling for a young professional couple within a
maximum area of 25 m2,
*Participants are encouraged to explore sustainability, innovative design, and affordability.
+Designs should address economic, social, and cultural challenges while being environmentally responsible
and cost-effective.
Design Considerations
*The project must incorporate:
. Sleeping, living/working, cooking areas, and a WC/shower.
. Proposals should include energy-efficient solutions like renewable energy systems, water
management, and waste strategies.
*Considerations include:
. Community integration to encourage social interaction.
. Adaptability for diverse contexts and scalability for broader applications.
. Educational value to promote sustainable living.
Site and Flexibility
*The site can be urban or rural, with no specific geographical restrictions, allowing freedom in location
selection.
sLandscape elements and auxiliary structures (like terraces) are excluded from the 25 m? footprint.

Prizes and Awards......

Kingspan Award......

Submission Requirements......

Publicity and Media Exposure......

Eligibility......

Let me know if you'd like a deeper analysis of any specific aspect!

Nevertheless, Al's ability to quickly grasp the moghortant and core information provides
significant assistance and holds promise for improving traditional text interpoeta
processes. When designers manually summarize competitiefisbtheir focus often varies
depending on individual experiences and interests. In contrast, Al can objectively and
impartially interpret and summarize texts, helping tearashieve clearer consensus or
offering a foundational basis for discussion.

An ideal workflow would involve Al rapidly understanding and summarizing the text, fallowe
by a designer reviewing, verifying, and refining thgéerated content to extract key points
for communication with team members. This approach not only reduces ematscument
comprehension but also enhances team efficiency.

Overall, Al shows great potential in text interpretation, offering baticuracy and efficiency
Natural language models like ChatGPT can quickly sunemarige texts and extract key
information for designers. They also enable smoaotteraction through natural language,
streamlining the design process and enhancing collaboration
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4.2.2ChatGPT otJserUnderstanding

This study identifies the target users as young professionals seeking a better lifehthroug
microhome designs. Given Al's innovative and epmnded nature, this section tests
ChatGPT’s ability to understand user needs and interpret competition briefs. Based on past
competitions and expert insights, Shanghai was chosenrmasdern urban setting. Relevant
urban and social issues were also considered.

Al's text classification and integration capabilities can enhance public particigatiorban
design. It can analyze sentiment, helping researchers quickly capture public feedbabkn ur
systems and understand key policy ne¢idarduni and Sauda, 2020). Furthermore, it allows
policymakers to comprehend the deeper reasons for public support or oppositioinbizn
systems (Luo et al., 2019)

By integrating ChatGPT’s wbhsed information processing and language comprehension, Al
can efficiently analyze public opinions on urban design and policies, reducingarmas
improving accuracy. In the future, these advancements could lead to more precise and
inclusive urban planning and decisioraking.

Since ChatGPT'’s training data comes mostly from internet sources, often created by
individuals similar to this study’s user group, it has the potential to provide answers tyat ali
with their social needs. However, due to tha#ack-box" nature of Al, the exact sources of its
responses cannot be traced. Instead, this study evaluates the quality and relevance of
ChatGPT'’s answers through analysis and assessment.
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Table 2 ChatGPT for User’s understanding {(generated on 2, December, 2024)

Prompt 2 Answer 10 urban or sccial issues, the user- young professional couple is facing, in large cities like Shanghal.

ChatGPT answer 2 Here are 10 urban and social issues that a young professional couple might face in large cities like Shanghai:

1.Housing Affordability
High property prices and rental costs make it challenging for young couples to find suitable and
affordable housing close to work or essential amenities.

2.Space Constraints
Limited living space in densely populated cities restricts comfort and lifestyle choices, often
forcing couples to compromise on their living arrangements.

3.Work-Life Balance
Long working hours and demanding jobs in fast-paced urban environments leave little time for
personal relationships and leisure activities.

4.Commute Challenges
Heavy traffic and overcrowded public transport lead to lengthy, stressful commutes, reducing
time spent at home or on personal pursuits.

5.Air Pollution
Poor air quality in large cities like Shanghai negatively affects health and overall well-being,
adding to stress and medical concerns.

6.Cost of Living
The high cost of goods, services, and utilities, combined with stagnant wage growth, limits savings
and financial stability for young couples.

7.Social Isolation
Despite living in densely populated cities, the fast-paced lifestyle and lack of community spaces
often lead to feelings of isolation and detachment from neighbors or local communities.

8.Family Planning and Childcare
Planning for a family is challenging due to the high cost of childcare, limited availability of quality
education, and the pressure to secure resources for raising children.

9.Urban Noise and Overcrowding
Constant exposure to noise pollution and overcrowded environments creates mental fatigue and
reduces the quality of life.

10.Access to Green Spaces
Limited access to parks and recreational areas makes it difficult for young couples to enjoy
outdoor activities and maintain physical and mental health.

Would you like detailed suggestions for addressing these issues in the context of a microhome design?

ChatGPT’s responses effectively captured the social needs of the target user groupamd ur
issues. It prioritized widely discussed topics, aligning well with societal isnd& hrough
literature review and interviews with users in Shanghai, we found that maigerdrated
points—especially 1, 2, and-3were widely recognized. Additionally, points 4, 6, 8, and 9 were
frequently mentioned, while 9 and 10, though less discussed in interviews, were &tditeel
However, point 7 was neither widely accepted nor recognized, facing some skapticis

The Adidentified user needs closely align with broader urbasués, making them valuable

entry points for competitiorrelated design researciotably, points 5, 9, and 10 emphasized
environmental concerns, reflecting the competition’s sursaility principles. This alignment

may be influenced by the competition brief being inpato the Al, shaping its focus and

responses.

