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ABSTRACT 

ASSESSING THE UTILITY OF TEXT-TO-IMAGE TOOLS IN 

GENERATING VARIOUS ARCHITECTURAL 

REPRESENTATIONAL TECHNIQUES 

BEKHTA, Nesrine 

M.Sc., Department of Architecture, Altınbaş University

  Supervisor: Asst. Prof. Dr. Can UZUN 

 Date: June/2024 

  Pages: 84 

Over time, the field of architecture has seen and passed by various technologies, from the 

simple usage of computers to the generative AI era that we live nowadays. Text-to-image 

AI is a current state-of-the-art technology, that is revolutionizing today's life, by being used 

in many domains and for various purposes. Architecture is one of the realms that has been 

adopting this technology recently. This thesis aims to explore the use of text-to-image tools 

in the field, by investigating their potential for shaping one of the basics of architectural 

design, which is architectural representational techniques, through a comparative study 

based on rating, by generating various architectural representational techniques using five 

different text-to-image tools available online, and presented to architects raters to rate the 

different generated images by these tools for the different representational techniques. The 

results of this study show the different aspects of text-based image-generation tools and how 

they can handle the generation of the representational techniques differently and propose the 

use of a multi-tool approach for better results while considering the variety of the generated 

images, which provides valuable insight into the use of these technologies in a more efficient 

way and can also shape the basics for future studies for deeper discoveries. 
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Generative Design, AI In Architecture, Diffusion Models For Architecture. 
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ÖZET 

ÇEŞİTLİ MİMARİ TEMSİL TEKNİKLERİNİN ÜRETİLMESİNDE 

METİNDEN GÖRÜNTÜYE ARAÇLARIN YARARLILIĞININ 

DEĞERLENDİRİLMESİ 

BEKHTA, Nesrine 

 Yüksek Lisans, Mimarlık Ana Bilim Dalı, Altınbaş Üniversitesi 

      Danışman: Dr. Öğr. Üyesi Can UZUN 

  Tarih: Haziran/2024 

      Sayfa: 84 

Zamanla mimarlık alanı, bilgisayarların basit kullanımından, günümüzde yaşadığımız 

üretken yapay zeka çağına kadar çeşitli teknolojileri gördü ve geçti. Metinden görüntüye 

yapay zeka, birçok alanda ve çeşitli amaçlarla kullanılarak günümüz yaşamında devrim 

yaratan güncel bir teknolojidir. Mimarlık da bu teknolojiyi son dönemde benimseyen 

alanlardan biri. Bu tez, metinden görüntüye araçlarının bu alanda kullanımını, mimari 

tasarımın temellerinden biri olan mimari temsil tekniklerini şekillendirme potansiyellerini, 

derecelendirmeye dayalı karşılaştırmalı bir çalışma yoluyla, çeşitli mimari yapılar üreterek 

araştırmayı amaçlamaktadır. Çevrimiçi olarak mevcut olan beş farklı metinden resme aracını 

kullanan temsil teknikleri ve bu araçlar tarafından farklı temsil teknikleri için oluşturulan 

farklı görüntüleri derecelendirmek üzere mimar değerlendiricilerine sunulmuştur. Bu 

çalışmanın sonuçları, metin tabanlı görüntü oluşturma araçlarının farklı yönlerini ve temsil 

tekniklerinin oluşturulmasını nasıl farklı şekilde ele alabileceklerini göstermekte ve 
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oluşturulan görüntülerin çeşitliliğini göz önünde bulundurarak daha iyi sonuçlar için çoklu 

araç yaklaşımının kullanılmasını önermektedir. Bu teknolojilerin daha verimli bir şekilde 

kullanılmasına ilişkin değerli bilgiler sağlayan ve aynı zamanda daha derin keşifler için 

gelecekteki çalışmaların temellerini şekillendirebilecek olan. 

Anahtar Kelimeler: Metinden Görüntüye, Üretken Yapay Zeka, Mimari Temsil Teknikleri, 

Üretken Tasarım, Mimarlıkta Yapay Zeka, Mimarlık İçin Difüzyon Modelleri. 
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1. INTRODUCTION

While observing an image, we can swiftly understand its contents and the meaning of its 

objects is decipherable without the need for lengthy descriptions. This phenomenon holds 

particularly true in the realm of architecture, Architects face intricate projects and designs 

that can be visually compelling but solely described through text, that is the importance of 

visual representations in the field of architecture.   

From generative design, which includes generative systems (e.g., L-systems, cellular 

automata), to generative AI (artificial intelligence)  that can produce novel and meaningful 

content based on training data (Feuerriegel et al., 2024), the architecture field’s commitment 

embraces various ways in the pursuit of creating pleasing architectural content. 

In the field of architecture, artificial intelligence, a technology that mimics human 

intelligence, is being used more frequently as a flexible tool and has been used and included 

in many tasks such as the creation of building layouts, the optimization of building 

performance, and also building simulation and using computer programs that work using AI 

algorithms  (Yildirim, 2022a). 

Text-to-image synthesis belongs to the field of generative AI, which in turn is a part of 

artificial intelligence that deals with the distinct properties between textual inputs and vision 

as well as proficiently deciphering the jumbled written descriptions (H. Zhang et al., 2021). 

The field of architecture has embraced this technology, and various studies have adapted it 

in various manners due to its potential to facilitate the conceptualization of ideas using 

natural language, which alters the model of communicating ideas (Paananen et al., 2023).  

Architectural representational techniques are crucial in the design workflow and they ensure 

the development, communication, and visualization of design ideas. They are visual systems 

that can be thought of as 'languages', known as spatial representation systems, and serve as 

mediums through which information passes (Alberto, 1982), and Allen (2009) states that 

they are not neutral and leave their trace on the final outcome. According to de la Fuente 

Suárez (2016), any architectural representation involves the process of the representation of 

experience and the process of experience of the representation, and any representation has 
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two layers, the ‘what’ which is the object, and the ‘how’ which is the representational 

medium. 

1.1 AIM OF THE STUDY 

This thesis aims to showcase the contribution of artificial intelligence (AI) in the field of 

architecture, specifically assessing the usefulness of different text-to-image tools that are 

part of generative AI in the task of generating different architectural representational 

techniques that are bubble diagram, conceptual sketches, floor plan drawings, cross-section 

drawings, elevation drawing, exploded view diagram, rendered 3D model and the 

architectural element details, by evaluation this generated contents relying on the perception 

of architects. By doing so, this study can help shape the basics of adopting these 

technological tools in the design assignment and influence further studies to explore more 

deeply the use of these state-of-the-art methods in architecture due to the capability of the 

field to keep up with the times. This thesis addresses the following questions: Do currently 

available text-to-image tools possess knowledge of the architectural framework and how 

architects are experiencing them? Specifically for the various architectural representational 

techniques, how good are these tools regarding this task? How do these tools process the 

various architectural representational techniques? Given the same text input, will the same 

text-to-image tool generate different images with the same consistency? 



3 

2. LITERATURE REVIEW

In order to understand the topic of using text-to-image tools and specifically assessing their 

utility in generating various architectural representational techniques, it is crucial to 

understand the background of the topic as a whole. This literature review section examines 

the different components that contribute to understanding the subject matter in a top-down 

manner starting with artificial intelligence and its subfields and the generative models in AI, 

and then progressing to the topic of text-to-image generation in the field of architecture.  

2.1 ARTIFICIAL INTELLIGENCE 

Since more than six decades ago, artificial intelligence has evolved with different techniques 

and subfields ranging from rule-based systems to Machine learning and many others (Wirz 

& Gallo, 2020). Artificial intelligence is processing Several tasks that are intended for 

humans to solve, through several approaches instanced by enhancing, simulating, and 

increasing human intelligence when mimicking the activity of a single network was the 

attempt of the earliest AI models with a simple input-output function that got sophisticated 

over decades (Forghani, 2020). Artificial intelligence represents two dimensions, the 

dimension related to thinking and the dimension related to behaving (Delipetrev et al., 2020). 

The pioneering idea of artificial intelligence goes back to ancient Greek mythology with the 

idea of humanoid robots (Mijwil, 2015) in the  journalism of that era when mechanical 

devices acted with seemingly intelligent behavior (Jeffery, 2022). 

The roots of AI can probably be back to 1942 with the history developed by the American 

Science Fiction writer Isaac Asimov about a robot that follows the laws of robotics which 

inspired the scientists (Haenlein & Kaplan, 2019) and the term “Artificial Intelligence” first 

saw the light officially in 1956 when a summer research project at Dartmouth was hosted 

(Haenlein & Kaplan, 2019) (Delipetrev et al., 2020) (Kelleher, 2019). AI Throughout history 

has passed through different periods as (Figure 2.1) shows. In 1951 the  first functioning AI 

programs were written for playing programs (Jeffery, 2022), and then in the 1970s AI saw 

its first winter due to several issues which resulted in a decline in AI activities, then  in 1980s 

it was aimed to capture human knowledge and move it to a computational form in the 

paradigm of AI called “expert system” which saw it decline for the IT lexicon after 1990s 
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and it is known as the second AI winter which is followed by the spring of AI that saw the 

light in the 2010s by the development of deep learning (Delipetrev et al., 2020). 

Figure 2.1: The Curve of AI Periods (Delipetrev et al., 2020). 

