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ABSTRACT 

With the advancements in technology, Artificial Intelligence (AI), and Deep Learning (DL) 

provide designers with new perspectives in design frameworks. In this context, designers are 

noted to prioritize the development of more efficient and expedited design models through 

these technologies. Generative Adversarial Networks (GANs) provide designers with new 

opportunities for exploring new ways of design. When utilizing this technology, designers 

prioritize their design tools, processes, evolving ideas, and methods. The heterogeneity of 

the design challenge and representations was explored in "How Designerly Way of 

Thinking". Analyzing "How AI/Machine Learns" from a theoretical perspective helps to 

comprehend the link between Machine Learning (ML) algorithms and human learning 

processes. The thesis looks into the parallels between how people learn and comprehend 

information and the fundamental learning mechanisms of artificial neural networks. 

Architects consider how they can collaborate effectively using design technology tools. The 

major question addressed in the thesis is, "How do AI and the Designers Collaborate?" This 

framework addresses fundamental inquiries regarding the architect's involvement in and 

interpretation of plan layouts generated by GANs. Additionally, in the object detection 

technique plan layouts were predicted after the generation of plan layouts through GANs to 

create, analyze, and label spatial plan layouts. It seeks to recognize the images produced by 

the ML algorithm and generate computable plan layouts for the architect's final plan 

assessment. When the computable plan layouts are analyzed, a hybrid decision support 

system method for architects is suggested, utilizing a rule-based evaluation and classification 

approach. 
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ÖZET 

Günümüzde, dijitalleşmeyle birlikte veri miktarı hızla artmakta ve bu verilerin analizi ve 

kullanımı giderek önem kazanmaktadır. Veri setlerini etkili bir şekilde işleyebilmek ve 

değerli bilgilere dönüştürebilmek için derin öğrenme algoritmaları büyük bir önem 

taşımaktadır. Derin Öğrenme (DL), Makine Öğrenmesinin (DL) alt dalı olarak karmaşık veri 

yapılarını anlamak ve öğrenmek için kullanılan Yapay Zeka (YZ)  tekniklerini içermektedir. 

Özellikle, karar destek sistemlerinden başlayarak görüntü işleme ve üretme süreçlerine kadar 

birçok alanda kullanılan DL algoritmaları, mimarlık alanında da büyük ilgi görmektedir. 

Mimarlık, tasarımın temelinde insan algısını ve mekan ilişkilerini anlama ve bu doğrultuda 

çözümler üretme sürecidir. DL algoritmaları, mimarların bu süreçte daha verimli ve yaratıcı 

olmalarına yardımcı olabilmektedir. Özellikle, Üretken Çekişmeli Ağlar (GANs) gibi 

algoritmalar, tasarımcılara yeni ve farklı tasarım seçenekleri sunarak ve üretkenliklerini 

artırmaktadır. GAN'lar, tasarım sürecinde farklı alternatifler üretirken mimarların 

kriterlerine uygunluğunu değerlendirebilir ve böylece tasarımcılara önemli bir karar destek 

sistemi sağlanabilmektedir. Algoritmaların eğitilmesi ve sonuçların yorumlanabilirliği önem 

taşımaktadır. Tasarımcılar, üretilen sonuçları doğru bir şekilde yorumlayabilmeli ve mekan 

tasarımı üzerindeki etkilerini anlayabilmelidirler. Bu nedenle, YZ algoritmalarının çalışma 

prensipleri ve sonuçlarının nasıl elde edildiği konusunda açıklık ve anlaşılırlık sağlamak 

önemlidir. Bu bağlamda, "Yapay Zeka ve Tasarımcılar Nasıl İşbirliği Yapar?" sorusu altında 

YZ algoritmalarının tasarımcılarla nasıl işbirliği yapabileceği ve üretilen sonuçların nasıl 

yorumlanabilir ve açıklanabilir olabileceği üzerine tez çalışması geliştirilmiştir. 

Tasarımcıların düşünme biçimleri, bilgiye erişim yöntemleri ve tasarım araçlarını kullanma 

şekilleri de bu çalışmaların odak noktasıdır. Ayrıca, mekan tasarımının temel parametreleri 

ve değerlendirme kriterleri de araştımamızın önemli bir parçasını oluşturmuştur. Sonuç 

olarak, DL algoritmaları, mimarların tasarım süreçlerinde daha yaratıcı ve etkili olmalarına 

olanak tanırken, karar destek sistemi model önerisi olarak tasarımcı ile işbirlikli bir şekilde 

hibrit bir model önerisi bu tez kapsamında ortaya konulmuştur. 
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SYMBOLS AND ABBREVIATIONS 

The symbols and abbreviations used in this study are presented below, along with their 

explanations. 

Symbols Explanations 

loss Loss Function 

[D(G(z))] Generator Loss 

Abbreviations Explanations 

AI Artificial Intelligence. 

BBOX     Bounding Box 

CNN   Convolutional Neural Network 

cGAN   Conditional Generative Adversarial Neural Network 

DCGAN          Deep Convolutional Neural Network 

DNN Deep Neural Network 

DL Deep Learning 

ML Machine Learning 

GANs Generative Adversarial Neural Networks 

R-CNN  Region-Based Convolutional Neural Networks 

TOKI    Housing Development Administration of the Republic  

of Türkiye 

MSE  Mean Squared Error 
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1. INTRODUCTION 

The interpretation and thinking of designers about the information they have acquired in 

their experiential memory should be considered together with the whole design process. As 

designers' ways of thinking and experiential acquisitions change with the tools they use, and 

the way they develop their designs evolves with their processes, it has been observed that 

the knowledge learned develops with the process rather than the targeted design focus. In 

general, it is possible to say that designers and architects transform this part of themselves 

(design) as a 'representation' while realizing their designs, which they see as a 'trace' of 

themselves. 

Today, the tools designers and architects use in the design process are also transformed into 

'representations,' and each goal gradually becomes a tool. Every design that is desired to be 

achieved turns into a tool and forms a cycle. The idea that the designer transforms both the 

item he designs and the vehicle he designs into 'representation' fits into a complete 

framework with the act of 'designing.' When we consider Kant's (1999) treatment of the 

transformation of action into an end together with the act of 'designing,' it leads us to infer 

that action can also be transformed into a means of ‘representation’ into knowledge. 

Experiential knowledge acquired through process and time is multi-dimensional. With 

Deleuze's (2007) statement that knowledge can be multi-dimensional and that the process, 

context, and conditions affect knowledge acquisition, approaches to knowledge that are 

disconnected from the acquired process have been incomplete. So, the knowledge designers 

acquire is also diversified with 'problem-based learning situations based on problems related 

to the design process' as expressed in the inferences of 'learning by doing' theorist Kolb 

(2007, 7; 2014, 67). It is known that architects, from a rational perspective, develop space 

constructions and space organizations based on human perception while designing space. 

While producing the design space, the architect, who evaluates the analyses carried out with 

the research and determines the parameters, creates drafts bypassing all this information 

through his filter and decides on the final design by choosing the most suitable design that 

adapts to all conditions.  

With the developing digital age, the design tools architects use changed how they think, i.e., 

their 'learning process' and 'way of doing.' The process, which started with 2D drawing tools, 
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is gradually developing as 3D modeling tools, computational design tools, parametric design 

tools, and artificial intelligence-supported design tools by the technological development 

and theory of the age. 

Humans turning towards themselves and taking their knowledge and thinking as a reference 

has also improved their decision-making process. From Aristotle's first process of 

knowledge acquisition, such as inductive, primary classification, decomposition, and 

clustering of similarities, human beings perceived nature mimetically, and with Descartes' 

philosophy, human beings became involved in self-oriented inquiries. They began to 

produce self-referential inferences (referring to reason). As humans discovered their way of 

learning in their own 'representation,' they found 'artificial neural networks,' the latest 

technological link to integrate this way of learning. The system's working principle, which 

is biologically 'mimetic' to the human nerve cell, is like philosophy's first knowledge 

acquisition processes, consistent and outputs. 