In conclusion, ChatGPT effectively completed the user analysis. Despitepé¢hesrmded
questions, its responses wegdficient, practical, and comprehensive enougb serve as
strong starting points for competiticrelated design exploration.
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4.3ChatGPT on Urban Issue Research and Site
Finding

4.3.1 Design issue research

This section continues to evaluate ChatGPT's ability to assist in divergent thinkdegiign
by testing its capacity to identify entry points for urban issue competitions. The purpose of
this test is not to find the most broadly discussed urban isdmgisto identify those that are
suitable as competition entry pointsissues that can inspire and drive innovative design ideas.
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Given the high efficiency of Al's responses, researchers interacted with Chat@ine its
initial answers by offering feedback and corrections based on their design expétsse.
important that researchers maintain professional phrasing when guiding the Al.
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Upon validation, ChatGPT's response Roompt 3 was generally accurate but lacked
innovation and was too broad. To improve this, researcketscted more relevant points and
provided targeted feedback and further instructiondArompt 4

Ultimately, due to the opesended nature of the question, ChatGPT's responses in this round
did not gain as much widespread recognition as in the previous section. Many answers were
overly "commonsensebased" and lacked theoretical depth. Some topics, although valid,
were not universally applicable. Most answers wereda and did not offer direct inspiration

to researchers. Subsequent targeted prompts often resulted in repetitive and redundant
answers, potentially hindering researchers' active andrepnded thinking.

However, ChatGPdoes highlight certain urban issues that are often overlooked and brings
innovative perspectives, particularly point 5. Based on this, the researchers reviewed
relevant materials and found that in megacities like I8jf=i, while the skyline is dominated
by numerous modern highse buildings, there is indeed a phenomenon of vacant office
spaces in tall buildings. Thisuss however, deserves more attention and further research.

Given the timeliness of this issue, the researchers guided ChatGPT to seardiertiet ifor
the latest professional research reports. Within a short period, ChatGPT identrBaefiorts.
After carefull verification, all five reports were fod to originate from leading global real
estate services or professional investment managementganies.

However, ChatGPT currently lacks advanced capabilities for integrating and managing
webpage links effectively. Among the five reports, only the linkefmort 3 could be directly
accessed through the answer provided by ChatGPT, while the other links were not directly
accessible.
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Compared to traditional search engines, ChatGPT provided a faster way to identify and filte
professional research, assisting designers in mankalyais. Studies from sevepbfessional
institutions indicate that in megacities like Shanghai, the vacancy rate of Grade & offic
buildings has reached around 20% in recent years Z2124), with downward pressure on
rents (Sheng and Chio 2024hlowever, ChatGPT’s responses are not guaranteed to be
complete or fully reliable and require further verification.

When generating design concepts and inspiratidhatGPTends to give cautious and broad
answers. Repeated testing often leads to similar responses, but with more profelsamd
targeted prompts, outputs can be refined. At the same timA’'s responses remain
unpredictable to some extent.

While interactions witlChatGPTay sometimes lack focus, produce lowality answers, or
require extra effort, which could slow active idea exploration, the overall teshlow that

through testing, verification, and reflection, researchers successfully usedd&rtify urban

issues with potential for design competitions.
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4.3.2 Site finding

After selecting the design topic, traditional urban site research and selectioraliypiely on
search engines or professional urban informatiwebsites. However, due to the novelty of
this topic and the sensitivity of office vacancy data, obtaining accurate information and
choosing a competition site presents challenges.

Currently, no specialized urban design or planning websgiteside specific market data on
vacant office buildings. Most available resources asearch reports that focus on broader
district-level analyses rather than individual plots.

Using traditional search engines like Google or Baxdint suitable sites in Shanghai is time
consuming and difficult. Results are often buried under irrelevant content, advertrsisye
fragmented information, requiring additional verificatioEven when data is available, it lacks
a comprehensive perspective.

Since ChatGPT's training data is largely sourcedttiermternet, it offers an advantage over
traditional search engines by streamlining the searatcpss and reducing labor costs. Using
ChatGPT, we identified potential sites for the design project. After multiple prompts and
filtering out irrelevant or incorrect responses, ChatlGsummarized five potential vacant
office building site¢Table 4)
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Upon verification, all five sites identified by ChatGP3texid face vacancy issues. While some
site areas could not be confirmed, the remaining dstarkere verified through reliable links
provided by Al or materials from site owners. Howev@natGPT'slassification of these sites
as having "high vacancy" could not be directly validatedly their "to be sold" status was
confirmed. This highlights a key limitation: if left unfied, Algenerated qualitative
inferences may cause misunderstandings.

This round of responses also showed that Al does not fully understand human design
intentions. Researchers must carefully refine their prompts to help ChatGPPp gras
requirements more accurately. For example, two of thee fsites (1 and 4) were vacant
shoping malls, which are irrelevant to the focus on vacant office spaces. Unlike human
researchers, who can actively filter out redundant infatron, Al lacks initiative in
understanding design intent.

Despite these limitations, ChatGPT proved useful in identifying potential design sites,
especially given the lack of reliable online data anditfadility of traditional search tools to
provide sufficient support. After filtering Al's responses and conducting further investigatio
Site 3—Lujiazui Century Financial Plaza was found to have strong potential as a competition
location.

However, Agenerated responses sometimes appeared accurate while contagmiogs or
irrelevant details, making critical thinking essent@ fesearchers. Additionally, maximizing
Al's effectiveness requires carefullyafted and standardized promptdo ensure more
accurate and relevant results.
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4.4 Urban Design Strategyfrom Brain Storm
to Visualization

4.4.1 Design Bin Sorm and Image Understanding

Similar to the previous section, where Al explored design topics, this sectiolsesassist
researchers in brainstorming creative ideas. Howeualike before, this process incorporates
competitionrelated design requirements into the prompts. Since ChatGPT refines its answers
based on feedback, we also considered the viability of ideas when evaluatingpitmses.