Machine learning and deep learning are subfields of AI that use sophisticated algorithms and 

multi-layered neural networks to address problems (Ghosh & Thirugnanam, 2021). Machine 

learning is a technology that allows computers to learn from previous data and make 

predictions of the outcome based on these data by using mathematical models based on 

diverse techniques without being explicitly programmed (Shaveta, 2023) and it allows 

computers to learn, self-teach, and improve as they use huge datasets(Hua, 2022). Machine 

learning can be classified into three categories supervised, unsupervised, and reinforcement 

learning (Hua, 2022) (Shaveta, 2023) (Chaudhary & Vasuja, 2019). Supervised learning is 

for comparing the expected output with the actual one and addressing the errors to be solved 

to reach the expected outcome, this kind of learning can be classified as regression and 

classification, while unsupervised learning involves auto-learning by computers based on 

adopting and discovering from input patterns and it is classified into association and 

clustering (Chaudhary & Vasuja, 2019) as it is shown in (Figure 2.2), while in reinforcement 

learning, the agent is rewarded for its right action and incurs a penalty for each incorrect one, 

thus it tries to perform the best to be rewarded with the most points (Shaveta, 2023). 
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Figure 2.2: Machine Learning Categorization Graph (Chaudhary & Vasuja, 2019). 

Deep learning is a subfield of artificial intelligence, specifically Machine learning, that is 

effective in handling large and complex datasets based on developing large neural network 

models (Kelleher, 2019), and deep learning algorithms algorithms have achieved noticeable 

success in various fields instanced by natural language processing and computer vision 

(Olaoye & Potter, 2024). Deep learning mimics the activity in layers of neurons found in the 

part that represents 80% of the brain where thinking takes place and acquires knowledge 

about the different levels and hierarchies of abstraction and representation in order to 

recognize the patterns of data that come from various sources such as images and texts 

(Bhardwaj et al., 2018). 

2.2 GENERATIVE MODELS IN AI 

To entirely understand the potential of text-to-image generative models, it is crucial to 

understand their scope as well as their background, for this reason, Generative AI, GANs, 

VAE, Diffusion Models, and image synthesis, will be discussed in trying to gain enough 

knowledge about the field, and then text-to-image models will be presented. 

2.2.1 Generative AI 

The term generative AI describes the computational techniques that can produce novel and 

meaningful content based on training data (Feuerriegel et al., 2024), its rapid growth has 

occurred thanks to the advances in deep learning techniques, as well as the accessibility of 

large-scale datasets (Bandi et al., 2023), (Figure 2.3) shows generative AI within the 
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hierarchy of artificial intelligence and basic definitions of the used terms. Generative AI can 

be used across various modalities including video, image, audio, text, code, as well as other 

contexts (Banh & Strobel, 2023). Cao et al. (2023) state that the creation of digital content 

is done through AI models and it can be unimodal if they follow instructions in the same 

format as the generated content or multimodal that accepts cross-modal instruction as seen 

in (Figure 2.4). 

Figure 2.3: Generative AI Within The Hierarchy of Artificial Intelligence (Zhuhadar, 2023). 

Figure 2.4: Unimodal and Multimodal Models of GAI (Cao et al., 2023). 

An investigation of the key techniques of image synthesis generative AI that are essential 

components including Generative Adversarial Networks, Variational Autoencoders, and 
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diffusion models and their differences, and understanding their concepts helps to build the 

knowledge of text-to-image generation. 

2.2.1.1 Generative adversarial networks GANs 

Generative Adversarial Networks (GANs) were first introduced by Goodfellow et al. (2014), 

and they consist of two different networks, a generator network G that is trained to deceive 

the discriminator D which is trained to determine if a particular image is fake, or real. The 

objective of discriminator D is to correctly classify the data source, and the objective of 

generator G is to enhance the performance of generated data, thus, If the input comes from 

the generator G(z) that uses noise z, the discriminator D should classify it as false and label 

it as 0 if the input comes from real data then the discriminator D should classify it as true 

and label it as 1 (K. Wang et al., 2017), the framework of GANs in the case of image 

processing and an exampl of their training are shown in (Figure 2.5). GANs have advantages 

over other generative algorithms such as the few constraints on the design of the generator, 

and the capability of GANs to parallelize the generation as well as their great success 

achieved in the realm of computer vision and image processing (Gui et al., 2023), their fame 

may also be perceived through their various existing variants as (Figure 2.6) demonstrates. 

Figure 2.5: Left: The Framework of GANs in the Example of Image Processing. Right: The 

Training of Gans That Necessitates Training Both, The Generator and The Discriminator Network 

GANs (Bodnar, 2018) (Goodfellow Et Al., 2020). 
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Figure 2.6: The Timeline of GANs Variants (Gui et al., 2023). 

2.2.1.2 Variational autoencoders VAE   

Variational Autoencoders were first introduced by Kingma & Welling (2013), and are 

generation models that leverage a latent space that achieved an extensive application in data 

generation (J. Liu, 2023). According to Baraheem et al. (2023), variational autoencoders are 

based on a decoder and an encoder and their training seeks to decrease the amount of error 

that takes place during reconstruction between the original data and the data after encoding 

and decoding, when the input data is converted into the distribution that gets decoded into 

the original input data (D. Wang et al., 2023). The general framework of VAE can be seen 

in (Figure 2.7). 

Figure 2.7: The General Framework of VAE (F. Liu & Qian, 2022). 

2.2.1.3 Diffusion models 

Recently, one of the widely used models for text-to-image generation is diffusion models, 

inspired by the original work of Sohl-Dickstein et al. (2015), their core concept is influenced 

by non-equilibrium statistical physics and helps to gradually and systematically break down 

the structure in a data distribution through an iterative forward diffusion process and then 

learn to reverse this process and rebuild the patterns. They are known as “diffusion” models 
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due to the noise that is being diffused for non-noisy data, and then the model learns how to 

reverse the process by denoising the data. Diffusion models belong to probabilistic 

generative models that progressively generate samples by introducing noise to data and then 

learn to reverse this process (Yang et al., 2023; Croitoru et al., 2023). The Gaussian noise is 

added progressively to the input until it becomes completely noisy, and then the noise is 

extracted gradually, which is called the forward diffusion process and the backward diffusion 

process, respectively (Croitoru et al., 2023; Fishman et al., 2024). (Figure 2.8) shows the 

idea behind diffusion models. Rombach et al. (2022) state that the advantages of diffusion 

models include avoiding issues like mode-collapse and training instabilities, and effectively 

modeling complex distributions of natural images without requiring a huge number of 

parameters. 

Figure 2.8: The Idea Behind The Diffusion Models, Modified From Source (Yang et al., 2023). 

2.2.2 Image Synthesis 

One possible application of generative AI is image synthesis, worth noting that generating 

images using computers is not a novel concept and dates years ago when the idea of 

computer-generated image content gained momentum in the 1970s (Tsirikoglou et al., 2020). 

Deep learning has a crucial role in the image synthesis domain, and Tsirikoglou et al. (2020) 

state that since its introduction to generative modeling, the emergence of image generation 

methods that do not belong to traditional image synthesis pipelines has appeared (e.g. GANs 

and VAE), and it achieved significant success in image processing and it is the dominant 

method in this field nowadays (Jiao & Zhao, 2019). Baraheem et al. (2023) define image 

synthesis as a significant issue in the computer vision field when attempts have been made 

by the research community to generate high-resolution images, some methods used to 
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generate images can be either, conditioned which means to guide the generation process and 

can take the form of class labels, text, or other forms (Graikos et al., 2023), or unconditioned, 

which means generating images without guidance, when Yang et al. (2023) state that 

generative models were initially developed for unconditional generation, and they 

subsequently closely pursued the development of conditional content, and both can be 

achieved using several types of generative models. (Figure 2.9) shows the varieties of image 

synthesis using several models and the different types of input data. 

Figure 2.9: Classification Of Image Synthesis (Baraheem et al., 2023). 

2.2.3 Text-To-Image Generation 

Text-to-image is a multi-model task seeking to translate the textual inputs into high-quality 

images (Xie et al., 2023), and it involves the intersection of the domain of computer vision 

and natural language processing (Jin et al., 2023). The timeline of the advancements of text-

to-image generation up to 2022 is shown in (Figure 2.10), noting that the field is growing 

rapidly and many other developments are joining the field. The previously discussed 

generative models have also been used for text-to-image generation tasks when text input 

plays the role of the condition that guides the generative models. modern machine-learning 

approaches for text-to-image generation began with the research conducted by Mansimov et 

al. (2015) as discussed by Ramesh et al. (2021) and Zhang et al. (2023). 
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Figure 2.10: The timeline of works on text-to-image generation tasks (C. Zhang et al., 2023). 

Mansimov et al. (2015) attempted to develop a model (Figure 2.11) that can be used in 

practical situations since images are usually accompanied by unstructured textual 

explanations, this new model is adapted from Deep Recurrent Attention Writer (DRAW) 

(Gregor et al., 2015), that belongs to the family of variational autoencoders VAEs, to 

generate images while taking into account textual descriptions using a Bidirectional 

recurrent neural network (RNN) as a language model. Additionally, when it creates an 

image, it dynamically focuses on the pertinent phrases in the accompanying textual 

description. In this model, images are portrayed as a series of patches drawn on a Canvas, 

and captions are depicted as a series of consecutive words, it has been trained and evaluated 

using the Microsoft COCO dataset (T.-Y. Lin et al., 2014). However, as a result, it often 

produces samples that are slightly unfocused, even after trying to augment the model using 

a technique to enhance sharpness afterward. 