The first 'singular neural networks' developed could reproduce Aristotle's simple assessment 

that objects belonging to the 'singular' class were easy to discriminate. However, in 

philosophy, in classifying objects known as 'plural,' in cases with less information, the 

solution could be developed by inductive methods with the inability to differentiate. This 

indicates that 'singular neural networks' cannot deal with the fundamental problem of 

machine learning: the complexity of information.  Because of these results, inductive 

methods for machine learning have also started to be developed. 

While using small amounts of data works for simple predictions, as data becomes more 

complex, learning becomes more complicated, and different methods and algorithms are 

created.  For this reason, various algorithms have been developed, including decomposition, 

fusion, classification, inductive and deductive approaches. To better learn and train the 

network on multiple data, models “such as supervised, unsupervised learning, semi-

supervised, reinforcement learning,” on-the-fly incremental learning capability (batch 

learning versus online learning), and instance-based and model-based learning have been 

developed. 

Today, 'big data' constitutes a memory in a digitized world. However, using this data is 

carried out with ‘deep learning’ algorithms, a subset of machine learning.’ As the 
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information that needs to be trained for the networks has become more complex, the 

classification methods have diversified, and the data processing processes have diversified 

along with the learning models by taking expert opinions when necessary. Interdisciplinary 

deep learning methods have given rise to deep neural networks (DNN) utilized for tasks like 

image processing, generation, and completion, particularly in decision support systems. 

Problem situation / Description of the topic 

Advanced technology and modern design approaches in architecture have provided 

designers with an innovative perspective through the utilization of Artificial Intelligence and 

Deep Learning. In this context, designers have focused on creating more generative and 

faster design models by integrating their professional knowledge with this field (Ozerol and 

Semra, 2022). In the general progression of these studies, 'spatial plan layout generation' and 

'the search for generative design' are the most researched topics at the interface of machine 

learning and architecture. This indicates a significant search point for 'deep learning 

algorithms' that allow the architect to create a ‘decision support system’ and enable rapid 

generation based on many options. GAN networks are popular for their ability to generate 

generative design models and are considered among the latest advancements in machine 

learning (ML) techniques. Rather than knowledge-based systems, designers are now looking 

for systems that will allow them to differentiate this knowledge and produce different 

knowledge. Designers have used these algorithms differently, seeking systems that can be 

selected and decided among many alternatives. However, due to training the networks, there 

may be differences between the measured values/metrics and the designers' search for the 

best design space based on their criteria. Consequently, a situation that will also determine 

the scope and hypothesis of this thesis occurs. "How Do  AI and Designers Collaborate? " 

Although the 'interpretability' and 'explainability' of AI algorithms are developed by 

understanding how the algorithm works, the 'interpretability and explainability' of the 

generated visuals in terms of architecture make a difference. What is important here is how 

the results are obtained and how the expert opinion is professionally interpreted. The thesis's 

hypothesis, main questions, and minor sub-topic questions are expressed in the graph in 

Figure 1.1. Within the scope of the thesis, these questions are discussed within a theoretical 

framework. All results were evaluated based on these questions within the scope of the 

studies. 
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Figure 1.1. Thesis hypothesis, major and minor questions (prepared by author) 
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The structure of the thesis 

For this reason, situations such as how the designer thinks, how they access and interpret 

information, and how the way of thinking differs by using a design tool were considered. 

The sub-questions about how human beings access knowledge and gain diversity in 

knowledge acquisition with the contributions of philosophy and science to the search for 

knowledge starting from nature are gathered under the title " How Designerly Way of 

Thinking ?". The study examined how designers learn throughout the temporal cycle, how 

this differs from "designing," and how the tool transitions from action to aim. The design 

space principles and decision-making process from design to model are also covered in this 

study. In addition, research on housing design, which has been widely discussed in the 

modern period, has been carried out. This item explains why the plan layouts utilized for the 

study's application process were chosen and methods for determining spatial quality that 

affect the final evaluation process. 

As a result, the transformation of the understanding of 'imitation,' one of the first learning 

methods of human beings, into a tool that simulates itself by turning towards itself with 

similar motivation reveals a different form of learning. Although artificial neural networks 

(ANN) are represented like the biological neurons found in the human nervous system, in 

their fundamental principle, they emerge with a resemblance to human learning styles and 

methods. These topics are explained in detail under the title "How Artificial 

Intelligence/Machine  Learns?" by descending from general to specific, starting from the 

title of Artificial Intelligence (AI), followed by "ML, ANN, DNN, and DL." All topics about 

how algorithms work, how they learn with which data types, and how the learning results 

are evaluated are covered under this heading. 

On the other hand, these measurable algorithms have recently generated systems where 

relating system limits cause mistakes, and the computer can retrain itself. A similar method 

is also considered in human learning. These methods include defining the problem, then 

reconsidering the problem, and repeatedly continuing the learning process. The fact that the 

results generated, which are open-ended in ML algorithms, can be completed and quantified 

by other systems (algorithms) at points where the system cannot complete itself is considered 

'explainability and interpretability.' In ML algorithms, most classification algorithms emerge 

with the interpretability of the system from the outside, which is expressed by the concept 
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of a 'white box,' and the results are interpretable. However, in cases where it is not fully 

understood how the system works, the outputs need to be interpretable. XAI algorithms have 

been created to manage the system and comprehend its functioning. The algorithms 

comprise image-to-image translation techniques that operate as 'black boxes.' The emphasis 

changes in the last evaluation from the GANs-generated image process to the architect's 

interpretation and quantification of the generated image for their purposes. The subtitle 

"How Do  AI and Designers Collaborate?" includes all these issues and research (Figure 

1.2). 

 

Figure 1.2. Thesis framework (prepared by author) 

Finally, the literature review concluded with research at the intersection of AI and 

architectural design. Here, it is examined how architects generate similar algorithms 

discovered for the implementation process of their studies. It is investigated how design 

space can be generated together with GANs. Research on how datasets are created for 2D 
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plan layout generation methods of design space and what are considered evaluation criteria 

are elaborated in this part. 

Following the theoretical framework, the study aims to make the results of plan layouts 

generated with GAN networks measurable and transform them into a system for decision-

making assistance. The 'Methodology' section of the thesis discusses the application process 

and algorithms used. The study used DCGAN and Pix2pix (CGAN) algorithms for spatial 

plan layout generation. In the first process of the study, the datasets were reshaped based on 

different GAN algorithms. The first visual dataset was generated as input-ground truth from 

a part of easily accessible open-source TOKI1 plan typologies; the second dataset was 

generated as input-ground truth from open plan layouts. According to the training results of 

the datasets, whether meaningful and analyzable spatial plan layouts are realized is evaluated 

and interpreted by comparing the metric values obtained from the algorithms. The variety of 

spatial plan layouts generated became essential, and the issue of whether another artificial 

intelligence system recognizes the generated image also arose. 

The predicted/generated plan layouts were identified using the 'Object Detection' process in 

the domain of 'Computer Vision.' Here, the way artificial intelligence identifies the image it 

generates has gained significance. While the plan layouts defined by the object detection 

process as BBOX are made more definitive and used by designers, specific main criteria 

have been determined for the decisions they can make. In the object detection process, the 

dataset was organized in a way suitable for reclassification by using the Roboflow interface 

while determining the class of the plan layouts. Again, different object detection algorithms 

were tested, and comparisons determined the algorithm that gave the best prediction and 

prediction scores. The BBOX information of the plan layouts detected/predicted in 

Roboflow was converted into.json data and transferred to the Rhino/Grasshopper program, 

a computable design tool, to be computationally measurable. For spatial design and spatial 

organization to be quantifiable, the predicted images generated based on the processes of the 

algorithms were re-evaluated based on specific parameters. The results were re-evaluated 

according to criteria such as quality of space (degree of enclosure, compactness, isovist), 

space relationship (connectivity, interlocking space, space linked by common space), and 

path space relationship (partially, continually circulation). The parameters created to 

 
1 https://www.toki.gov.tr/ornek-konut-tipleri-ve-planlari 
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evaluate the spatial quality were collected as separate data to help the architect's decision 

support system. A rule-based classifying method was used to convert the spatial plan layout 

study results into a system to help make decisions. Consequently, answers to the thesis 

questions emphasized at the beginning were sought by evaluating the results of all the 

algorithms used in the application process within themselves and by considering all these 

findings and inferences to transform them into a decision-support model within the flow 

chart. 
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2. LITERATURE BACKGROUND 

Literature research can progress in a connected manner by including thesis questions in sub-

headings. First, under the title "How Designerly Way of Thinking?" this chapter questions 

how the architect's 'knowledge' is formed and how it changes with which tools while 

explaining how a human, a designer, and an architect think and how the architect participates 

in "designing." " How Artificial Intelligence/Machine  Learns?" describes how ML uses 

data, learns from data, and uses algorithms with different conditions for these purposes, how 

they work, and how outputs are evaluated. This section covers AI, ML, and DL algorithms 

from general to specific. The subtitle "How Do  AI and Designers Collaborate?" covers all 

architecture-design ML tools. One of the most researched topics in recent years is how 

designers and architects use Deep Learning algorithms, interpret the results, and choose ML 

tools. 