This approach tests whether ChatGPT can propose -epded yet professional design
concepts under more structured conditions.

Unlike traditional design methods, which often follow a designer’s predefined thinking
patterns, this studytarts with realuser needsand uses Al to generate design proposals as a

foundation. The prompts integrate relevant user demands identified in previous chapters to
guide Al's responses.

In traditional methods, designers' own knowledge and experience often shape the starting
points, which can create a disconnect from actual user needs owaddl problems. This may
lead to narrow or overly seHatisfied designs from the outset. This also highlights the
importance of brainstorming in the design process, where participants can inspitigue,

and expand ideas to encourage open and diverse thinking
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The results show that ChatGPT’s design ideas were professional, comprehensiveyatetipr
inspiration. Its responses included both laigmale design strategies (3, 4, 6) and practical
design actions (1, 2, 5, 7, 9, 10). Apart from (8), whichdpedational challenges, there was
little redundant or irrelevant information. While fedsslity requires further evaluation, the
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design concepts generated under defined conditions and based on user needs effectively
supported the brainstorming process.

Beyond theuser-centered design approacltthere is also aexperienceoriented approach
which focuses on human perception, experience, and emotion. In this context, text
generation Al can serve as a tool for eatgige brainstorming or as a starting point for desig
With features like efficiency, rediilme responses, precise language eegmion, and objective
descriptions, Al tools like ChatGR&hen combined with texto-image tools—can further
inspire design ideas.

As technology advances, more objective, scientific, and efficient design methgd=meage,
challenging traditional approaches based on the designer's experience and kgewled

Additionally, when using languadpased Al, designers often need to describe images in words,
making the interaction between text and visuals essential. ChatGPT, as one of the most widely
used and advanced languageneration Al tools, also has image understanding cagabil

To test this, we uploaded an aerial image of the selected site and asked ChatGPT tedescri
the image
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It can be observed that ChatGPT’s description is generally objectiveviimolut error,
demonstrating its ability to describe images of mediumtmptexity. In the future, this ability
possible to help the design better combine the image and text workflow wittbAkach a
more efficient workflow.

4.4.2 Design Visualization byADL-E inside ChatGPT

DALL-E, developed by OpenAl and integrated into ChatGPTex¢ta-image generation
model that creates realistic images or artwork baseduser input. It supports various styles
and scenarios and is widely used in content creation, educational research, design, and gam
development. Designers can use it for copicgesigns, illustrations, and game scenes.

Built on the Transformer architecture and trained on &sgale text and image datasets,
DALL-E learns the relationship between language and visuals. The latest verzioves
image quality and better understands complex textual descriptions, offeligigresolution
outputs with great potential for earkgtage exploration and inspiration in architecture and
urban design.

For example, based on the selected design direction, we used DALL-E to generaptuadnce
diagram images, including traditional office volumes aash$formed residential community
volumes. After two rounds of testing, we found that DALL-E performs well in quickly creating
simple design diagrams. It is begindigendly, helps designers make intuitive visual
judgments, and serves as an effective tooldommunicating design concepts

(@)
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(b)

Fig 28 The concept of traditional office high ri¢&) andtransformed mixused high ris€b).
Source:Done by authoon DALL-E insidehatGPT 4o

Building on ChatGPT’s proposed design strategies, we selected the most feasiblendieas a
used textual descriptions to guide DALL-E in generating visualizations. The desmptspro

were divided into two parts:
1. Site description-e.g.,"five towers, one site."
2. Refined design strategiese.g.,"two types of facades," "bridge connected on thp,to
"vivid life and green."
This approach tested DALL-E’s image generation capabilities and aimed to prodalsetives

could inspire design ideas.
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Fig 29. Reference image high rise buildings transformedig-used communitySource: Done by
author onDALL-E inside ChatGPT 40
Image Prompt.one urban block, five towers with two features: one is same officdesifapade in
the bottom, another onés residential units and facades with vivid life and green in the top, these
tower also varies in height, some bridge connected the top residentialgoang bridge connected
with neighbor urban plots, ground floor lots of public facilities and utifan

Al can understand and describe images, effectively capturing key elements angiogrive
design vision and atmosphere. However, currertjéherated imagekack precisiorin spatial
representation and proportions. Even with clear textual descriptions, suchvastowers,"
the final output is often inaccurate. Additionally, some details, 'ltkédges connected in the
air," are not always reflected in the images.

Despite these limitations in control and consistencysgéierated images stilprovide
inspiration. They are fast, efficient, and offer intuitive visual feedback, helping designer
communicate ideas. As technology advances, the integration of lan¢hesgsl Al and image
generation Al is expected to enhance design workflows, offenmgge inspiration and
improving overall processes.

4.4.3 Urban Design Strategy

To test Al's ability to proposarban design strategiedor a specific site, we gathered
information about its surroundings and extracted key details to provide as text input to
ChatGPT. Since the Al had previously analyzed the site and conducted preliedearngzh, it
could build on prior responses.
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These researcheprovided inputs served as guidance, helping ChatGPT generate strategies
that better align with the site and competition requirements.
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ChatGPT's urban design strategies, while relatively conventional, demonstrate
professionalism and practicality. Given the limited input conditions, the Al ghdvi
comprehensive solutions that address various urban design challenges.

Most strategies are weBuited to the site andalign with competition requirements For
instance, to tackle vacant office buildings, ChatGPT proposed adaptive reuse s atesjso
suggested ways to activate surrounding areas, such as improving transportation and
introducing mixeeuse functions to integrate nearby urban spaces. While the feasibility of
some strategies (points 9 and 10) requires further exploration, ChatGPTnaisduced
sustainabilityfocused solutions that align wittompetition goals. Overall, the Al provided a
comprehensive and inspiring urban design strategy.