Figure 2.11: Right: AlignDRAW Model for Generating Images by Getting an Alignment Between 

the Generating Canvas and the Input Captions. Left: Caption Encoding in Two Directions Using 

Bidirectional RNN. Right; Image Generation (Mansimov et al., 2015). 
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GAN algorithms are also used for text-to-image synthesis, and some of its variants have been 

used for this task.  Zhou et al. (2021) categorize the improvements in generating images from 

text using GANs into three groups, and GANs variants belong to these categories of 

improvements, (Figure 2.12) shows the use of GANs in the task of text-to-image generation 

as well as the improvements categories. For instance, Xu et al. (2018) proposed an 

Attentional Generative Adversarial Network (AttnGAN), that generates images by first 

paying attention to the different parts of the textual description, after that the matching loss 

between the image and text is counted to train the generation. Another example can be seen 

in the work of  Zhang et al. (2017) when Stacked Generative Adversarial Networks 

(StackGAN), the proposed approach generates images from text passing through stages I, 

when the object is outlined first based on the text input and then stage II in which it gets 

corrected with the addition of further details. 

Figure 2.12: Left: General Text-to-image Synthesis Using GANs, When the Text is Embedded 

First Into Vectors, Then the Generator G Creates Fake Images, When Xg Represents the Image 

Generator Receiving the Text Features Φ(T) And The Noise Vector Z, And Xr Represents the 

Distribution Of Real Samples Used By the Discriminator. Right: The Improvements for the Three 

Steps of Text-to-image Generation Using GANs (Zhou et al., 2021). 

Other more advanced approaches have appeared, instanced by the work of Ramesh et al. 

(2021) when a transformer-based (Vaswani et al., 2017) method is used, a straightforward 

method has been suggested using an autoregressive transformer that has been trained in a 

two-stage procedure, compress each large image into a grid of smaller parts, and train an 

autoregressive transformer to understand how the text and image parts are related, 

respectively, when applied on a large scale. Gafni et al. (2022) proposed a new text-to-image 

method using an autoregressive transformer, the method involves integrating a 

straightforward control mechanism that complements text using scenes, enhances the 
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tokenization process using some components, and adjusts transformer guidance without the 

need for classifiers, additionally, this method provides also novel capabilities such as dealing 

with atypical text instruction and scene editing. 

2.2.3.1 State-of-the-art text-to-image generators 

Several models that are used to generate images from textual descriptions have been 

developed in recent years, and many of these approaches have been presented in research 

papers and articles to advocate and elucidate their methods. It is worth noting that not all the 

generators presented in research papers are available to the public or they do not have an 

available online interface, the different models are presented here to highlight the differences 

that may exist between them even though some of them used the same model. 

GLIDE is a text-to-image model that was introduced by Nichol et al. (2022) when 

investigating the application of diffusion models in text-based image synthesis with the 

incorporation of a text encoder to make it dependent on descriptions in natural language 

when the text is first encoded into tokens, and then fed into a transformer model. The process 

was done by using two different guidance strategies CLIP (Radford et al., 2021), and 

classifier-free guidance. 

DALL-E 2 is one of the most famous text-to-image models. Ramesh et al., (2022) proposed 

a combination of diffusion models commonly used in generation tasks with CLIP 

embeddings that its latent space has the potential to semantically modify images by shifting 

towards any encoded text direction, this combination starts by first training a diffusion 

decoder to reverse the CLIP image encoder while this diffusion decoder can then generate 

multiple images from a given image embedding. An overview of DALL-2 can be seen in 

(Figure 2.13). DALLE-2 has been compared with another model which is Imagen, Saharia 

et al. (2022) found that Imagen performs better than other simultaneous efforts of DALL-E 

2, and Imagen was presented as a text-to-image diffusion model that merges the advanced 

high-quality diffusion models with the capabilities of large transformer language model and 

this combination results in a high level of photorealism and a profound level of language 

understanding in text-to-image synthesis has been trained on text embeddings from large 

language model instead of image-text data and it uses text-conditional super-resolution 

diffusion models to upsample the image, (Figure 2.14) shows the workflow of Imagen. 
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Figure 2.13: A High-level View of the General Structure of DALL-E 2, Adapted From Source 

(Ramesh et al., 2022) and (O’Connor, 2023). 

Figure 2.14: Workflow of Imagen; The text Is Encoded to Embeddings, Which Are Mapped Into a 

Low-resolution Image Using a Diffusion Model, and Then the Image Gets Upsampled Using 

Super-resolution Diffusion Models (Saharia et al., 2022). 

Stable diffusion is also another text-to-image generator model, in which images are denoised 

to get a high-resolution image that matches the textual input (Lee et al., 2023), with the 

presence of several components that form the whole model (Alammar, 2022). The model 

can efficiently operate on consumer-grade GPUs, allowing it to generate high-quality images 

at a high resolution in a matter of seconds, and it incorporates valuable insights from 

conditional diffusion models and is built upon the work of latent diffusion models (Stable 

Diffusion Launch Announcement, 2022). In the work of Rombach et al. (2022a), the 

departure to latent space to synthesize high-resolution images is discussed, by first analyzing 

the trained diffusion models in pixel space and then undergoing a two-stage learning, the 
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stage of perceptual compression that eliminates high-frequency details while keeping 

minimal semantic variation, and then the generative model learns the semantic and 

conceptual composition of the data, both with cross attention conditioning mechanism to 

allow the multi-modal training, help to improve the training and sampling efficiency of 

denoising diffusion models greatly while maintaining their quality across various conditional 

image synthesis tasks (Figure 2.15). 

Figure 2.15: The Conditioning of the Latent Space, Adapted From Source (Rombach et al., 

2022a). 

DALL-E 3 is one of the newest text-to-image generators by open AI and is more improved 

than DALL-E 2. DALL-E 3 has been added as an image generator Constituent to ChatGPT 

(OpenAI, 2023). DALL-E 3 is a latent diffusion model that applies caption improvement to 

deal with the prompt following, by providing the captioner with captions that describe the 

general context of the images and significantly descriptive captions that capture more details 

(Betker et al., 2023). DALL-E 3 can follow the details provided in the textual prompts as 

well as generate uncommon scenes (K. Lin et al., 2023). 

2.3 TEXT-TO-IMAGE GENERATION IN THE FIELD OF ARCHITECTURE 

In advance of considering the usage of text-to-image technologies in the field of architecture, 

it is essential to understand their applicability in some related fields. This helps to provide a 

wider perspective of the topic, the capabilities of these tools, as well as their features that 

differ from one tool to another and across different applications. 

In the realm of urban design, Yildirim (2022a) states that text-to-image tools offer 

advantages for the field since they can help generate the desired environment quickly instead 

of creating each element manually, which may be advocated by the work of Seneviratne et 

al. (2022) when they investigated the proficiency and biases of text-to-image methods and 
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their application to the built environment precisely in urban planning, by generating queries 

related to this environment and then evaluating these generations, as a consequence, it has 

been found that the model can generate high-quality images in different image styles with 

capturing the features of in urban design, an example is shown in (Figure 2.16) when the 

concept of healthy and unhealthy neighborhoods has been captured. However, a limitation 

in creating life-like real-world scenes with high precision has been observed. This may show 

that the tools can be improved to accomplish urban-specific tasks and take into consideration 

the elements of the urban environment. 

Figure 2.16: Top: The Generated Images Represent Healthy Neighborhoods. Bottom: The 

Generated Images Represent Unhealthy Neighborhoods (Seneviratne et al., 2022). 

Interior design is a field that benefits from generating images from text. Yildirim (2022a) 

states that text-to-image tools offer advantages for interior design with their ability to 

generate realistic images quickly with the flexibility to explore a broad range of options, and 

it is adopted in the field across diverse applications. For instance, Loder (2023) searched the 

use of AI imaging tools for interior design through a workshop that involved participants 

from relevant fields, finding that using Modjourney AI for designing different aspects of 

interior design was appreciated for its unimagined outcomes, but limited at the same time 

since the results were not precise, which highlight the advantages and the creative outcome 

of AI tools that can be improved to reach the level of precision that human designers show. 



17 

These tools can be also adapted to interior design using another approach, illustrated by the 

study of Chen, Shao, et al. (2023) when an interior decoration style dataset was created and 

used to retrain and fine-tune diffusion model by proposing a novel loss function, which 

guides the model to generate interior design images that satisfy the requirements, an example 

of these images is shown in (Figure 2.17). The role that text-to-image AI can play in concept 

generation was also discovered as the study of Brisco et al. (2023) shows when they searched 

the possibility of using modern text-to-image AI such as Midjourney and DALL-E 2 to 

replace human designers in the stage of generating design concept, in their study, the 

generated images depict a chair. As a result, it was concluded that the generated images 

could be used as a source of inspiration. However, they still can not replace designers in the 

task of concept generation. The reviewed literature shows that in architecture-related fields, 

efforts to adopt the advanced technologies of artificial intelligence are made. Nevertheless, 

many improvements can be applied to meet the specific requirements of the different 

disciplines. 