2.1. “How Designerly Ways of Thinking?2” 

Philosophically, the human connection with nature has evolved by comprehending nature 

and discerning the interconnections within it. Plato (427–347 B.C.) asserted that the 

understanding and comprehension of natural phenomena can be achieved through the mind, 

provided that they can be quantitatively measured and described using geometric shapes. 

Nevertheless, Aristotle (384–322 B.C.) only interpreted Plato's theory of ideas formally. 

Moreover, Haşlakoğlu (2022) argued that this perception was deceptive as Plato's concept 

aligned with the notion of form that was conceived in conjunction with its function. The 

field known as epistemology, which encompasses the philosophy of knowledge, is 

concerned with the nature and acquisition of knowledge (Çüçen 2012).  

According to Bachelard (2013, p. 7), the modern era introduces the concept of knowledge 

being correctable, which plays a role in the formation of scientific knowledge. Because of 

these concrete judgments formed in the mind, it can be defined with abstract concepts. 

Bachelard (2013, p. 7) asserts that the concept of knowledge as "absolute truth" limits the 

conceptual diversity of epistemology, thereby constraining analytical thinking.  

 
2  İnterview with Prof. Dr. Arzu Gönenç Sorguç. 
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In the words of Bachelard, "modern science... is not full of things "heard, perceived, 

experienced, imagined" but of things "thought, designed, and technical" (2013, p. 9). 

With modern philosophy, Descartes (1596–1650) focused on the human self. "This desire of 

Descartes led all modern philosophers to focus on the theory of knowledge and to investigate 

the possibilities of human knowledge, what human beings can and cannot know, and how to 

obtain accurate knowledge" (Çüçen, 2012). According to Plato (427–347 BC), true 

knowledge is the knowledge that the mind can comprehend and is independent of 

experimentation. Aristotle (384–322 BC), on the other hand, bases the source of knowledge 

on experiment and observation. According to him, true knowledge is knowledge that is 

acquired through the senses and can be verified by experiment. However, Descartes 

emphasized the importance of questioning known knowledge through "skepticism," 

highlighting the necessity of doubting the accuracy of knowledge and the absence of "certain 

knowledge." 

"The human being who possesses science, knowledge, or reason either watches something, 

in the old sense of the word, or contemplates something, produces something, brings 

something into being, or finally performs an act, or behavior." Because of these 

characteristics, Aristotle characterizes these three types of knowledge, science, or way of 

thinking that human beings possess as: 1) "seeing" (theoretical, theoretical, theoretical); 2) 

"doing, creating, producing" (poetic, industrial); and 3) "doing an act, performing an action 

or behavior" (practical, practical) knowledge, science, or way of thinking, type of reason" 

(Arslan, 2007). While Aristotle differentiates and distinguishes between learning by doing 

and making and production based on practice, Plato places all kinds of making in the same 

place together with the productive effect. The critical point here is that the acquired 

knowledge is based on the relationship between the producer and the product. With 

Descartes' definition of man as a thinking being, man focused on himself to acquire and learn 

knowledge. According to Kant (1724–1804), knowledge is obtained through the consistency 

between the theoretically produced thought of the human mind and the experientially 

obtained knowledge (Kant, 1999). Kant's new concepts, theoretical thought (a priori 

knowledge) and experiential knowledge (a posteriori knowledge), complement each other 

and constitute the basis of human knowledge (Deleuze, 2007). However, from Kant's point 

of view, it is possible to have different results under different conditions. An important step 

toward the primacy of experiential knowledge was taken by Edmund Husserl (1859–1938)at 
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the turn of the twentieth century. Husserl rejected the idea that knowledge could exist apart 

from human experience (Husserl, 1997). Deleuze (2007) argues that the fact that time (or 

process) is not addressed by Kant suggests that knowledge acquisition is still limited. Dewey 

(1908) emphasized that the pragmatic formation of knowledge is based on experience. With 

this transformation, knowledge acquisition develops with experiential inferences. Piaget 

(1972), a 20th-century cognitive psychologist, draws pragmatic conclusions about the 

concept of knowledge based on children's periodic developmental psychology. In line with 

this information, it is known that cognitive development and learning are influenced by 

physical experiences interacting with the environment. Deleuze came up with the idea of a 

"rhizome" , it has multiple dimensions, and lacks a defined input and output. According to 

Baker (2017), the rhizome, the "root stem,"  has no beginning, no end, and no source. For 

this reason, it is stated that knowledge does not constitute a quantifiable form. This 

knowledge can be diversified with a variety of objects, actions, and outcomes under various 

circumstances.This situation demonstrates how knowledge can be diversely organized into 

networks. In addition to all these, Foucault (2022) stated that knowledge has different 

pragmatic formations for individuals and society. Goodman (1978) examined the problems 

of philosophy in the reconception of the inductive approach. Goodman (1978–1992) not only 

developed an important perspective  on the relationship between combining, decomposing 

but also  connected between linguistic images and learning with his scientific empiricist 

approach (Figure 2.1). 

 
 

Figure 2.1. ‘Knowledge’ notion (prepared by the author) 
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2.1.1. Designing 

Descartes' most important inference that puts the human at the center of philosophy is the 

expression "I think, therefore I am". With this expression, the basic requirement of human 

beings' existence is the act of ‘thinking’  (Descartes, 2013). According to Heidegger (2008), 

"thinking" requires the act of designing, and this act emerges through the decomposition and 

recombination of what is designed. In order to understand how designers think, it is first 

necessary to examine how design emerged conceptually and how the act of design relates to 

the designer. Cross (1982) states that we have entered a period in which what it means to be 

'designing' rather than 'scientific' or 'artistic' is being discussed. 

The first notional  usage of the word "design" was  in the sense of sign or leaving a trace  in 

the 14th century. "Design" is both a noun and a verb in English. As a noun, it has various 

meanings related to purpose, plan, and structure. As a verb, "to design" means creating, 

planning, or shaping something. The word originates from the Latin word "signum," which 

means "sign" and is related to the German word "Zeichen." Originally, "design" meant "to 

draw a sign." (Flusser and Collars, 1995). Babadağ and Haşlakoğlu (2021b) use the term 

"Designo" to explain that the designer's action of "designing" represents the traces on the 

designed object. This term is of Italian origin and means that the creation of the work bears 

the personal traces of the designer.  

According to Ritel (1988), the scope of designed spaces is extensive, and the knowledge 

used in design is diverse, covering all aspects of human experience. Ritel (1988) mentions 

that the designer creates concepts in their mind before making their design, and to perceive 

these concepts as accurate, they need tools helping to transfer their ideas  such as sketches, 

models, and mathematical models. Cross (2006b) argues that architects find design as 

exploratory rather than the most appropriate solution to a given problem. Cross (2006b) 

defines 'design is emergent' as the design process evolves alongside the solution and problem 

processes. Schön (1987) examined the relationship between a designer's skill and theoretical 

knowledge and focused on the interaction between practice and theory in design. Schön 

(1987) expressed his perspective on the design using the concept of "reflective activity" and 

related ideas such as "reflective practice," "reflection in action," and "knowing in action." 