However, due to current limitations in -f§enerated image precision and control, it is
necessary to combine traditional 3D modeling tools to refine and develop Chat&Rategies
further. As shown in thdéigure 30, ChatGPT'’s strategies are practical. With further designer
adjustments and implementation, it is possible to efficiently develop an initial urbagrdesi
proposal.
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Connect the urban space from the Southwest corites,nearest Metro station, to the North,
another office plot with public plaz@ create an urban axis, and links all the nearlmtg

(@)
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By doing this, connect all the public space intaiaited urbansystem Addingpedestrianbridges,
bike parking, bus station to enhance the traffimddion.

(b)
Fig 30. Masterplan(a) andurbanaxonometric viewb) of the selected sitewhich combined the
design output form ChatGPSource: Done by author
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4.5 Assessmenand Challengs

Languagdsased Al, such as ChatGPT, has significantly improved efficiency in the design
workflow. It supports designers in the early stages of design competitions by helgimg
document analysis, competition research, urban site selectioainstorming, and proposing
urban design strategies. This reduces repetitive tasks, allowing designersisociocefining

their concepts.

The DALL-E image generation tool, integrated with ChatSRilso valuable for producing
conceptual visuals. It effectively conveys atmosphere and design visiortioAdHtly, as
ChatGPT’s image understanding capabilities evolve, conghiext and image processing may
provide even greater support for designers in the future.

While ChatGPT currently generates fewer highly innovatesgn strategies, its analyses are
comprehensive and feasible, making it a reliable tool to support the design proodss a
complement human creativity.

Future Design Approaches

Design methods are likely to become more diverse amtthiased. Strategies based aser
needs, experiences, emotions, and atmosphereslements expressed through wordsnay
serve as new starting points for design. This shift could reduce reliance on a dssigner
personal knowledge and experience, expanding opportunities for creative eiplara

Challenges and Limitations of Al in Design

Despite its potential, ChatGPT has several limitatiorss tmpact its application in urban
design and architecture:

x Incomplete Data:ChatGPT’s knowledge is limited by its training data, leading to gaps
in information and an inability to access the latest or specialized datasets.

x Unclear Focus StrategieSome proposed strategies, while logical, are impracbeal
difficult to implement, resulting in empty statements lacking actionable depth. Even
with further feedback, refinement is not always effective.

x "Black Box" Nature:Al's decisiofmaking process is opaque, meaning that small
changes in question phrasing or timing can lead to different answers without clear
reasoning.

x Demand for Professional PromptE&ffective Al interaction requires clear, precise, and
professional language, placing an additional burden on users to frame questions
correctly for meaningful responses.

Despite these challenges, Al's role in design is growing, and with further advancemerts, it ha
the potential to become an even more powerful tool for architects and urban designers.
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Chapter O55table Diffusion ARpplied

on Architectural Desigh from Sketch to
Concept Decision

5.1 Stable Diffusionntroduction

5.1.1What is and Why5table Diffusion

Stable Diffusion is an Al model for image generationtirey] and creative applications.
Released in 2022, it is based on diffusion models that learn to transform randomintmse
detailed images.

For architects and urban designers, Stable Diffusion offers a fast way to explorepicatice,
and present ideas, especially using simple inputs like sketches or 3D model otsens

Among the top textto-image Al tools-DALL-E, MidJourney, and Stable DiffusiStable
Diffusion stands out for its high level of control. Unlike other models, it is mdagptable for
architectural workflows and has already been adopted by internationaisfiike Foster +
Partners and Heatherwick Studio.

Stable Diffusion is a desktdyased tool with relatively low hardware requirementsl. ikkults
in this section were generated using an RTX 3060 GPU with 6GB of VRAM. A hgeleig
based version is also available, enabling designersatix \uickly andoresent designs to
clients with ease.

While mainstream Al imaggeneration tools like MidJourney and DALL-E producedpigitity
visuals, they lack precise control due to the unpredictable nature ofteekhage generation.
This makes them less suitable for architectural desigrerevimodifi@tions and refinements
are crucial. However, with the integration of ControlNet, Stable Diffusion has sigtiifica
improved in controllability, allowing for better integfion with traditional design tools and
localized modifications of generated resulifiese capabilities make it more practical for use
throughout the entire design cycle.

By integrating Stable Diffusion into the design workflow, we can gain a broader understanding
of how Al can be applied across various stages of the conceptual design procekgactare.

5.1.2From Rompt to PictureWorkflow

Stable Diffusion generates images from text prompts through a stdp process. First, the
text prompt is processed by a CLIP encoder, which translates it into a numerical reptiese
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(token embedding) that captures its semantic meaning. This embedding guides the coee imag
generation process, where alNet neural network and a scheduler iteratively refine random
noise into a structured image tensor, following a diffusion process. This interregéiasor
represents the foundational structure of the image a latent form.

The structured tensor is then passed to an image decoder, which converts it into-a high
resolution, visible image. By combining text understanditegative denoising, and decoding,
Stable Diffusion produces images that align with the user's textual input. This system can be
enhanced with tools like ControlNet, allowing for greatentrol and adaptability, making it
particularly useful in applicationkke architectural design.

Fig 31 The workflow from text to image in Stable Diffusi@ourceWuet al. 2024
https://www.researchgate.net/publication/380916485_Syn2Real_D#ébda_in_the_Sky Generation
_and_Adaptation_of_Synthetic_Aerial_Ship_Images
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5.2 Understanding the Integration of
ControlNet with Stable Diffusion Al

5.2.1“ControlNet’ inside Stable Diffusion

Stable Diffusion was chosen for its powerful control capabilities, largely enablemhtrpiSlet.
Released ir2023 by researchers at Stanford Univers{@hang, Rao, and Agrawala 2Q23)
ControlNet enhances image generation by providing greater precision @mdotover the
output. This makes it particularly suitable for desigtated tasks where composition and
details must be carefully directed.