Figure 2.17: Example of Children’s Room Generated by the Fine-tuned Model (Chen, Shao, et al., 

2023). 

In architecture, through the examination of the literature, it can be observed that text-to-

image tools have been adapted in various ways and through different lenses, enriching the 

application of artificial intelligence in the field. Some studies have investigated the utility of 

these technologies in architectural education practice, which may support the learning 

environment and stimulate creative thinking. To cite an instance, Yildirim (2022b) examined 

a design problem presented to first-year architecture students to convert written quotes into 

dimensional reliefs through abstraction using text-to-image tools, finding that these tools, 

helped students expand their perspective, think abstractly and creatively, and provide them 

with a supple learning environment. The study of  Paananen et al. (2023) is another one 

conducted in the educational workflow, when a laboratory study was conducted with 
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architecture students to develop a concept for a culture center using text-to-image tools in 

the first stages of the design process, The study found that these tools can have a positive 

impact on supporting ideas discovering and spark creative mindset when carefully 

incorporating design constraints. Other studies focus on how these technologies are being 

adopted by the field, highlighting that there is interest in adopting them, as the study of 

Ploennigs & Berger (2023a) shows, when a study analyzing the available queries related to 

the realm of architecture in the Midjourney AI platform was done, finding that architecture 

use cases are broadly present and these tools can be used for idea generation, variants 

creation, and architectural collages. Other studies have taken another approach focusing on 

adapting the different tools to architectural knowledge, to show the adaptability of these 

latest technologies in the field. Ploennigs & Berger (2023b), researched the computational 

design capabilities of diffusion-based AI generators, specifically for the generation of floor 

plans, and also developed an approach with an enhanced semantic encoding, when according 

to their experiments, the fine-tuning improved the validity of the generated floor plans to 

90%. Likewise, Chen, Wang, et al. (2023) proposed a new text-to-image generation AI 

method that works through an improved diffusion model based on textual inputs, the 

proposed method is specified for generating designs with specific styles and master architect 

quality, summarizing that this method provides diversity, the optimization of the workflow, 

and the usability in diverse domains which provides quality and efficiency, some examples 

of the resulted images can be seen in (Figure 2.18). 

Figure 2.18: Example of Generated Images by the Improved Diffusion odel reRpresenting 

Architectural Design in the Style of Franck Ghery (Chen, Wang, et al., 2023). 

Other studies highlight the usefulness of these state-of-the-art tools differently. Jaruga-

Rozdolska (2022) investigated the implementations of Midjourney AI in architecture and 

evaluated the resulting generations including concept generation, technical drawings, and 
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architect-specific manner drawings, showing that artificial intelligence can save architects 

time due to its speed. However, evaluating the usability of the buildings is the role of the 

architects since the output of artificial intelligence represents only the first phase of creation. 

Comparably, the study of Radhakrishnan (2023)  sought to identify if the strategies of AI-

Art can be an obstacle to the creativity linked with architectural imagery through conducting 

research experiments and analyzing the literature review, finding that AI art is not a 

competitor in the creative process, with the need to ensure that protection of the creativity in 

this age of automation. The importance of the designer’s capabilities was highlighted by the 

study conducted by Z. Zhang et al. (2023), which investigated the comparison of designs, 

the ones generated by artificial intelligence and the ones designed by the architect Antonio 

Gaudi based on some metrics criteria, suggesting that in some aspects such as authenticity 

the designs of Gaudi were better, and in others AI outperformed emphasizing the uniqueness 

of human design. Tanugraha (2023) adds another contribution to this perspective, when 

investigating the use of Midjourney AI in supplying ideas to the vernacular architecture, 

revealing that Midjourney can play the role of virtual assistant and help generate concept 

ideas for selecting the right material, nevertheless, its capability to implement structural logic 

into its designs has not yet demonstrated. Albaghajati et al. (2023) explored the potential of 

text-to-image tools by conducting interviews with designers who experienced already text-

to-image tools within architectural practice, finding that their application varies across the 

different design stages, and helps to enhance creativity, imagination, and visualization 

notably in the early design stage. 

Different from these works, this thesis study concentrates on using text-to-image tools to 

generate images representing architectural representational techniques to highlight their 

significance within the architecture workflow.  
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3. METHODOLOGY

3.1 CONTEXT 

In the literature, different distinctions of representational techniques can be found. Lockard, 

(1982) distinguished between qualitative representations that convey the experience of 

realism of the designed environment such as perspectives, and quantitative representations 

such as orthographic projections. In the work of Alberto (1982), the types of representation 

are grouped into three categories, two-dimensional, three-dimensional, and the fourth 

dimension. Riahi (2017) argues that drawings have been the principal medium of 

representation of architecture. However, lastly, alternative visual methods such as digital 

media expanded the horizon of architectural representation, Shojaee et al. (2022) distinct 

between three methods of architectural representation that belong to different periods and 

are, architectural Representation as imitation, and mimesis, architecture as abstraction, and 

architecture as simulation. Farrelly (2008), provides an in-depth classification of 

architectural representational techniques that are: Sketch, scale, orthographic projection, 

three-dimensional images, modelling, and layout and presentation, and each category 

contains sub-categories. The richness of this classification presents a suitable framework for 

this study. Sketch, scale, orthographic projection, and modeling have been selected, to 

explore a wide range of techniques, as well as, the inclusion of diagrams to explore in a 

wider way the abilities of text-to-image tools, in addition to the importance of diagrams in 

communicating architectural ideas since they are an important representation tool that is used 

to explain ideas and can be used in different stages of the design from the early to the 

implementation stage (Baydogan & Karamış, 2023). 

To convey different aspects of architectural design, a broad range of representational 

techniques has been curated. From the sketch category, conceptual sketches have been 

selected since the case study examines a general concept.  Plans, sections, and elevations 

have been selected as being integral components of orthographic projection. For the scale 

category, and to complement the orthographic projection, detail scale drawings were used. 

To represent a model of architectural work and since the modelling is a technique of 

representation, the choice has been made to utilize rendered 3D model to cover both the 

modeling process and rendering effects. Finally, in terms of diagrams, two distinct types 
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have been utilized, the bubble diagram which is used to visualize spatial connectivity (Yong 

& Chibiao, 2022), and the exploded view diagram which encompasses the essence of 

diagram as well as the meaning of three-dimensional drawing defined by Farrelly (2008) as 

a visual that convincingly conveys the overall sense of a project when combined with other 

two-dimensional drawings. Overall, the architectural representational techniques addressed 

in this study are conceptual sketches, plans, sections, detail scale drawings, rendered 3D 

model, bubble diagram, and exploded-view diagram. 

To investigate the potential of different text-to-image tools for various architectural 

representational techniques, the case study of a two-floor house project has been selected. 

This selection is made based on the universality of this type of building, since it is one of the 

most widespread buildings that can be found anywhere, as the survey of this study is 

destinated to architects all over the world, and it is one of the fundamental building types 

that all architects, have experience with, at least, during their education, which allows 

discovering how text-to-image tools can generate different representational techniques for 

various architectural aspects that can be found in other types of buildings. The two-floor 

selection has been made in trying to guide the text-to-image tools more specifically to 

explore different spatial interactions between the floors like staircases in this study. 

3.2 DATA CREATION 

3.2.1 Prompt Design 

A prompt is defined as an input of a natural language that the model receives and the output 

is an image in the case of text-to-image generation (Pavlichenko & Ustalov, 2023). Since 

text prompts are open-ended and free-form, it means that many ways to generate images are 

available, which might make generating an image become a method of exhaustive trial and 

error (V. Liu & Chilton, 2023). Thus, the textual input prompts must be provided in a specific 

format, which belongs to the research known as prompt engineering (Oppenlaender, 2023), 

in which Oppenlaender et al. (2023) defines 'skill in prompt engineering' as effectively using 

language and prior knowledge to create prompts that describe the desired outputs. Templates 

and guidelines of these text prompts are used to help in writing the prompts appropriately to 

keep the same design for all the prompts and avoid misunderstandings and biases. Recent 

studies have provided some templates or prompt designs that help to create and modify the 



22 

textual prompts to generate visually appealing images. Some templates are available online 

to help the text-to-image AI users community write their prompts. parsons (2022) developed 

a prompt book that guides the creation of textual prompts to use DALL-E 2 by providing 

different keywords for different types of images. Additionally, the work of Smith (2022) 

introduced the template: [Medium] [Subject] [Artist(s)] [Details] [Image repository support] 

that can be applied to CLIP Guided Diffusion notebooks, CLIP (Radford et al., 2021), is a 

multi-model for learning representations of text and image collaboratively (Bianchi et al., 

2021). Moreover, some studies and research explored different ways that help formulate 

textual prompts in a general way. For example, the work of  Pavlichenko & Ustalov (2023) 

provides the prompt format as follows:  [kw1, . . . , kwm−1] [description] [kwm, . . . , kwn] 

when a prompt contains the description which is the main subject and the keywords that 

describe this subject and take place before and after the description, as well as the study of 

Oppenlaender (2023) that provides an academic understanding of text-to-image generation 

by providing a taxonomy of different types of text modifiers when a list of prompt modifiers 

was compiled, these modifiers help to direct the text-to-image system and thus modify the 

resulting images as seen in (Figure 3.1). 

Figure 3.1: The list of Prompt Modifiers (Oppenlaender, 2023). 