The behaviours associated with these concepts exemplify what contingency writers call 

"situated action" and "situated cognition." In the "reflection in action" concept, the 
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processing and thinking processes are usually supportive and interdependent. Engaging in 

experimental activities and reflecting on their results develops thinking in actions, and 

inquiries. Reflection is nourished by the act of doing and the results it produces. According 

to Schön (1983), these two factors have a reciprocal relationship; each factor influences the 

other and sets its limits. Reflection in action is a cognitive process in which one reflects on 

one's actions as they occur. Schön (1983) reveals that skilled professionals often possess 

knowledge that exceeds their ability to articulate it (Schön, 1983, p. 8). This exemplifies the 

fundamental and universally valid distinction between practical and theoretical knowledge. 

According to Schön (1983), design is considered one of several activities encompassing 

reflective practice. 

Representation 

"Representation is a form of representation/signalling that substitutes for the original notion, 

signalling or implying that concept. In other words, the presentation of the concept makes it 

available to perception. As Kant stated, a concept without perception is blind (Kant,1999). In 

light of this definition, the questions "What does design represent?" or "What representational 

value of design?" can be asked" (Babadağ and Haşlakoğlu, 2021b). "Design primarily 

represents its designer. Based on this concept, it can be said that every work represents both 

the individual and their ethos (identity) and the community to which the individual is 

connected and its ethnos (belonging) in terms of collective consciousness (Babadağ and 

Haşlakoğlu, 2021b)" From this context, it can be interpreted that representation does not start 

from a single represented and is constantly joined and derived (Figure 2.1). According to 

Claeys (2022), nowadays, Leon Battista Alberti's "architect's role is to design" has turned into 

training architects to think in representational concepts. With these concepts, architects have 

started to develop and create with representational tools. 

However, the thought can be multiplied by adding abstract concepts through the conceived 

in the purpose-tool relationship. According to Kant (1999), the rule of practice is the product 

of reason; in this rule, action is an end. When the act of designing becomes a tool, the 

knowledge gained by the designer from this cycle gains importance. "As in nature, 

contingency and necessity are intertwined in design. The object/thing/tool owes its existence 

to its purpose. The function necessary for the purpose represents necessity, while the form 

is contingent for this function" (Babadağ and Haşlakoğlu, 2021). For designers, a tool is an 
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object or a way of doing that will provide a transmission so that the idea can become a real 

factor.  

The concept of "designer's actions" examines how enhancements that serve specific 

purposes can be achieved by observing the behaviours of designers. These enhancements 

are associated with various representations of the goals or functions the designs aim to 

achieve (Woodbury and Burrow, 2006). Cross (2006b) defines the continuous interaction 

between the designer's internal and external representations as a reflective state. The 

statement 'Design is reflective' refers to the constant development of feedback during the 

sketching stage, which involves revising, rejecting, or approving forms (Cross, 2006b). "The 

ultimate goal is to become the means to another end once it is achieved (Adorno and 

Horkheimer, 2010: p. 124, 210; Babadağ and Haşlakoğlu, 2021b)." The designer's 

conceptual design is concretely perceived by acquiring quality through the tools. According 

to Schon (1992), the design process consists of movement, and this process continues as an 

ongoing process. The designer is responsible for reflecting on all of these relationships, 

including the relationship between the purpose and the result, making inferences, and 

identifying and analyzing problems (Figure 2.2). 

 
 

Figure 2.2. Generation of ‘representation’ concept 
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By setting time as an axis of scale, designers can create different target points and integrate 

them to the design space in physical and virtual environments (Woodbury and Burrow, 

2005).  

2.1.2. “Designerly ways of knowing” 

While architects produce design problems, they also produce solutions by subdividing the 

problem into subgroups. In his article "Designerly ways of knowing," Cross (2006a) argues 

that designers learn from specific situations, like defining abstract ideas and expressions with 

"codes," to make them tangible objects. This is because designers take a solution-oriented 

approach to design problems. Designers rely on ‘sketching’ as it helps in discovering 

unexpected outcomes and surprises that may arise during the design process. According to 

Schön (1992), one of the distinguishing of design thinking is to have a "reflective 

conversation with the situation". The 'dialectics of sketching,' as described by Goldschmidt 

(1991), is a two-way conversation between seeing that' (reflective criticism) and seeing as' 

(analogical reasoning and reinterpretation of the sketch). According to Cross (2006), the 

designer thinks of transforming an abstract concept into a concrete concept in a sketch-like 

way. Alexander (1964, 1979) created 'constructive diagrams' and 'pattern language' by 

transforming abstract concepts into concrete ideas. Hillier and Leaman (1976) stated that an 

artificial 'language' is to create and learn a kind of code that transforms 'thoughts' into 

'words.'"In effect, the designer learns to 'speak' a language - to perform a helpful operation 

between disparate domains (sounds and meanings in language, artifacts, and needs in design) 

through a code or system of codes that structure that connection" (Cross, 2006b). 

Design problem 

Eastman (1968), to solve the design problems, has acquired experiential knowledge about 

evaluating different alternatives and semantic expression matches by decomposing the 

design into 'units.' We can see that semantic expressive schemes gain importance in 

identifying and solving design problems. "Problem-solving processes in design operate on a 

knowledge structure organized nodally around concepts that define physical configurations" 

(Eastman, 1968). The knowledge mentioned here is determined by the relationship between 

the defined problems and their solutions. Chan (1989) mentions that with the definition of 

design problems described in the design process, "the question arises whether cognitive 
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phenomena (i.e., knowledge representation, control structure, and build and test) can remain 

unchanged in an undefined domain, or whether there are specific relationships that bring 

these factors together." According to Chan (1989), design problems should be defined as a 

tree structure, from the general to the specific. Considering that plan layouts are composed 

of units, to focus on a unit, it is necessary to think together with its details. In other words, 

as the main point narrows, the details increase.  

 According to the 'learning by doing' method theorist Kolb (2007, 7; 2014, 67), it is 

emphasized that the structural transformation of knowledge is realized through the 

processual transformation of experiences. The knowledge base is concretized through 

reflection and activation of experiences in the experiential learning process. Although it is 

perceived as a Kantian approach with the acquisition of knowledge in the focus of 

experience, it appears as a theory that moves away from Kant due to the inclusion of the 

process and the fact that knowledge changes and develops continuously with feedback 

without focusing only on the outcome of the experience. Combining the transformational 

character of knowledge in the experiential learning process with computational thinking is 

possible. Computational thinking provides a framework for thinking about and guiding the 

interaction of this set of expertise with the ability to create complex layouts, forms, or 

structures. Alexander (1977) argued that the theory of design problem-solving is not about 

solving each stage and problem of design separately but rather about overcoming individual 

issues one after the other in a flow. The "Self-Directed Learning" approach in Hmelo's 

(2004) PBL resource influences the process of understanding reality. It plays a supportive 

role in identifying and correcting the shortcomings of features, the development of 

assumptions. In dual evaluation situations, evaluation is done to calculate the facts and 

reproduce the hypothesis. It is possible to determine this situation by combining the practices 

of design disciplines with the analysis of the knowledge acquired through experiential 

learning. 

The architectural design process has changed regarding design methodology with various 

movements and software developments provided by technology. According to Kolarevic and 

Klinger (2013), 20th-century architecture witnessed a period that offered the possibility of 

physically realizing complex geometric ideas by moving away from formal and physical 

boundaries. Programs developed for parametric design went beyond traditional CAD 

software, enabling the creation of forms with complex geometry. We can see how the role 
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of computational design has evolved, and the relationship between design and computation 

has expanded significantly. According to Claeys (2022), the designer simplifies and utilizes 

the complexity of nature, from rationality to his/her own experiential memory, through the 

decisions he/she makes. Therefore, the number of forms may theoretically be infinite, but 

their functionality is limited within a certain range to determine the most effective form. It 

is stated that the designer can solve the ambiguity in his/her perception with cognitive 

limitations, and these limitations help him/her to cope with the difficulties in the number of 

data, called "incompleteness, self-reference, ambiguity". 