ControlNet extends Stable Diffusion by introducing conditional inputs, allowing usgusde

the image generation process. It starts with an input image, such as a sketch or pipbtogra
and extracts key visual features to provide structural guidance. This ensures that the
generated image follows the intended composition while maintaining alignment with the
provided input.

The system combines this structural guidance with text prompts, balancing creatdoime
and precision. Stable Diffusion refines the output iteratively, ensuring that the generated
image adheres to both the structural input and textual descriptions.

The result is a highuality image that merges artistic creativity witdontrolled accuracy
ControlNet supports various input conditions, such as sketches or depth maps, giving users
more control over the final output. This makes it particularly useful in design and archide

where both creativity and adherence to specific visuauregments are essential.

In design workflows, ControlNet enhances Stable Diffusion’s applicability by supporting
frequent adjustments including sketch refinements, model modifications, loeaiedits, and

the integration of reference images.-§énerated visuals can also be iteratively reused and
modified, making reconstruction and refinements a kegclion. This iterative capabilitig
crucial for meeting the dynamic and evolving needs of design tasks, reinf@omgolNet’s
importance in architectural and creative applicaiso
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Fig 32 The flow of one denoising stem ControlNetSource Steins2023.
https://medium.com/@steinsfu/stable-diffusion-controlnelearly-explainedl86092b62c89

5.2.2 Sketchnterface with Stable Diffusion

To better harness Al, we must first understand its capabilities. To explore hdeheke
interact with Al, we used a base image and processed it through ControlNet. This step
generated several sketch variations commonly used inigctural design, differing in detail
richness, line thickness, light and shadow relationships, and random line distribution {Step 2
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These variations illustrate how a single image can be interpreted at diffdesels of
abstraction and detail.

Next, we input the same text prompt into Stable Diffusion, keeping all other parameters
unchanged. Common settings such as sampling methods, VAE, CFG (set at 7}{ramegre
models were used to ensure consistency. This process generated five differgnits,
revealing that Stable Diffusion can effectively interpret sketches and transform them into
detailed concept images. This ability is further enhanced by large models optimized fo
architectural design within Stable Diffusion.

In the first three tests, even sketches with imperfect elements (e.g., curved lingatidg
from reality) were successfully transformed into detailed concept images witlraiecdepth
and scale, making them suitable for eastpage concept design. However, the last two
methods, which lacked sufficient line detail, resulted in greater deviations (gtiar®t) and
less accurate outputs (e.g., Option 5).

Despite these limitations, Stable Diffusion demonstrates a strong ability to intedeegn
intent, even when working with flawed sketches. These results suggest thggnatated
outputs can serve as valuable inspiration in the earliest stages of gigrdprocess.
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Fig 33 Thedifferent ControlNet control modes testin§ource: Done by authon Stable diffusion

In conclusion, during the early stages of design, when using sketches combined with textual
prompts to generate images with Stable Diffusion, ttu®l demonstrates remarkable
flexibility. Even if the sketches are imperfect or include unintended lines, as longyas &et

a certain depth requirementand are paired with appropriate textual prompts, Stable
Diffusion can effectively interpret human intent. It can produce images that largigty &ith
design requirements, making it a powerful tool for generating concept visuatke initial
phases of architectural design.
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5.3 SketchDriven Design with Stable
Diffusion Al

5.3.1“Lora” model

The LoRA (LovRank Adaptation) model is a method used in Stable Diffusion to enable
efficient finetuning. Instead of retraining the entire model, which requires significant time
and computing power, LORA adjusts only a small set@peaters. These small mditations

help the model learn new styles, adapt to specific tasks, or meet unique design nebdsitwi
altering its core structure.

This lightweight approach is particularly useful in architectural desigmere quick
customization is essential. With LORA, Stable Diffusianezn specific architectural styles
or details, making generated images more accurate atelamt to a project. This enhances
the design process, allowing designers to achieve cugkniresults with minimal
computational resources.

In Chapter Four, we explore the transformation of palyialacant higkrise office buildings
into residential units. To foster a sense of community for young residents, wegeagmple
architectural modifications, such as adding connections betweenitggHiving areas to form
community hubs. Additionally, greenery and sustainable facilities are intefjtatenhance
livability and environmental impact, aligning with a letegm design vision.

The LoRA model proves particularly valuable in this context. Using the satole akenput

but adjusting different LORA models, designers can generate varied architedylealshile
keeping text prompts unchanged. This flexibility allows for diverse styligiloration of the
same concept. The diagram below demonstrates how applying different LoORA motltels wi
identical prompts produces a range of design ideas rioierich inspiration for architectural
exploration
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Fig 34. The different lora models testinGource:Done by author ostable diffusion

We can also achieve new designs by simply modifying the text prompts whpengesl other
elements unchanged, achieving effects similar to those obtained using the LORA model.
Importantly, both approaches belong to the same method category. By adjusting the textual
input, the generated outputs can reflect diverse styles and ideas, offering flexibilityipndes
exploration.

In essence, the LoRodel is integrated within the text prompts, meaning the model's
adjustments are embedded into the descriptive inputs. This demonstrates the dulkiytaf
combining LORA with prompt engineering, allowing designers to experiment with different
stylistic directions efficientlywhile maintaining consistency in other design parameters.

5.3.2RefineDesignby Sketch

Using a new sketch with a similar depth as the previous one, we selected the options from
earlier tests that were deemed more aligned with desigruiegments and practical feasibility.
After refining the design in the sketch, another round of testing was conducted. This tiene, th
updated sketch emphasized the distinctjdretween residential and office areas, addressing

a limitation observed in the earlier designs.