For this thesis study, to create the desired textual prompts, the architectural context has been 

taken into consideration, without mentioning any specific architect or any specific 

architectural period style to avoid any kind of bias. The taxonomy of Oppenlaender (2023) 

is used by selecting two key modifiers, [subject term] which is subject (e.g. floor plan, 

conceptual), and [style modifier], in this case, is the type of representations that can be 

drawing, sketch, model, and diagram, and also keywords representing extra information are 
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used as Pavlichenko & Ustalov (2023) define, and they can be placed before and after the 

description. In this study case they are placed last, and are ‘two-floor’ and ‘house project’. 

Also to provide more context understanding, another keyword is placed first in the cases 

where emphasizing the architectural context is necessary to highlight it and avoid any 

ambiguity. Such as ‘Architectural’ for the bubble diagram and the exploded view diagram, 

‘rendered’ for the 3D model, and ‘technical’ ‘detailed’ for the element details. Thus, these 

elements represent the main idea of the textual prompt since the subject and style keywords 

are the most contributing words more than the connecting words (V. Liu & Chilton, 2023). 

Singular and plural forms of the subject terms are leveraged to guide the tools, as well as 

assess the ability of the tools to understand the grammatical structure. Therefore, in this study 

the general prompt format is  ‘keyword (s)’ [subject term] [style modifier] of a ‘keyword’ 

‘keyword’ ‘keyword’. Accordingly, the ‘keywords’ [subject term] [style modifier] of a two-

floor house project. The prompts for each representational technique are shown in (Figure 

3.2). 

Figure 3.2: The Representational Techniques, Prompt Format, and Final Prompt (Created by the 

Author). 
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3.2.2 Images Generation: Tools And Steps 

Five available online text-to-image tools have been used, and this selection aims to vary the 

tools (e.g. LookX AI focuses on architectural content), thus varying the generated images, 

providing the possibility for the study participants to try these tools by choosing free 

available ones. As well as due to their friendly user interface. The tools are; DreamStudio 

AI (DreamStudio, n.d.), Microsoft Bing AI (Bing, n.d.), Limewire AI specifically the 

BlueWillow model (LimeWire AI Studio, n.d.), LookX AI (LookX AI Cloud, n.d.) and 

Leonardo AI (Leonardo.Ai, n.d.). The models underlying these tools differ. For instance, 

DreamStudio AI uses Stable diffusion model (Rombach et al., 2022b) and Microsoft Bing 

AI is based on DALLE-3 (Betker et al., 2023). 

To generate images, the default parameters for each tool have been kept, thus avoiding any 

confusion, and since they are not modifiable in all tools, to assess fairness among the tools 

and provide architects without previous knowledge of these technologies the chance to use 

them in their workflow. For each tool and each architectural representational technique, the 

same prompt was used. While Bing AI, chosen due to its use of one of the last text-to-image 

models and its available documentation, generates mandatory four images per prompt, other 

tools provide the choice of the number of generated images,  to ensure fairness, two images 

are generated from each tool, at once, and for Bing AI two generated images have been 

selected. Choosing to select two generated images among other possibilities is to balance 

between exploring the tools' potential, thus providing participants with a sufficient variety 

as well as minimizing the bias during the rating process in the survey. Thus, for each tool 

and each representational technique, we have two images, and since there are five tools, it 

makes the total number for each technique ten images, a sample of the generated images is 

shown in (Figure 3.3) and all the generated ones are shown from (Figure A1) to (Figure A8). 
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Figure 3.3: A Sample of the Images Generated by the Different text-to-image Tools Representing 

an Architectural Bubble Diagram (Created by the Author). 

3.3 DATA COLLECTION: A SURVEY 

To carry out the study research, a survey was conducted following the generation of the 

desired images for each architectural representational technique, in order to evaluate the 

generated images of text-to-image tools which aligns with  the approach of the survey 

conducting as in the case of similar some previous studies such as the work of Saharia et al. 

(2022) and the work of Marcus et al. (2022). 

The survey is structured into various parts. The introduction section holds key information 

about the study for the purpose of guiding the participants, by containing the importance of 

participation in this research and the confidentiality of their data. This introduction part also 

includes the task of this survey, which is to rate the different images generated by different 

text-to-image AI, using a Likert scale from 1 to 5, where 1 indicates strongly disagree and 5 

indicates strongly agree, with the possibility of assigning the same rating for various images. 

The definition of ‘text prompt’ is mentioned as well to achieve clarity on the core subject 

and links to each tool are provided, thus, participants get the chance to try these tools, 

specifically those who have never experienced them. A sample of the introduction part is 

shown in (Figure 3.4). 
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Figure 3.4: A Sample of the English Introduction Part of the Survey (Created by the Author). 

Participating in the survey is restricted to individuals with an architectural background, thus 

ensuring their knowledge about the field of architecture and the various representational 

techniques. The survey is available in English, Arabic, and French to maximize participation. 

Thus, after the consent text, participants start the answering phase. 

 After answering basic questions related to their background and their position in the field 

of architecture (postgraduate architecture students, or architects), participants are asked to 

answer if they have already used text-to-image tools in the field of architecture and then 

describe their experience with the text-to-image AI tools in the field ranging from very 

dissatisfied and very satisfied in order to assess how these tools are being adapted in the 

field. Raters start the main part of the survey which is the rating process of the generated 

images, noting that they are not presented in order and the name of the used tools is not 

shown to avoid any possible bias, each group of images belonging to a specific technique is 

anteceded by a definition of that technique, in addition to the text prompt used to generate 

the images. The presented questions that contribute to the research questions are shown in 

(Table 3.1), and a sample of the survey can be seen in (Figure 3.5). 
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Table 3.1: The Survey Questions (Created by the Author). 

Bubble diagram 
Architectural bubble diagram 

of a two-floor house project 

 Conceptual 

sketches 

Conceptual sketches of a 

two-floor house project 

Questions     Question text Images to rate     Answers 

The use of text-

to-image tools 

in the field of 

architecture 

Have you ever used text-to-

image tools in the field of 

architecture? 

         None 

Yes ☐  

 No☐ 

If the answer is yes, how do 

you describe your 

experience? 

Very 

dissatisfied/ 

Dissatisfied 

Neutral/ 

Satisfied/ very 

Satisfied 

Images rating 

for   each 

technique 

Rate the following images 

according to their 

representation of the 

following prompt 

Rating scale: 

1  2  3  4  5 
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Table 3.1: The Survey Questions “Table Continued”. 

Floor plan 

drawings 

Floor plan drawings of a 

two-floor house project 

Cross-section 

drawing 

Cross section drawing of a 

two-floor house project 

Elevation 

drawing 

Elevation drawing of a two-

floor house project 

exploded view 

diagram 

Architectural exploded view 

diagram of a two-floor house 

project 

Rendered 3D 

model 

Rendered 3D model of a 

two-floor house project 

Details 

drawings 

Technical detailed staircase 

drawings of a two-floor 

house project 
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Figure 3.5: A Sample of the Survey for the Conceptual Sketches (Created by the Author).. 

3.3.1 Data Analysis 

The collected data for this research consists of the first phase that is based on the responses 

of participants about their experience with the different text-to-image tools. Thus, exploring 

the widespread use of these tools and how architects are experiencing them.  

In the second phase, the rating average scores collected through the survey are analyzed. To 

find the average score recorded for each technique, the average scores for the images 

belonging to a specific technique are calculated and they are shown in (Table A1). Then for 

each technique, the average scores for the two images generated by each tool are counted to 

explore the score recorded by each tool to assess how these different tools process the various 

techniques and explore their performance (Table A2). In the aim of investigating the 

consistency of the same tool for the same text prompt, the scores of the two images generated 
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by the same tool are compared as seen form thus comparing each average score recorded for 

each image within the same technique (Table A3) to (Table A11). 
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4. FINDINGS

The numerical data collected from this survey will shape the findings of this study aiming to 

gather valuable insights about the current state of using text-to-image tools in terms of 

generating different architectural representational techniques. The findings of this study are 

based on numerical scores that are rounded to two decimal places in an attempt to present 

the findings clearly. 

4.1 TEXT-TO-IMAGE TOOLS IN ARCHITECTURAL PRACTICE 

At the beginning of the survey, in order to investigate how text-to-image tools are currently 

interacting with the field of architecture, architects were asked if they already use text-to-

image tools in architecture, and how they describe their experience. Among 111 architects 

who arrived at this question, 39 architects (35.14%) answered ‘yes’ and 72 architects ( 

64.86%) answered ‘No’.For the ones who answered ‘yes’ only 27 architects expressed their 

experience, when a difference is seen in how architects experienced these tools, most of them 

(40.74%) describe it as ‘neutral’, (37.04%) as ‘satisfied’, (11.11%) as ‘very satisfied’, 

(11.11%) as ‘dissatisfied’ and no one described it as ‘very dissatisfied’, Figure 4.1 shows 

the experiences of architects gathered using a Likert scale. 

Figure 4.1: The Experience of Architects With Text-to-image Tools In the Field of Architecture 

(Created by the Author). 