Chan (1989) divides the space design problem into three main components, the first, physical 

elements of the architectural elements, the second, the design constraints, and the third 

component the creation of knowledge that will guide the solution. The design criteria and 

constraints defined in architecture and the functional relationships (design units) create 

general design knowledge.  Although architects and designers typically follow a strategy of 

decomposition reassembly, it is possible to identify different design phases where the design 

is temporarily finalized at a certain level of detail (Akin, 1978; 1994; Sing et al., 2012). They 

mentioned the need for a hierarchical representation of design knowledge to define design 

problems (Akin, 1978;1986; Chan, 1989) (Figure 2.3).  

 
 

Figure 2.3. Cognitive model of design process (Akin, 1978;1986; Chan, 1989) 

According to the theorists, architects move forward by creating subgoals without reaching 

the main goal, especially with pre-solution models, which are derived from experiential 



18 

 

 

knowledge.  It is possible for them to check this pre-assessment with (visual information), 

which is mostly in their memory. The result must be produced and tested following all 

constraints and rules. Lawson (2016) refers to the generator as the primary constraint of the 

design. Plan layouts or multiple alternatives generated and evaluated based on these 

constraints. According to the degrees of the constraints expressing the conditions, sub-

constraints are referred to as secondary generators. 

According to Lawson (2016), Tom Markus (1969b) and Tom Maver (1970) developed a 

flow chart to map the terms related to the architectural design process (Figure 2.4). They 

focused on the fundamental concepts of analysis, synthesis, evaluation, and decision-

making. Analysis is the sequencing and structuring of the problem. Synthesis is 

characterized by the attempt to move forward and create an answer - a solution - to the 

problem. Evaluation involves the critical assessment of the proposed solutions against the 

objectives identified in the analysis phase. 

 
 

Figure 2.4. The Markus/Maver map of the design process (Lawson, 2016) 

According to Oxman (2017), design tools make it easier to tackle complex problems using 

computational models.  Oxman (2016) discusses how digital design tools have changed how 

designers interact with representation and their tools. The designer's new position has 
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shiftedto a tool generator for design environments, from the idea to the designing process 

(Figure 2.5). 

 

   

 Paper-based Cad Model Generative Model 

 

Figure 2.5. Evaluation representation models from paper-based to generative model 

(Oxman, 2017) 

According to Woodburry and Burrow (2005), designers not only create the space they design 

but also the way they design it. In human-machine interaction, this approach develops in a 

computational way to produce solutions to all problems (Woodburry and Burrow, 2005).    

Design space 

Nolberg-Schulz (1979,2019) states that the 'genius loci' as a conceptual 'genius loci' from a 

phenomenological point of view are created by embodying the already pre-existing spirit of 

the place and making it a 'place.' Concrete environments come into existence by being 

displaced by actions and phenomena. Schulz (1979) mentioned that their measurable 

functional states can be expressed in spatial dimensions for places that transform with 

actions to take place. Architectural theorist Boudon (2015) states that the design space is the 

final stage that the architectural space creates to create architectural knowledge. The 

emphasis on design space as a perceived and experienced space is similarly interpreted by 

Poincare (2015). With modern mathematicians, the concepts of space and time became more 

complex, and many new types of space were defined in the language of mathematics. 

Mathematicians presented various concepts of space, and new concepts such as non-

Euclidean spaces, configuration spaces, abstract space, and topology emerged against the 

Platonic tradition (Lefebvre, 2012). The mathematical theorist Poincare (2015) emphasizes 

that design space is not only geometrically defined, as Kant says, 'a priori’ but can be 

obtained through time-dependent experience Boudon (2015) states that the object of the 



20 

 

 

architect's architectural knowledge produces the design space (that can be experienced, 

perceived), and that this situation can exist in the architect's mind before it turns into 

architectural space. According to Akin (2006), the design methods movement of the 1960s 

was aimed at exploring a 'problem' space that we can retrospectively call design space. 

The methods of representing the design were investigated by exploring the design spaces 

and creating design alternatives by computer. However, for these expression methods to be 

computable, they were expressed with mathematical symbols. Woodbury and Burrow (2006) 

defined design spaces distinguishing between implicit and explicit spaces, and evaluated 

them according to criteria such as integrity, discrimination, alternative approaches, and the 

combination of exploration methods. Furthermore, their research emphasized that the design 

space should be located to the extent that it can provide the designer with a "compelling, 

effective, and feasible" solution to the design problem. 

2.1.3. Designing space in architecture 

According to Arslan (2007), Aristotle interpreted Plato's idea as the idea that all living and 

non-living things in nature have forms and that these forms, which are facts, transform and 

develop in such a way that they can form both themselves and their copies. However, 

according to Haşlakoğlu, contrary to Aristotle's interpretation of Plato's idea, it is seen that 

objects do not only consist of form, but that the idea expresses both the form and the function 

of the object (inanimate being). According to Babadağ and Haşlakoğlu (2021a), Louis 

Sullivan, in his explanation of 'form follows function', it is interpreted that form emerges as 

a reflection of the visible state of the function, apart from the fact that the function is thought 

first and then the form is formed. "Form connects itself to function, but this does not mean 

that the form is predetermined, or in other words, function does not define a single form, but 

offers a set of options that vary according to the context"(Babadağ and Haşlakoğlu, 2021b). 

The concept of space design can include many different definitions. In addition to three-

dimensional geometric definitions, experientially and perceptually diversified spaces have 

brought about various definitions of space. According to Hillier (2007), the form-follows-

function relationship in architecture often fails in mass housing production. Hillier (2007) 

states that one of the reasons for these failures is that modernism focuses on the form-

function relationship rather than the form-and-meaning relationship. The first step in the 

process of designing space is to determine the issues that are associated with the design. 
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After that, one must combine the relative conditions with the environmental factors, and 

based on this, decisions are made regarding the form and the spatial relationships. The 

development of these decisions takes place within a considerably wider range of parameters. 

Form and space relation 

According to Ching (2023), architectural elements and physical and environmental contexts 

can be interpreted in different ways and classifications. The fact that a vertical wall is an 

architectural element not only expresses the transition and difference between the functions 

in the space but also shows that it can define the area where the circulation is constrainted. 

In addition, it also indicates that these transitions constitute the fluidity and continuity of the 

circulation. Horizontal and vertical elements in architecture are used as boundary elements 

in open layouts, especially to increase the flexibility of the space. However, according to 

Ching (2023), vertical elements are more influential than horizontal architectural elements 

because they clearly define spatial limitations, such as the perception of enclosure and 

privacy. Vertical elements (walls, columns, etc.) also act as boundary elements between the 

interior and exterior. The structural characteristics of these vertical elements may be 

structurally and materially different, but when the four vertical elements come together, they 

form an enclosure. In Ching's (2023) studies on the correlation between form and space, he 

emphasizes the role of the openings created by linear vertical elements in the plan and section 

in determining the quality of the space. According to Ching (2023), the light received 

through the openings and transpearency between these elements increases the space’s 

quality. Within this framework, it is evident that the relationship between these components 

directly affects the space’s quality and that this relationship determines the overall character 

of the space. “Enclosure(4 planes), Compactness, Quality of Space(Openings 

Degree)”(Ching,2023). 

Spatial relationship 

Architectural space organization formations can be gathered under more than one title. The 

process of assessing spaces based on their proximity and distance from one another 

(spatially), as well as their relations (accessibility), is referred to as space connectivity. 

According to Ching (2023), elements such as spaces within spaces, interlocking spaces, the 

relationship of spaces (both visually and physically), and the relationship of other spaces 
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(semi-private), including common spaces and connection through common spaces, classify 

variations in the organization of spaces. However, when approached holistically in space 

organizations, it is possible to talk about the relationship between spaces such as centralized, 

linear, radial, clustered, and grid organization in plural space formations and the relationship 

with the external environment. “Connectivity, Space Within Space, Interlocking Spaces, 

Spaces Lınked By Common Spaces(Semi-Private)”(Ching,2023). 

Path space relationship 

Circulations work as an essential backbone of the spaces. They provide the connection 

between spaces as well as the separation of spaces. While this continuous flow can 

sometimes be included within certain boundaries, it can also consist of undefined areas 

defined by the movement within the space itself. The primary process here is where the 

circulation starts, how it relates to spaces, and how it ends. Formally, it is possible to talk 

about the formations of circulation as linear, radial, spiral, grid, network, and composite both 

in the city and the buildings. “Configuration of the path, Circulation Movement 

Partial/Continually”(Ching,2023). 