By generating architectural designs based on the new sketch and nearly identicabteytgy
Stable Diffusion demonstrated its ability to understand different facade design intentions. The
results showed a clear differentiation between the styles of iisgidential and office areas,
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aligning closely with the design objectives. The generateages provided accurate scales
and atmospheres, allowing for a foundational understanding of the future desigd
establishing a clear design direction.

However, due to limitations in the dataset used by the large model or the LORA model, the
generated designs from the same LoRA model tended to exdiibitar styles. As a result, this
iteration provided limited new inspiration for the design concept. For instance, tredéac
designs in this round highlighted the need for designer input to refamel propose better
solutions, underscoring the importance of human feedhatkhe creative process.

Fig 35 Design variesrom sketchto rendeling. Source: Done by author &table diffusion.

88



5.4 Integrate intotraditional 3D Desigrtools

5.4.13D Tools in Conceptual Design

Compared to hand sketching, 3D modeling software provides more precise control ove
designs. Howeverfraditional 3D modeling tools require significant efforfrom initial
modeling to final output. The typical workflow includes creating 2D sketches, manipul&ing 3
forms, applying materials, adding environmental elemerasd finetuning renderings in
specialized software. Due to complex interfaces and humerous commands, theseaodte
challenging to master.

TakingRhinoas an example-a widely used tool in design firmdearning its modeling logic
requires time and handsn experience in real projects. As a result, proficianc3D modeling
has become a key skill that firms look for when hiring.

3D models serve two primary purposes in the early design phase:

1. Sketch ModelsUsed to quickly test and explore design concepts, allowing teams to
compare multiple options. These models lack detail @nd mainly for internal
discussions rather than final presentations.

2. Refined Models More detailed and continuously developed for final visual
presentations, technical documentation, and as a reference for later design stages.
These two phases are iterative, rather than followirgjrect linear process.

While 3D models are essential design tools, theg altimately computer simulations.
Interaction is limited to the screen, which can mislead designers’ perceptions lefoga
conditions. This is why renowned design firms still emphasize physical modelsceptual
design.

Additionally, inexperienced designers often struggle with -weatld scale in 3D modeling.
They may become overly influenced by software display modes instead of focusing on
accurate spatial representation. Current 3D toodsnain far from replicating reaborld
environments.

Despite their precision, 3D models are not always the best medium for exploring broader
design possibilities. Most traditional 3D softwarerioritizes engineeringocused
interfaces, which do not fully capture real-wld experiences. Rhino, for example,
originates from industrial design and was not initially created fi@alistic architectural
visualization. Currentlypo 3D modeling software balances precision, uggbiknd real
world simulation specificallfor architects.
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The rise of languageased generative Al challenges whether conventional 3D modeling
approaches are truly thkest for architectural design. As discussed earlier, ddsignt, rea}
world experiences, and atmosphere can often be better conveyed through text, images
videos, or animations rather than static 3D models.

As of January 2023\l-powered text-to-3D toolsare still in their early development stages.
No mature Al tools yet exist that can accurately and efficiently convexg@s or text into 3D
models. However, with advancements in téat3D technology, this may soon become a
reality.

Given these factors, this study utilizes Rhino, the most widely used 3D modeling software in
major international design firms, for the conceptual desighase. Additionally, Stable
Diffusion’s imageo-image capabilities were employed to generate desigaftdrfor testing
purposes, exploring Al's potential in the early design process.

5.4.2Integrate Alwith Traditional 3D Dols

Based on the design options discussed earlier and ChatGPT's suggested concepts, the
following design volume was selected for testing:

x Retaining the overall form of five super higke towers
x Transforming the southerfacing sections into smaller residential units
x Connecting the towers at the base level of the residential units with aerial bridges

After modeling the volumes in Rhino (Fig@&3g), screenshots from Rhino were processed in
Stable Diffusion, using the same prompts as in the previous section. The gehesués are
shown in Figure 36.
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(@)

(b)
Fig 36. The screenshot of 3D model sketch (a) to the remipaisa design directior(b). Source:
Done by author on Rhinoceros and Stable diffusion.
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3D software provides better and mopgecise controlover volumes, such as tower positions,
edge lengths, and floor heights, making it an indispensable tool in the design workflow.
However, since the design is still in the "sketch model" stage, strict precisioot iget
required, allowing for flexibilityn adjusting volumes. This openness preserves the exploratory
nature of 3D modeling while enabling quick conversionh®dels into realistic images with

the assistance of Al. By combining 3D tools witlyeklerated images from Stable Diffusion,
the conceptual design direction can already be effectively established.

Tools for converting text dmages into 3D modelare gradually emerging, enabling mutual
transformation across text, images, videos, and 3D nm&d€hese tools could eventually
replace traditional 3D modeling in the early conceptual design phase, offering betteme
simulations and improved design visualization. Currently, rBodels serve primarily to
provide precise control over form and space, a function thageklerated models are
increasingly capable of handling. Whileg&herated content still&ces technical challenges,
ongoing developments suggest that traditional workflows for testing design concepts may
soon be optimized by more advanceddkiven approaches.

While engineering precisiomn 3D models remains irreplaceable in the later stagedesign,
Algenerated models can complement traditional tools. Foranse, Al can explore design
possibilities in different formatstext, video, or imagesand generate 3D models as a
foundation for refining conceptual designs. Designers can then manually adjust ancelyrecis
control these models to complete the final concept. Throughout this process, Algomlide

a more intuitive and realistic way to interact with desigead.

In other words, Al should be integrated into the design process to create tools that align mor
closely withreal spatial experiences, atmospheric qualities, camiser needs rather than
keeping design methods solely dependent on engineeoiignted tools
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5.5 Assessmenaind Challengse

This chapter explores architectural design workflows using Stable Diffusion asmple.
Compared to traditional workflows, it reduces reliance on traditional 3D desigs,tadiich

are more suited for engineering tasks. Designers smirgyly use textnputs or sketches,
combined with pretrained Al models, to generate images and test designs more efficiently.
These images help in visualizing design atmospheres antyiclg concept directions.