4.2 THE PERFORMANCE OF TOOLS ACROSS THE DIFFERENT 

TECHNIQUES 

To assess the performance of the different text-to-image tools in generating the different 

architectural representational techniques, the average score of each technique has been 

revealed, and then compared with the other scores. The results show that there is a distinct 

preference for the participants for some images representing the different representational 
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techniques as seen in (Chart 4.1) when the rendered 3D model scored highest with an average 

score of 3.30 (out of 5) suggesting the visual appeal of the technique, as well as its easiness 

to be conveyed using text input, conversely, the lowest average score, was scored for the 

images representing the bubble diagram techniques with an average score of 1.98 out of 5 

suggesting the complexity of text-to-image tools to convey the idea of bubble diagram using 

text description. The average scores recorded for the other techniques have been revealed as 

well, and in descending order, they are floor plan drawings, elevation drawing, conceptual 

sketches, cross-section drawing, exploded view diagram, and architectural element details 

drawings. 

Chart 4.1: The Average Score Recorded for the Different Architectural Representational 

Techniques (Created by the Author). 

4.3 THE PERFORMANCE OF TOOLS FOR EACH TECHNIQUE 

The findings of the performance of tools across the different techniques lead to the 

exploration of the average scores recorded for each tool and the way they interact with the 

different representational techniques to see how they behave to the same text input for every 

technique. The results show that each tool operates differently for the various architectural 
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representational techniques with variability in performance; there is no single tool that 

performs as the most efficient one in handling all the different representational techniques. 

For instance, for the highest score recorded by the rendered 3D model, all text-to-image tools 

scored higher than 3 except for one tool that scored 2.96 (out of 5), which is the lowest score 

recorded by BluWillow AI, and the Leonardo AI tool scored highest with a score of 3.67. 

For the lowest score recorded by the bubble diagram, all the scores are under 2.5, and  

Leonardo AI tool scored highest too with a score of 2.34 and Bing AI scored the lowest as 

(Chart 4.2) shows, even though the average scores for each technique are different, Leonardo 

AI scored the highest for both techniques. 

Chart 4.2: Chart of The Average Scores Recorded for Each Tool for the Rendered 3D Model and 

the Bubble Diagram. Left: The Recorded Scores for the Rendered 3D-Model Representational 

Technique. Right: The Recorded Scores for the Bubble Diagram Representational Technique 

(Created by the Author). 

For the floor plan drawings scored 3.25, it can be seen from (Chart 4.3) that there is a slight 

discrepancy in the average scores of the tools, with the highest score recorded for the LookX 

AI tool and the lowest score has been recorded for the Bing AI tool. 
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Chart 4.3: The Average Scores for Each Text-to-image Tool Recorded for the Floor Plan 

Drawings (Created by the Author). 

The elevation drawing scored 2.88, and it can be seen from (Chart 4.4) that there is a fairly 

large discrepancy in the score recorded for each tool, noting that DreamStudio AI scored the 

highest. Bing AI tool scored the lowest, as in the case of the bubble diagram and the floor 

plan drawings. 

Chart 4.4: The Average Scores For Each Text-to-image Tool Recorded for the Elevation Drawing 

(Created by the Author). 
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The conceptual sketches recorded 2.71, mentioning the slight discrepancy in the average 

scores of the tools seen in (Chart 4.5), and Leonardo AI tool scored the highest, while LookX 

AI scored the lowest, although it scored the highest for the floor plan drawings. 

Chart 4.5: The Average Scores for Each Text-to-image Tool Recorded for the Conceptual 

Sketches (Created by the Author). 

For the cross-section drawing, it can be seen from (Chart 4.6) that there is a discrepancy 

between the scores recorded for each tool specifically between Bing AI tool and LookX AI 

tool. Bing AI tool scored the highest even though it scored the lowest for some other 

techniques such as the elevation drawing, floor plan drawings, and the bubble diagram. 

LookX AI scored the lowest even though it scored the highest for the floor plan drawings. 

Chart 4.6: The Average Scores for each Text-to-image Tool Recorded for the Cross-Section 

Drawing (Created by the Author). 



36 

The exploded view diagram shows a difference in average scores recorded for each tool as 

(Chart 4.7) shows, noting that BlueWillow AI scored the highest although it scored the 

lowest for the rendered 3D model and the element details drawings, and LookX AI scored 

the lowest again, as in the case for some other techniques. 

Chart 4.7: The Average Scores for Each Text-to-image Tool Recorded for the Exploded View 

Diagram (Created by the Author). 

For the architectural element details drawing, the difference between the scores recorded by 

each tool is a bit slight as (Chart 4.8) shows, with the tool DreamStudio AI scoring the 

highest as it is the case for the elevation drawing, and BlueWillow scored the lowest as it is 

the case for the rendered 3D model while it scored highest for the exploded view diagram. 

Chart 4.8: The Average Scores for Each Text-to-image Tool Recorded for the Architectural 

Element Details (Created by the Author). 
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4.4 THE RESPONSE OF THE TOOLS TO THE SAME TEXT PROMPT 

The reaction of the same tool to the same text prompt has been investigated to explore the 

consistency of the same tool for the same text prompt by exploring and comparing the 

average scores of the two images generated from each tool at once for the same text prompt 

within the representational techniques, meaning examining the difference between the 

average scores of the images that are seen as highly or slightly noticeable and could differ 

from a tool to another or even the same tool across the various representational techniques.  

For the images representing the bubble diagram and generated by the different tools it can 

be seen from (Chart 4.9) that there is a slight difference between the average scores of each 

two images generated by one tool when the highest difference in average scores is found 

between the images generated by Leonardo AI tool when one image scored 2.17 (out of 5) 

and the other one scored 2.50 with a difference of 0.33 (6.6٪) and the lowest difference is 

found between the scored of the images generated using DreamStudio AI tool when one 

image scored 1.86 and the other one scored 1.95 with a difference of 0.09 (1.8٪). 

Chart 4.9: The Average Scores for Every Two Images Generated by Each of the Text-To-Image 

Tools for the Bubble Diagram (Created by the Author). 

For the conceptual sketches, from (Chart 4.10), it is observed that there is a slight difference 

between the average scores of each of the two images generated by one tool, noting that in 

this case unlike the case of the bubble diagram, the highest difference is recorded between 
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the average scores recorded for images generated by DreamStudio AI tool when one image 

scored 2.64 and the other one scored 3.14 with a difference of 0.5 (10٪) and the lowest 

difference is recorded between the average scores recorded for images generated by 

Leonardo AI tool when one image scored 3.00 and the other one scored 3.02 with a 

difference of 0.02 (0.4٪). 

Chart 4.10: The Average Scores for Every Two Images Generated by Each Text-to-image Tool for 

the Conceptual Sketches (Created by the Author). 

In the case of cross-section drawing, (Chart 4.11) shows that the difference in the average 

scores between the two images generated by each tool is significant, thus, the consistency is 

low somewhat except for the difference between the average scores of the images generated 

by LookX AI tool which is the lowest, when one image scored 1.29 and the other one scored 

1.33 with a difference of 0.04 (0.8٪), and the biggest difference is found between the images 

generated using Leonardo AI tool when one image socred 2.48 and the other one scored 3.48 

with the difference of 1 (20٪). 
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Chart 4.11: The Average Scores for Every Two Images Generated by Each Text-To-Image Tool 

for the Cross-Section Drawing (Created by the Author). 

For the exploded view diagram, as seen in (Chart 4.12), the difference in the average scores 

between every two images generated by the same tool is a bit unstable for some tools, the 

difference in scores for the images generated by the LookX AI tool is the highest, one image 

scored 1.36 and the other one scored 2.26, meaning that the difference is 0.9 (18٪), and the 

difference in scores for the images generated by Leonardo AI is the lowest when one image 

scored 2.48 and the other one scored 2.50 with a difference of 0.02 (0.4٪), which is the 

opposite of the cross-section drawing case.  

Chart 4.12: The Average Scores for Every Two Images Generated By Each Text-to-image Tool 

for the Exploded View Diagram (Created by the Author). 
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In the case of the floor plan drawings, it is observed from (Chart 4.13) that the difference 

between the average scores between every two images generated by the same tool is a bit 

unstable for some tools, the highest difference in scores is seen in the two images generated 

by LookX AI tool when one image scored 3.50 and the other scored 4.36 with a difference 

of 0.76 (15.2٪) and the lowest difference is found between the two images generated by 

BlueWillow AI tool with a difference of 0.03 (0.6٪). 

Chart 4.13: The Average Scores for Every Two Images Generated by Each Text-to-image Tool for 

he Floor Plan Drawings (Created by the Author). 

In the case of the elevation drawing, it can be seen from (Chart 4.14) that the difference in 

the average scores between every two images generated by the same tool, is unstable when 

the difference in scores between the images generated by Leonardo AI and LookX AI is very 

significant. The difference in scores of the images generated by LookX AI is the highest 

among others, one image scored 1.69 and the other one scored 3.50 with a difference of 

1.81(36.2٪), and the difference in scores using Bing AI is the lowest, one image socred 1.69 

and the other scored 1.86 with a difference of 0.17 (3.4٪). The elevation drawing recorded 

the biggest difference between the highest and lowest difference between each two images, 

and  (Figure 4.2) shows these images generated by Bing AI and LookX AI. 
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Chart 4.14: The Average Scores for Every Two Images Generated by Each Text-to-image Tool for 

the Elevation Drawing (Created by the Author). 

Figure 4.2: The Images Generated by LookX AI and Bing AI Representing the Elevation Drawing, 

and Their Average Score (Created by the Author). 