Space design in modern house architecture 

Different spatial organizations have been considered in the modern period.  While Adolf 

Loos's approach to spatial planning and the spatial relationships between the different levels 

of modernism offer inwardly oriented living possibilities with various spatial organizations 

on each floor, Le Corbusier's ‘Le Plan Libre’ approaches have revealed planning approaches 

that give importance to architecture with their outwardly oriented fluidity and different 

spatial organizations on each floor (Colomina and Risselada,1988). Despite the differences 

in semantics and approach, interior space's organization and volumetric relationships began 

to be constructed interlocking. Both pioneering architects emphasized the transparency 

between spaces for the users and the realism of spaces with perspectives captured in the 

perception of space together with functional priorities. Colomina (2017) states that in Adolf 

Loos's modern organization of space “Raumplan,” the differential levels and heights of 

spaces, which create spaces for differences in housing plans, are related to the three-

dimensional circulation relationship between rooms.  The architect has established a spatial 

relationship by hiding the circulation in the space when the rooms need to provide privacy 
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through their functions. With Le Corbusier, it is observed that spatial relations in the 

architecture of the modern period are organized with fluid circulations. In the ‘Maison 

Domino’ approach, it is essential that certain elements, such as the column grid system, 

remain fixed in the design of the house and that the spatial relationships are designed 

according to functionality (Herby,1991). In this context, the construction of the structure and 

its design, which can change and transform with the other dwelling functions, has gained 

importance. These approaches have influenced architects in terms of flexible plan design 

ideas (Figure 2.6).  

 
 

Figure 2.6. Mapping of modern house (Le Corbusier and Adolf Loos) (prepared by author) 

Along with industrialization, Walter Gropius (1883-1969) discovered that flexible design 

models of socio-economic housing could be diversified with standardization and modularity, 

which was accomplished in the Aurbach House design (Schneider and Till, 2007).  

Buckminster Fuller, like Walter Gropius, adopted the idea of open-plan, flexibility, and 

diversification in housing design, with housing proposals that could be used in mass 

productions with industrialization, as well as fast production and individualization against 

the dense population, which is one of the critical problems of the modernization period. 

Ludwig Mies Van Der Rohe, another pioneer of the modern era, expands the boundary 

between inside and outside in his transparent residential design, which he demonstrates with 

the material and open-plan space design in Farnsworth House. He took this approach to the 

next level with the design of the Barcelona Pavilion. He explored the interplay between 
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defining and dissolving spatial boundaries and how this interplay affects our perception and 

understanding of space, using the building's elements vertically and horizontally 

(Clemence,2006). Fuller states that architectural visuals usually consist of horizontal and 

vertical sections that may need to be revised to fully reflect the architect's three-dimensional 

creative thinking (Edmondson, 2012). 

Space design in TOKI mass housing design 

The residential settlement in Turkey existed, with the settlements of traditional Turkish 

residential houses built in the cities until the 19th century. When the ownership of the land 

was in the hands of individuals, the structural reform of the cities was realized due to the 

intense migration from villages to cities with modernization and westernization. Land 

use was changed, and the mass housing process was initiated with "condominium". It gave 

a chance to individuals that could be shared by multiple users rather than a single individual. 

Tekeli (1979) divides Turkey's apartmentization process into two phases. Between 1930 and 

1955, only wealthy citizens could build their apartment buildings and rent them to middle-

income people. Individuals with higher income levels continued to live in single or duplex 

housing. "After the Second World War, the concept of social housing policy expanded its 

scope and led to a generalization of state intervention in this field" (Keleş, 1966). The other 

period of housing policy development was the end of World War II when land plots were 

divided into "condominiums" for middle-income people to meet the housing needs of the 

increasing city population. With the increase in the number of apartment buildings in the 

city, the "build and sell" logic was developed, and housing sales on a price basis were in 

high demand to meet the urbanization. The first initial processes of mass housing, which 

have come to the present day, started in these periods, that’s why the construction of more 

than one parcel increased rapidly. "The cooperative approach, the first examples of 

which were seen in 1935, became one of the leading sectors in housing production in Turkey 

between 1945 and 1965" (Cengizkan, 2009). "The period 1963–1967 was the period of the 

First Five-Year Development Plan. In this period, an understanding of housing production 

that is healthy, economical, and accommodates a large number of people was emerged. 

Luxury housing was tried to be restricted, and public housing was encouraged" (Raporu, 

2009). After the 2000s, the change policies in public housing started to be addressed in terms 

of disaster periods. "In this plan period, since 2003, within the framework of the Emergency 

Action Plans of the Governments, the Housing Development Administration (TOKI) was 
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assigned the task of housing production within the scope of renovation and transformation 

programs" (Raporu, 2009). In 2014 and afterward, mass housing production and 

transformation projects increased, especially for low-income people. "Including the 

"Neighborhood Concept" among its basic production approaches, TOKI takes the 

sustainability of social solidarity as a basis for this type of production and aims to realize 

housing production in a way to meet social needs in this direction" (TOKI, 2020). Gradually 

increasing the scale of TOKI social housing and its environments, schools, mosques, and 

commercial units are now included in the planning of TOKI social housing and its 

surroundings. Today, the documents of the tenders realized by TOKI in 2020 have been 

collected, and the plan typologies of each city have been determined. These typologies, 

which are determined according to multi-user family profiles, are selected based on building 

population density. It has been discovered that there are 55 different typologies in total. 

These typologies were formed by differentiating the entrances or circulation points of the 

same typologies. 

2.1.4. Space layout representation 

Representation techniques in architecture are implemented using drawing tools. These 

drawings can be conveyed through technical representations comprising plans, sections, 

perspectives, and site plans. Various representations are created based on the method of 

solving the “Design Space Problem.” According to Baykan (1991), defining the design 

challenge involves identifying the design constraints. According to Baykan (1991), these 

space layout representations are divided into "grid-based, drawing-based, and relational 

representations." The grid frame system is divided into sub-grid systems with specific ratios 

in grid-based representation. It can be expressed as the fragmentation of a whole volume. 

Drawing-based representation focuses on the shape and size of convex shapes. Relational 

representation refers to the current representation model known as graph-based 

representation. Flemming (1989) created plan layouts using a method known as packing 

arrangement (rectangle alignment), but he made representations using a rule-based model. 

According to Gero et al. (1996), space layout planning involves creating a representation 

that depends on the geometric arrangement of space elements and their topological 

relationships. Rule-based approaches, shape grammars, and optimization methods, such as 

evolutionary algorithms, also use this dual representation (Gero, 1996). According to 

Charman (1993), the problem of spatial planning is based on constraints related to spaces in 



26 

 

 

a way that depends on the location of the spaces. He stated that the most essential constraint 

is the geometric constraint. Similarly, in his study, Perez (1990) prioritized geometric forms 

as the primary constraint. Honda and Mizoguchi (1995) start by evaluating a unit of the 

spatial layout problem with all the constraints of the space (units) and solve the whole plan 

layout by evaluating it according to "constraints such as Distance, Position, Orientation, 

adjacency, spatial, view, and path."  

Table 2.1. Space layout representation models 

 

 

Rule-based definition (Gero et.al.,1996) 

 

Constraint-based Automation plan layout (Honda and 

Mizoguchi,1995) 

 

Alignment of rectangles with spaces (Flemming,1989) 

 

Ortogonal ve marked structure (Flemming,1989) 

 

Topological representation (Arvin and House ,2002) 



27 

 

 

Space layout design research has been studied extensively, utilizing various artificial 

intelligence algorithms such as genetic algorithms, evolutionary algorithms, and other AI 

methodologies. One of these studies is the "LOOS" algorithm, which consists of a 

hierarchical generation and testing method used to generate solutions constraining the design 

model by establishing design limitations (Coyne, 1989; Baykan, 1991; Flemming et al., 

1992). Rectangles combined according to collision detection conditions. Also, they are 

positioned relative to each other based on distance proximity relations (Arvin and House, 

2002). These studies are frequently used in space plan layout representation methods. In a 

part of our study, this method was used in some plan layouts as a convergence study with 

the Rhino/Grasshopper-Kangaroo plug-in. Ko et al. (2023) mentioned that AI and space 

layout generation methods are now hybridized, and the evaluation of the produced results is 

based on rule-based or pattern topology recognition. 