Throughsketch iterations Al tools like Stable Diffusion enable designers totereepiring
and atmospheric visuals. While traditional 3D tools remessential for precise control,-Al
generated images now play a key role in guiding subsequent design steps.

As imagegeneration tools advance, alongside the development of-textideo and texito-
3D tools, the conceptual design phase will become significantly shorter. Thisedvute
repetitive tasks, such as manual adjustments in 3D engineering tools. Nsgndeols will
also introduce new approaches, allowing designers to create experiences througbheter
express user needs, and describe design requirements moreaebu

Challenge

However, these Al tools come with risks. SincgeXlerated designs are based on existing
training data, they may lead to repetitive solutions lack unique consideration fdocal
culture and societal context Additionally, similarities in outputs become apparent with
repeated use, highlighting the limitations of Al training data.

Traditional methods, such as physicaldigital 3D models, remain valuable despite being
time-consuming. This suggests that oveliance on Al could limit creativity rather than
enhance it. A balanced approach that integrates Al with traditional design techniques is
necessary t@reserve innovation and originality.

Beyond design, Al raises concerns about unemployment, copyright, and ethics, which must be
carefully considered as these tools continue to evolve.
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Chapter 06:0outcome Discussionand

Conclusion

6.1 Outcome The Alassisted Design Process

At the start of a design mission, understanding the design brief is essefrbah interpreting
documentation to conceptualizing the vision. Al can efficiently assist rdssarcand
designers in this stage. ChatGPT, for example, integissgamlessly intdhe process by
summarizing complex documents, helping designers compreheydtails, and facilitating
deeper understanding.

When combined with DALL-E, Al enables a-texinage workflow, allowing designers to
visualize ideas early and gain a clearer sense of tlsggdevision. ChatGPT also acts as a
brainstorming assistant, generating creative suggestiand aiding in design research.

As the process advances to the conceptual design stage, tools like Stable DiffusioiNégntro
and LORA models become instrumental. Thesdri&en tools help designers create concept
visuals efficientlyoy refined sketches. By integrating them with traditional 3D tools, such as
Rhino, designers can rapidly explore multiple designoogti balancing Adenerated ideas
with manual adjustments to align with project requirements.

Beyond visualization, Al tools assist in integraimiger designinformation, such asuser
behavior and other design parameters to ensure solutions are not just visgilaling, but
also contextually relevant and sustainable. By leveiggAl, designers can achieve
comprehensive results in significantly less time
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Table 8. The"Al assisted workfloivform researchto the decision of design concept on the
conceptual design process of a competiti@ource: Done by author
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6.2 Open Discussions

6.2.1Limitationsand Solutions

Workflow Limitations

Al is not completely reliable, and human checking i§ sécessary. For example, when
understanding text, Al is fast but might miss some details. In real projects, design itidorma
needs to be handled carefully. Mistakes or missing details in the early design phassusae
big problems later.

Relying too much on Al can make us lose the traditional weseativethinking about design,
especially during brainstorming. Al might not truly understand human feelings, cutture
reatlife experiences. Even though Al's answers seem goodprofessional, they are based
on limited data and might not fully understand what designers need.

This thesis is not suggesting that should stop using traditional design methods. Even
though they take more time, deep thinking in that procéssmportant for creativity and
imaginationbetter than Al For example, Al can create amazing images, but thesbased

on existing data. They don’t show real imagination or neéeas.

Algenerated results still have some problems. This is maetause of the data used to train
Al and the fact that Al technology is still improving. Stimes, using the same data leads to
similar results. Also, Al is still trying to balarcreating god designs and giving designers
control over the process.

Ethical and legal issues are also importarthink about. Al uses a lot of data from the internet,
which might include copyrighted materi&h addition,as Al tools become more popular, there
is a risk that many designs will look the saeneen in different locatios.

ProposedSolutions

The impact of Al on the design industry might &®huge as the Industrial Revolution.
Currently the best approach is to combine Al with traditional methods. This way, we can keep
the quality of design while working faster. Just like how compustasted repladng hand-
drawing, butit didn’t stop us from using tools liksketches ophysicaimodels, Al should be
part of the design process. It can help us work faster and be more creative.

Designers need to thingriticallyabout using Al. They should understand how it works and
not rely on it too muchwhile limiting their creativity. By learning about Al and trying it out,
designers can use it better and make smarter decisions about when to use its.power

It's also important for designers to start learnirtgoait Al now. Just like how designers learned
to use CAD in the past, Al is the next big step. Designers shouldn’t be afraid of it. Al already
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has many useful features, and learning about it can benfieanwhile In addition,using Al
well requires good communication skills, like writingaclenstructions, which isn'time
consuming to leartout can make a big difference.

Finally, designers and develop@&esed to be aware of copyright, ethical, and legal issues when
using Al.
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6.2.2Perspetives

Future trend of Al in Design Industry

Al tools can save a lot of time and money for desmmanies. As the technology improves,
more companies will start using Al. Al can handlestiéipe tasks quickly, making designers
more efficient. It also helps designers do more, lieating renders, animations, or
construction drawings easily. Companies that use Alezavlll have an advantage.

However, as many specialized design fields are grhduwaplaced by Al, especially in
industries that require less creative thinking, the ovedalinand for designers may decrease.
This phenomenon is not unique to the design industry but is similar tanipact of the
Industrial Revolution on various sectors.

Current Al tools are still in the category of "Narré" They can only perform specific tasks
and have not yet achieved true "understanding” or the ability to be creative or integrate
knowledge across fields. This limitation may improve with the deveéspnof "Artificial
General Intelligence" (AGI). AGI is defined as anliggek system that can perform multiple
tasks, achieve various goals, and operate in different environments and situgBoestzel
2014)Generally AGI can perform a wide range of tasks, understand complex concepts, and
learn and reason on its own, much like humans. If AGthseaed, Al may truly possess
creativity.