For the rendered 3D model, (Chart 4.15) shows that the difference in the average scores 

between every two images generated by the same tool is slight somewhat and the highest 

one is found between the images generated using Bing AI tool in this case when one image 

scored 3.02 and the other one scored 3.71 with a difference of 0.69 (13.8٪) and the lowest 



42 

score is found between the images generated by DreamStudio AI, one image scored 3.45 

and the other one scored 3.48 with a difference of 0.03 (0.6٪). 

Chart 4.15: The Average Scores for Every Two Images Generated By Each Text-To-Image Tool 

for the Rendered 3D Model (Created by the Author). 

In the case of the architectural element details drawings, (Chart 4.16) shows that the 

difference in the average scores between every two images generated by the same tool is a 

bit unstable for some tools, specifically between the images generated by DreamStudio AI 

which is the highest difference when one image scored 1.95 and the second one scored 3.69 

with a difference of 1.74 (34.8٪), and the lowest difference has been found between the 

images generated by Loenardo AI, one image scored 2.52 and the second one scored 2.69 

with a difference of 0.17 (3.4٪). 
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Chart 4.16: The Average Scores for Every Two Images Generated by Each Text-To-Image Tool 

for the Architectural Element Details Drawings (Created by the Author). 

The findings collected by analyzing the data gathered through the study survey are presented 

in (Table 4.1). 

Table 4.1: The Study Findings at a General and a Specific Level (Created by the Author). 

The use of text-to-image tools Analyzed data Results 

General use of text-to-image 

tools in the architectural 

workflow 

The utilization of text-to-image 

tools 

The experience of architects with 

text-to-image tools 

Text-to-image tools are being 

adopted significantly by 

architects 

Participant architects appear to 

have a good to neutral experience 

with a small group voting for a 

dissatisfied and very satisfied 

experience 
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Table 4.1: The Study Findings at a General and a Specific Level “Table Continued” 

Specific use of text-to-image 

tools in generating architectural 

representational techniques 

The performance of the tools 

across the techniques 

-Variability in terms of

generating the techniques 

- A preference of participants for

images representing some

techniques over others 

The performance of tools for 

each technique 

-Each tool operates differently

for the various architectural

representational techniques

-No single tool performs the most

efficiently in handling all the

different representational 

techniques 

The consistency of the tools 

-The consistency of the tools

differs and it is either slightly or 

highly noticeable from one 

technique to another / the same 

tool across the different 

techniques 
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5. DISCUSSION

The findings of this study can aid architects gain valuable insights into the usefulness of 

using text-to-image in the field of architecture, specifically in generating images 

representing different architectural representational techniques, in terms of the difference in 

tool’s performance, the processing of the various techniques using the different tools and 

their consistency. 

The results show that a significant number of architects who answered about whether they 

already used text-to-image tools in the field of architecture, answered with ‘yes’ indicating 

that these technologies are being adopted in the field of architecture significantly. The results 

of how architects describe their experience with these tools indicate that architects appear to 

have a good experience to neutral somewhat with a small group of architects who describe 

it as ‘very satisfied’ and ‘dissatisfied’, this latter may indicate the misunderstanding of the 

textual prompt that text-to-image tools may face, (Figure 5.1) shows some 

‘misunderstanding’ cases in interpreting the textual prompt for this thesis study case at the 

same time it shows some samples of some correct outputs. Worth noting that none of the 

architects describe their experience as ‘very dissatisfied’  demonstrating that these tools are 

not undesired. However, human intervention is still important which aligns with 

(Radhakrishnan, 2023), (Z. Zhang et al., 2023), and (Tanugraha, 2023). 
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Figure 5.1: Samples of the Textual Prompt Output. Top: ‘Misunderstanding’ Cases in Interpreting 

the Textual Prompt. Bottom: Samples of the Correct Output Using the Same Prompt (Created by 

the Author). 

The results of the text-to-image tools’ performance indicate the variability of this latter in 

terms of generating images representing the different architectural representational 

techniques, suggesting that their performance depends on the nature of the technique, how 

architects used to generate it, as well as the performance could be affected by the data 

conveyed using the text descriptions. The highest average score recorded for the images 

representing the rendered 3D model could indicate the easiness of the text-to-image tool to 

deal with this representational technique, as it may indicate the familiarity of architect in 

using the numerical tools when dealing with this kind of representational technique, and it 

suggests also that the idea of the rendered 3d model can be deciphered with ease through 

text description, whereas, the lowest average score recorded for the images representing an 

architectural bubble diagram can be interpreted as a result of the difficulty for the text-to-

image tool to handle it due to its nature that could be more abstract than the rendered 3D 

model and usually architects deal with it using conventional tools to express their ideas, also, 
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the text description may affect when conveying the bubble diagram technique and it may 

necessitate more data covering more details about the project, its environment, and more 

information that may overpass a sole text input. 

The performance variance factors also might be applied to the other techniques. For instance, 

the floor plan drawings recorded a high score may suggest that the images could convey the 

overall representation of the plans, even though, not all the generated plans convey the 

semantic features or take into consideration the whole description in the prompt such as the 

plural term ‘drawings’, when some images represent only one plan drawing. which is the 

same case for the conceptual sketches.  For the elevation drawing, there is dissimilarity in 

the average scores of the images generated by each tool due to the differences between them 

in representing ‘ a two-floor house project’ and understanding the prompt properly.  Cross-

section drawing recorded the lowest score among the orthographic projection, due to its 

nature of depending on other visual elements to effectively interpret the project’s 

information as well as its technical and graphical features that may not be completely 

conveyed through text descriptions, especially for a specific case study, likewise in the case 

of the exploded view diagram and the architectural element details drawings when a low 

score has been recorded with a significant variation in the tools’ average scores. The results 

shed light on how the performance of text-to-image tools may vary in generating the 

different representational techniques when each technique may be conveyed through text 

differently, based on its nature, required details, and the way architects used to generate it.  

The results of comparing the average scores of the different images generated by the various 

tools to investigate their reaction to the same text prompt, revealed that every single tool 

behaves and handles the representational techniques in an uneven manner when one tool can 

perform better in terms of generating images representing a specific representational 

technique and struggles to perform the same way for another technique, this might be 

explained by the variety found in the models behind these tools as they form the backbone 

of text-to-image tools, as well as the data used to train the tools may differ and a tool can be 

trained on images representing a technique more than another, which suggests using different 

tools to find the most accurate one in generating images that represent the desired 

representational techniques and their specific aspects in addition to fine tuning the model 



 48 

with a specific dataset of the desired representational technique which is possible for some 

tools. 

The response of the same tool to the same text prompt has been examined to explore the 

consistency of the same tool for the same text prompt. Appealingly, the results indicate that 

even though the images are generated at once using the same text prompt and for the same 

representational techniques, the consistency of the tools differs, which might be explained 

by different factors that are the difference in tools’ parameters which are not modifiable in 

all tools (e.g. Bing AI), instanced by the guidance scale and the seeds and are set in default 

for this study. The difference may also arise from the perception of the participants which 

may vary according to their knowledge of the field, but still, the difference in average score 

can be helpful in the design workflow when the images may present different elements that 

can be used as an inspirational tool for architects and guide them to make entire new 

decisions, noting that not all the generated images may represent the prompt entirely, Thus, 

a careful selection among the generated images based on architects’ knowledge is required. 

5.1 LIMITATIONS  

Despite the steps that have been made to reduce limitations, such as filtring the participants’ 

backgrounds to only the ones who at least had their graduate studies in the field of 

architecture and providing the survey with three different languages to maximize 

participation and avoid any misunderstanding with the textual information, the survey 

ratings represent the perception of the participants on the subject which may differ from an 

architect to another and may be considered subjective and sensitive to biases, as well as the 

difference of the names of representational techniques that may vary. For instance, an 

elevation can also be called a ‘façade’. 

The statistical results derived from the survey may be affected by the size of the sample 

when the number of participants who completed the rating process is forty-two participants 

among two hundred fifty total responses. Moreover, the details of the survey may not be 

fully taken into consideration by the participants, who may neglect to capture some aspects 

of the survey’s details such as the prompts’ details within the text description of the floor 

plan drawings when the word ‘drawing’ is used in the plural ‘drawings’ intentionally, as well 

as the aspects ad background of the images may affect their rating.  
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The study includes a sample of five text-to-image online available tools, which represent a 

small portion of the available ones in a specific time era that may behave differently. 

Furthermore, it is vital to acknowledge that the field is a growing one, and many tools with 

different capabilities may have appeared. To ensure fairness among the tools, the default 

parameters as well as the specific model within the tool and the number of images per tool 

were set in default in this study, during the research period, which may present a limitation. 

Text-to-image tools have different underlying architectures, that are not publicly available 

for all the tools. For instance, I tried to contact the user service for the tools that do not have 

scientific articles or do not provide information about their models, such as Bluewillow AI, 

and LookX AI, when I got a general answer and I did not get anyone for the Leonardo AI 

tool, acknowledging that knowing their models and their training data may help to get more 

extract more valuable findings and emphasize the other ones.  

The study focuses on a group of representational techniques using different text-to-image 

tools within the case study of a two-floor house project, meaning that the results derived 

from the survey may differ for other types of architectural projects, and may not be 

standardized for the whole architectural workflow. Furthermore, the study relies on text 

prompts, and the evaluations are based on images generated using a single text prompt 

without further iterations, which may limit the utilization of full advantage of the tools. 