Graph representation of plan layout 

Graph theory is a crucial tool in multiple scientific and technical fields. This approach is 

used in various disciplines as linear expressions in a mathematical framework to simulate 

system interactions, to describe fundamental particles and to represent geometric spaces. 

Harary (1969) applied graph theory to demonstrate how matrix systems might be used to 

evaluate the diversity of node states and the connections between these nodes. The links 

between the nodes can be classified as either direct or indirect. The adjacency matrix system 

can show the closeness of relationships, enabling simple adjustment of link length and 

weight between nodes (Harary, 1969). Architects begin by expressing their ideas through 

various diagrams, including blueprints and bubble diagrams. Grason (1971) devised a graph 

representation technique based on the computer program elements of space planning in 

architectural design. This expression method involved placing spatial arrangement 

principles in the directions (north, south, east, west) and developing a graphical presentation 

methodology that used spatial alignments. March (1971) investigated using the graph theory 

developed by the Swiss mathematician Euler (1707-1782). March et al. (1971) studied the 

transfer of shifts and neighbouring connections between spaces. This study centers on 

examining transitions between various states and the connections among adjacent 

constituents. It includes analyzing the matrix system and using a visual plan layout 

generation. Placing nodes in rooms follows a network structure corresponding to the spatial 

relationships of distance and proximity. By defining the rooms as a spatial area, the closeness 
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circumstances can be represented by lines based on the relationships between their 

dimensions and openings. March et al. (1971) study thoroughly investigated the architectural 

drawings created by renowned architects such as Le Corbusier and Palladio. They employed 

a rule-based approach to examine the proportional relationships in the plans illustrated in 

these drawings. Korf (1977) and Lynes (1977) pioneered the application of graph theory by 

utilizing bubble diagrams that are commonly employed in architecture. One can incorporate 

orientation connecting points both within and externally to achieve spatial design.These 

proportional relationships were established by duplicating the connections between the 

longer and shorter sides in how the spaces converge. Figure 2.7 shows a chronological 

mapping of graph-based representation theorists and the work produced. 

 
 

Figure 2.7. Graph plan layout representation graphical and chronological representation of 

the theoretical treatment of pioneering work (prepared by the author) 

Generating spatial relationships enhances the city's development by producing a pattern 

through the connections the designed building forms with its surroundings. Alexander 

(1977) examined the evolution of urban structure by using  graphic-based structural 
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formations and pattern analysis on cities. Gross (1994) devised his design methodology 

using computer software that analyzes hand-drawn sketches and identifies spatial 

relationships illustrated in diagrams. In the second phase, he studied these sketches using 

established frameworks and visually represented the images of these frameworks and their 

spatial connections (Gross, 1995) (Figure 2.8).  

 
 

Figure 2.8. Illustrates the spatial relations based on the proximity of distances by linking to 

axes in the nodes of North, South, East, and West (Gross, 1995) 

In his work published, March (2002) focused on Euclidean spatial transformations and 

demonstrated spatial organizations using symmetry axes, rotations, and reflections. He used 

mapping techniques and graph layout representations to illustrate his findings. This rule-

based project is derived from the framework of Boolean algebra, which serves as the 

foundation of shape grammars. Baybars (1982) proposed an alternative viewpoint regarding 

the relationships among plan and graph theory (Baybars, 1982). The impact of features such 

as internal courtyards and circulation on the modification of the spatial, graphic plan layout 

was demonstrated by contrasting it with the method of graph mapping of spaces based 

ontheir neighborhood relationships in the plans (Figure 2.9). Establishing a connection 

between the locations was facilitated by the interaction between the concepts of 'present' and 

'absent.' 
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Figure 2.9. The circulation area reorganizes the neighborhood relations between the spaces 

The researchers employed the Rectangular dualization approach (Heller et al., 1982; 

Kozminski and Kinnen, 1984) to generate a dual graph layout for mapping their plans. The 

researchers attempted to organize the spaces into subcategories and groups by relating the 

units of length and width and using area computations (Heller et al., 1982). Bhasker et al. 

(1987) introduced a planar triangulated graph (PTG), a method to illustrate graphs using a 

rectangular plane. In this representation, dashed lines connect nodes to indicate spaces 

without transition between adjacent spaces, while solid lines indicate spatial connections 

with clear transitions. They also proposed the path digraph (PDG) method representing 

directed transitions between nodes (Figure 2.10). Utilizing the building block layout 

software pioneered at the University of Berkeley, Dai et al. (1987) positioned solid blocks 

onto the graphical layout that was initially constructed using blocks, emphasizing the 

topological allignment. 

 
 

Figure 2.10. Linear and non-linear relationships between spaces expressed as PDG and PTG 

graphs with linear changes (Bhasker et al., 1987) 

In their study, Nakatake et al. (1996) attempted to include modular room forms with specific 

volumes into a grid system that they separated using the BSG approach (Nakatake et al., 
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1996). Given that this system is implemented as a package within bounds, the adjacency 

graph system was employed to establish the proximity relationships between the rooms in 

the grid (Figure 2.11). Rebaudengo et al. (1996) and other researchers utilized a hybrid 

adjacency graph layout system in the dataset to enhance the fitness function used for 

optimization in producing plans using genetic algorithms. 

 
 

Figure 2.11. Relationships of modular room systems placed with gridal adjacency graph 

layout, (a) input modules, (b) assignment, (c) and (d) nodes (Nakatake et 

al.,1996) 

Liggett (2000) states that when analyzing the development of plan layout systems from the 

past to the 2000s, graph representations were referred to as the "dual of a planar graph" with 

block plan layouts. This was done in order to better understand the evolution of these 

systems. Initially, a hierarchical tree graph expression was utilized in order to represent the 

connections that existed between the spaces. In spite of this, other types of rectangular block 

plans were eventually incorporated (Figure 2.12). 
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Figure 2.12. Rectangular block plan types (Liggett, 2000) 

Ślusarczyk (2018) devised the "HL-graphs" technique, a hierarchical graphical arrangement 

system for organizing local architectural plan layouts. The following study focused on 

performing tests implementing Rectangular Floor Plan (RFP) pattern configurations based 

on the block plan layout method. Within the scope of his research, Shekhawat (2018) 

expanded upon the previous investigation by incorporating RFP with a variety of theorems 

and assessing its performance in comparison to graphical layout methodologies. Using a 

technique known as SAGA, Herthogs et al. (2019) investigated the relationship between the 

flexibility and adaptability characteristics of rooms in the process of creating plans. Figure 

2.13 illustrates the results of their investigation. 

  
 

Figure 2.13. The way the proximity relations between spaces are shown according to the    

hierarchical structuring of SAGA (Herthogs et al., 2019) 
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2.2. How Artificial Intelligence/Machine  Learns? 

In Aristotle's philosophy, the fact that Aristotle states that in materialistic approaches, the 

complexity of everything in nature and the universe is characterized as ‘monist or pluralist’ 

by a superior force called reason and intelligence creates a world of duality and opposition. 

According to Atademir (1974), Aristotle's theory that the variability of everything in the 

universe can be predicted is based on a comparison of the theory that existence does not 

change with the search for truth (reality) and the fact that the essence of existence is not 

included in the flow. Aristotle's division of the universe of objects into "perceptible by the 

senses(sensible)" and "imperceptible by the senses(intangible)" and the fact that knowledge 

can be obtained through the senses with the thought coming from the object makes an 

essential contribution to the process of accessing knowledge by human perception today. 

Many theorists on spatial perception and spatial cognition with the senses have discussed 

the relationship of three-dimensional volumes that are perceptible by senses through this 

basic philosophy of Aristotle.  