However, the timeline for AGI remains highly uncertdtany wellknown entrepreneurs,

such as Sam Altman, Jensen Huang, and Elon gheslict that AGI will arrive within the next

few years. But some scholars believe it is still unknown whether AGI can even besdchiev
With the rapid development of large language models in recent years, Geoffrey Hinton, a
pioneer in Al, stated in 2023: "AGI may be achievedsa than 20 years and could bring
changes as significant as the Industrial Revolution or the advent of elect(iagdbson et al.
2023)

No matter how fast Al develops or what the outcome is, human intelligence has not
significantly improved, while machines and technologyticwre to advance. Therefore, Al will
gradually replace some of the work done by designers, and this has already. begun

The Concern about Al replace the human designer

At this stage, Al camot replace human designers but rather extends human creafifegyris
unnecessaryTechnological revolutions are neither naver final. While the new generation
of Al technologies is beginning to exhibit creative capabilitdgchonce unique to human
intelligence, Al outputs still rely on training with existing data, lacking inceéget thinking
and far from surpassing the human imagination.
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In the near future, Al might do better than humans in areas like making standard, functional,
sustainable and practical designs. But it’'s still unclear if Al ampasshumans in creativity,
especially irexpressing emotions, understanding culture, or communicating with clients.

The more unique and complex human skills are, the hardeillibe for Al to replace them.
For exampleunigue art creation emotional expressionmnulti-dimensions sensegnd deep
communication are very human skills that Al can’'t easilyy.From the beginning of human
history, invention and creation have nevdecrease andit will continueinto the future.

The necessity of Al on Design Education

Using Al as a powerful tool in design education wvitloubtedly bring great value. Whether
Al will revolutionize design practices is still delidéa but as a cuttingdge tool and part of
workflows, Al has already reached a certain levehaturity. It is practical and will gradually
become an essential skill for designers.

Like education in other faggrowing industries, there are delays in applying Al to design
education. Even if educational institutions recognize the importance of Al tools, hitthg a
training teachers with relevant skills, ahdlping students learn these skills through education,
takes a lot of time and resources. Meanwhile, technology keeps advancing rapidly.

However, since Al is still in its early stages, plaits integration into education now is crucial.
This will help future design education betiategratenew technologies and methods.

Sincethe technology changes so quickly, relying only on schools for education is not enough.
In the future, online education for new technologies should be more organized and systema
serving as a supplement to traditional design educatiéor. areas where sch&lackthe
resource, students can start learning on their own online. This has already becommgreno

way for students to learn margoftware skills.

While online content is timely and rich, with many higinality resources available, it is often
inconsistent and lacks structure. Investing more in this area would bring significaefitse
It wouldn’t cost much but could have a wideaching impact.
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6.3 FinalConclusion

This thesis explores the integration of current Artificial Intelligenceté&hnologies, such as
ChatGPT, DALL-E, and Stable Diffusion, into the conceptual design stages of architecture and
urban design. Itfocuses on how these tools enhance efficiency and creativity while
complementing traditional design processes.

The outcomereveak that Al tools significantly enhance efficiency asdlidly support
creativity during the conceptual design phase. Howeverditi@nal design tools remain
indispensable, and combining the two gamomoteinnovative design models that better align
with user needs and experiences. Despite these benefits, challenges such as iatiatis)
inaccuracies, and ethical concerns highlight the need for critical thinking when using Al.

Chapter 1 outlines the history of Al and its applications in design. Chapter 2 provides a
literature review and case studies, analyzing Al's current role in urban planning, urbgn,desi
and architectural design. Chapter 3 breaks down the conceptual design phase and inroduce
the "8th MICROHOME Design Competition" as a case study to support the practicallresearc

Chapters 4 and 5 form the core of the research. Chapter 4 focuses on ChatGPT'ti@pplica
urban design research and strategy development. It demonstrates how ChagSRT the
designerin understanding competition tasks, analyzing user needs, $ti@ming ideas, and
proposing design strategies, while integrating DALL -Fisoalization. Tis chapter highlights
ChatGPT's ability to improve efficiency and stimulagativity but also notes its limitations,
such as data biases and the need for manual verification. It emphasizes the ingeodh
professional interaction skills and critical thinkiog flesigners.

Chapter 5 focuses on the specific application of Stable Diffusidhe conceptual phase of
architectural design. It examines its image generat@ma control mechanisms, integration
with traditional design sketches to explore and advance ideas, and combination with 3D
modeling tools to refine design directions. The chapter analyzes Stable @iffusotential to
enhance efficiengycreativity and improve the traditional workflomvhile addressing its
challengesn the same time

The thesis also raises open questions about the challenges posed by Al tools, sueh as ov
reliance potentially leading to a lack of social and hoistéc considerations in design, the
limitations of training data sourcescausingdesign homogenization, inaccuracies in data
misleading design decisions, and ethical and legal condbatsequire greater attention.

Technological advancements often transform job demands and traditional workfbines
AutoCAD in the late 20th century is a prime exampheréited designers from the era of
laboriously working at large drafting tablesith drawing boards, pencils, erasers, and T
squaresSimilarly, Al tools offer new possibilities but do not eliminate the need for traditional
methods.
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However, just as horses were not entirely replacectlss as a means of transportation, and
handmade modelslesign method did notlisappearwith the rise of 3D modeling software
technological innovation provides designers with more choices.

Whether to actively learn andpplythese new toolsis a matter of individual choiceut the
tide of technology development woulfbrce quicker decisiondEmbracing Atritically can
unlock new possibilities, ensuring the design profession evolves to meet futurerajesl
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