50 

6. CONCLUSION

In this thesis, the topic of using text-to-image AI tools in the field of architecture, specifically 

in generating various architectural representational techniques has been covered, to 

illuminate the perspectives of using these state-of-the-art tools in the architectural workflow 

by revealing their role and their applicability. 

Based on a systematic approach, this study offers important observations. The literature 

review section provides a hierarchical comprehension of the topic, starting with an overview 

view, after which the details are presented, by explaining different terms related to text-to-

image generative tools, we highlight Artificial intelligence, its related terms, and subfields, 

generative AI, and text-to-image working modes, thus, exploring broad literature which 

contributes the understanding of the topic from a broader scope. 

 The methodology for this study is based on data creation in the first phase, which is 

represented by generating images using different text-to-image tools that are available online 

and for various architectural representational techniques which are bubble diagram, 

conceptual sketches, floor plan drawings, cross-section drawing, elevation drawing, 

exploded view diagram, rendered 3D model and architectural element details with the aid of 

created standardized prompts to ensure fairness among the techniques, and then these images 

are shared on a survey targeting architects to rate them after answering basic questions 

related to their position in architecture and about their experience with text-to-image tools 

in the realm of architecture. 

The findings illustrate different aspects of text-based image-generation tools. On a general 

level and according to participants, these tools are being adopted in the field of architecture 

and the experience of participant architects appears to be neutral to positive experience 

which shows that these tools are being adopted significantly in the architectural and some 

dissatisfied experiences may arise from the fact that these tools may misunderstand the 

prompt entirely and generate images that do not represent the desired outcomes. 

 On a specific level, generating architectural representational techniques using these tools, 

reveals that their performance varies, and they handle the different techniques in an uneven 

manner depending on the aspects of each technique, how it can be conveyed through textual 

descriptions, and the way architects used to handle each technique in addition to the 
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underlying models that perform behind each tool and the data that are trained on. The tools 

also react to the same prompt differently for the same technique when even the images are 

generated at once using the same textual prompt, their consistency differs and can be 

described as obvious or slightly remarkable, which suggests a multi-tool approach 

application to guarantees the desired results while taking into consideration the variety of 

generated images for the same prompt and how it can or can not convey the idea behind the 

technique entirely which requires the intervention of human architects that is still crucial. 

It is crucial to acknowledge limitations, even though the delivered perspectives from this 

study. The sample of participants may cover a small portion of perceptions, in addition to 

the findings that are limited to the selected techniques for this study and may differ for other 

types of projects with more detailed textual prompts.  

To better understand the usefulness of text-to-image tools future research should focus on 

studying how each technique may be conveyed better through textual description and 

designing textual templates and prompt generator tools specified for representational 

technique. Moreover, future research should focus on developing text-to-image tools that 

take the architectural techniques as a whole by generating a technique based on another one, 

in addition to the importance of collaboration between text-to-image tools developers and 

architects that may suggest creating this kind of tools with an interface that categorizes the 

different architectural representational techniques, would enhance more control. 

This study shows the potential of using text-to-image tools and how architects can benefit 

from them as an inspirational tool during the design workflow while highlighting that human 

contribution is still important in controlling the output images and these AI tools, up to now 

can be considered as an ‘assistant’ for architects, the final decision-makers. 
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APPENDIX 

A.1  THE GENERATED IMAGES

Figure A.1: The generated images for the bubble diagram. 

Figure A.2: The generated images for the conceptual sketches. 
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Figure A.3: The generated images for the floor plan drawings. 

Figure A.4: The generated images for the cross-section drawing. 
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Figure A.5: The generated images for the elevation drawing. 

 

Figure A.6: The generated images for the exploded view diagram. 
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Figure A.7: The generated images for the rendered 3D model. 

 

Figure A.8: The generated images for the technical detailed staircase drawings. 
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A.2  THE SURVEY DATA

Table A.1: The average scores for each representational technique. 

Architectural representations 
Average 

score 

Bubble diagram 1,98 

Conceptual sketches 2,71 

Floor plan drawings 3,25 

Cross section drawing 2,69 

Elevation drawing 2,88 

Rendered 3d model 3,30 

Exploded view diagram 2,67 

Architectural element details drawings 2,34 

Table A.2: The average scores for each tool (continuous). 

The architectural technique The tools 
The average 

Score 

Bubble diagram 

Bing AI 1,82 

BlueWillow AI 2,06 

Leonardo AI 2,34 

LookX AI 1,78 

Dream studio AI 1,91 

Conceptual sketches 

Bing AI 2.77 

BlueWillow AI 2.65 

Leonardo AI 3.01 

LookX AI 2.25 

Dream studio AI 2.89 

Floor plan 

Bing AI 2.45 

BlueWillow AI 2.97 

Leonardo AI 3.25 

LookX AI 3.88 

Dream studio AI 3.68 

Cross-section 

Bing AI 3.62 

BlueWillow AI 2.82 

Leonardo AI 2.98 

LookX AI 1.31 

Dream studio AI 2.73 
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Table A.2: The average scores for each tool. 

The architectural technique The tools 
The average 

Score 

Elevation 

Bing AI 1.78 

BlueWillow AI 3.64 

Leonardo AI 2.66 

LookX AI 2.60 

Dream studio AI 3.73 

Exploded view diagram 

Bing AI 3.22 

BlueWillow AI 3.23 

Leonardo AI 2.49 

LookX AI 1.81 

Dream studio AI 2.60 

Rendered 3D model 

Bing AI 3.37 

BlueWillow AI 2.96 

Leonardo AI 3.67 

LookX AI 3.06 

Dream studio AI 3.47 

Architectural element 

details 

drawings 

Bing AI 2.15 

BlueWillow AI 2.06 

Leonardo AI 2.61 

LookX AI 2.07 

Dream studio AI 2.82 

 

Table A.3: The average score of each image generated by each tool for the bubble diagram. 

B
u

b
b

le
 d

ia
g

ra
m

 

The tools 

  

The average score for each image 

(the two images) generated per 

each tool 

Bing AI 1,69 1,95 

Bluewillow AI 1,98 2,14 

Leonardo AI 2,17 2,50 

LookX AI 1,69 1,86 

DreamStudio AI 1,86 1,95 
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Table A.4: The average score of each image generated by each tool for the conceptual sketches. 

C
o

n
ce

p
tu

al
 s

k
et

ch
es

 The tools The average score for each image 

(the two images) generated per 

each tool 

Bing AI 2,74 2,79 

Bluewillow AI 2,50 2,79 

Leonardo AI 3,00 3,02 

LookX AI 2,17 2,33 

DreamStudio AI 2,64 3,14 

Table A.5: The average score of each image generated by each tool for the floor plan drawings. 

F
lo

o
r 

p
la

n
 d

ra
w

in
g

s The tools The average score for each image 

(the two images) generated per each 

tool 

Bing AI 2,38 2,52 

Bluewillow AI 2,95 2,98 

Leonardo AI 2,93 3,57 

LookX AI 3,50 4,26 

DreamStudio AI 3,48 3,88 

Table A.6: The average score of each image generated by each tool for the elevation drawing. 

E
le

v
at

io
n

 d
ra

w
in

g
 The tools The average score for each image 

(the two images) generated per 

each tool 

Bing AI 1,69 1,86 

Bluewillow AI 3,52 3,76 

Leonardo AI 2,07 3,24 

LookX AI 1,69 3,50 

DreamStudio AI 3,60 3,86 
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Table A.7: The average score of each image generated by each tool for the cross-section drawing. 

Table A.8: The average score of each image generated by each tool for the exploded view diagram. 

E
x

p
lo

d
ed

 v
ie

w
 d

ia
g
ra

m
 

The tools The average score for each image 

(the two images) generated per 

each tool 

Bing AI 3,10 3,33 

Bluewillow AI 2,93 3,52 

Leonardo AI 2,48 2,50 

LookX AI 1,36 2,26 

DreamStudio AI 2,50 2,69 

Table A.9: The average score of each image generated by each tool for the rendered 3D model. 

R
en

d
er

ed
 3

D
 m

o
d

el
 The tools The average score for each image 

(the two images) generated per 

each tool 

Bing AI 3,02 3,71 

Bluewillow AI 2,81 3,10 

Leonardo AI 3,45 3,88 

LookX AI 3,02 3,10 

DreamStudio AI 3,45 3,48 

C
ro

ss
-s

ec
ti

o
n

 d
ra

w
in

g
 

The tools The average score for each image 

(the two images) generated per 

each tool 

Bing AI 3,31 3,93 

Bluewillow AI 2,45 3,19 

Leonardo AI 2,48 3,48 

LookX AI 1,29 1,33 

DreamStudio AI 2,26 3,19 
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Table A.10: The average score of each image generated by each tool for the architectural element 

drawings. 

A
rc

h
it

ec
tu

ra
l 

el
em

en
t 

d
et

ai
ls

 

d
ra

w
in

g
s 

The tools The average score for each image 

(the two images) generated per 

each tool 

Bing AI 1,74 2,55 

Bluewillow AI 1,93 2,19 

Leonardo AI 2,52 2,69 

LookX AI 1,90 2,24 

DreamStudio AI 1,95 3,69 