According to Aristotle, mimesis emerges by developing the first signs of human learning 

with this fundamental emotion. According to Arslan (2007), Aristotle claimed that the 

instinct of imitation is an innate ability of human beings, that this ability has a feature that 

distinguishes human beings from other animals, and that human beings acquire their first 

knowledge through this ability. The knowledge that comes with learning is reinforced by the 

human understanding of imitation and the understanding of simulating oneself. At the last 

point of today's technology, just like the transformations in works of art and the progress in 

philosophy, humans have started to imitate their environment by simulating (painting, using 

virtual reality). However, in parallel with the developing technology and theories, at the final 

point, when human beings imitate themselves and focus on themselves, they have moved to 

a dimension such as artificial intelligence. According to Leich (2022), Artificial intelligence 

(AI) is an essential tool to understand how architects think and how they train their thoughts. 

AI and artificial neural networks (ANNs) were developed by studying and replicating the 

human brain and cognitive system processes and mimicking the operations of biological 

nervous systems and neuron networks. However, the idea that a machine's access to 

knowledge is just like a human's can be understood with an Aristotelian approach. In the 

universe of the senses, the information transferred from the senses to the mind and 
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intelligence allows a person to interpret the objects they see. Instead of relying solely on 

accessing information, neural networks also consider the level of certainty associated with 

that information. This means that in training studies, each neuron within the network finds 

not just a single factor but also its ability to distinguish and predict individual objects 

reliably. As "big data" becomes digitally possible, artificial intelligence is equipped with 

different algorithms to parse complex information in a world of complex information. In this 

way, the ability to distinguish, classify, and interpret objects in intricate patterns has evolved 

into "deep learning."  

With the first observations of nature, humans began to decompose complex ideas. This 

parsing formed Aristotle's conception of living and non-living things in nature and led to the 

development of the taxonomy method known as "empirical classification" or "artificial 

classification." In nature, living and non-living things are classified based on their 

similarities and differences. In the machine world, perceiving objects from images is also 

based on their analogous similarities and differences. However, there are numerous factors 

that influence these classifications and the detection of similarities. An adequate and 

identifiable data source is required for the machine to perform the classification. In cases 

where the data is incomplete and poorly defined, neural networks cannot develop accurate 

predictions. Arslan (2007) argues that Aristotle's lack of knowledge in classification leads 

to the inability of human beings to define a clear definition of knowledge and, therefore, to 

classify knowledge. According to Arslan, Aristotle used the "empirical world" concept 

instead of defining it precisely to define knowledge as “not classified.” In this empirical 

world, definitions can be made due to the knowledge obtained through inductive approaches. 

Inductive learning occurs in deep learning algorithms through various methods “such as 

supervised, unsupervised, semi-supervised, reinforcement, online (incremental) learning 

capabilities, instance-based, and model-based learning”. These methods are developed by 

considering the learning process of deep neural networks, including how the trained data is 

processed and prepared and how it interacts with the network. Heynen (2011) 

defined novelty as "fundamental undecidability" in his interpretation of Lacoue-Labarthe's 

interpretation of mimesis (imitation) in contemporary theory, giving it a new meaning. The 

fact that the relationship between the imitated and the imitator cannot be clearly defined and 

that the "similarities and differences" cannot be determined with the representation of 

technology today becomes significant in art and architecture. According to Bolojan (2022), 

the results of AI algorithms, basically based on the human thought system, are innovative 
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and creative products that are different from human perception. This is different from trying 

to imitate human intelligence's perception of creative thinking (Figure 2.14). 

 
 

Figure 2.14. “How does AI/machine learns?” graphical explanation (prepared by author) 

Similarly, the last point reached with generative artificial intelligence algorithms has gained 

importance in discussing the "real" or "fake" status of many products reproduced by 

imitation. The generated images are evaluated based on the "similarities or differences" of 

the products with the images trained to the networks first, and their “real” or “fake” status is 

determined.  

2.2.1. Artificial intelligence (AI) 

Human intelligence can comprehend complex thoughts, maintain environmental adaptation, 

gain experience by living, and solve problems through various thinking methods. This 

cognitive and behavioural process has been designed in computer language and implemented 

as a technological advance called "artificial intelligence." The logic of the computer's 

functioning can be associated with physical symbols and patterns as a simulation of the 

human brain. The Dartmouth conference in 1955 featured the work of computer scientists 
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John McCarthy and Claude Shannon on Turing machine intelligence (Penman, 2018). The 

conference covered topics such as "the use of machine language, abstractions and concept 

formation, solving human problems, and machine self-improvement" (Penman, 2018). 

Elements of AI are presented in Figure 2.15. 

  
 

Figure 2.15. Artificial intelligence element's graphic composition (prepared by author) 

AI technologies are evolving today across numerous industries. Some application areas of 

AI include expert systems, robotics, imitating human senses, virtual reality, massive data 

processing and data mining, face and speech recognition, and concluding available data 

(Mukhamediev et. al, 2022) (Figure 2.16).   

  
 

Figure 2.16. AI technologies (Mukhamediev et. al, 2022)  
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AI algorithms vary in software and hardware based on data types and learning models. 

2.2.2. Machine learning 

Géron (2017) describes Machine Learning as teaching machines to learn from data. In 

artificial intelligence, systems can autonomously acquire knowledge, enhancing their ability 

to adapt and evolve through experiences. Arthur Samuel (1959) defines machine learning as 

the discipline that enables machines to learn without being specifically programmed. The 

learning journey begins with significant and insignificant data, guiding the system to unearth 

hidden insights invisible to the human eye and make more informed decisions in the future. 

A noteworthy aspect of machine learning methods is their dependence on data samples 

characterized by specific values, guiding the learning process accordingly. Hence, the 

meticulous documentation of research data in a sample set format becomes imperative, 

capturing the known qualifications and associated values. This systematic approach 

empowers the use of available data to elucidate uncertainties through new examples, 

ensuring a practical and effective application within the framework of the machine learning 

discipline. Géron (2017) classifies machine learning into modes, such as “supervised, 

unsupervised, semi-supervised, and reinforcement learning.” This classification underscores 

the adaptability of machine learning algorithms to different learning scenarios. Supervised, 

unsupervised, semi-supervised, and reinforcement learning methods train artificial neural 

networks. The learning rules are defined below. 

Supervised learning: This process provides a model with input data and its corresponding 

desired output. This generates the model's answer, which we then compare to the desired 

one. The key lies in comparing and adjusting: we modify the model's internal weights, 

essentially fine-tuning its understanding, to increase the likelihood of it providing the correct 

response in similar situations in the future (Fyfe, 1996). All the data, labeled as inputs and 

outputs, becomes the teaching material. A supervisor is found to help the ANN learn, and 

all the data to be taught to the network are defined as inputs/outputs. It produces outputs as 

determined by the supervisor. The two most common supervised learning applications are 

classification and regression (Kim, 2017).  

Unsupervised learning: Since no supervisor can help the network learn, the network parses 

the given input values independently. The network reorganizes the structure of this data by 
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itself. The network is expected to learn how to determine the relationships between each 

neuron and the relationships between them on its own. 

Reinforcement learning: Input data is provided to the network. During the network training, 

if incorrect results occur, the network is retrained until it obtains the correct results. In the 

learning-based process, there is no continuous supervision during the network training and 

data processing. Based on the results, the supervisor makes decisions and updates the 

parameters of the network until the correct results are obtained Miraftabzadeh et.al (2021) 

(Figure 2.17). 

 
 

Figure 2.17. Learning models (Miraftabzadeh et al.,2021) 

Machine learning methods are notable for using data samples defined by specific values, 

shaping the learning process accordingly. As outlined by Friedman et al.(2006), the 

methodology depicted in Figure 2.18 provides a framework for labeling data, with its 

structure dependent on either supervised or unsupervised learning. The primary method 
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aligns with the overarching objective, selecting sample learning techniques based on varying 

variables. 

 
 

Figure 2.18. Methodology of ANN, CNN, GAN  

The meticulous recording of research data in a sample set format, including known 

qualifications and corresponding values, is essential. This approach facilitates the practical 

and effective utilization of available data to address ambiguous points with new examples 

within the machine learning framework. The neural network's evolution began with the 

single-layer model, progressed through the started with a shallow neural network, and 

progressed to the complexity of DNN. Kim (2017) underlines that the critical role of deep 

neural networks was recognized in the middle of the 2000s, around a dozen years after the 

emergence of shallow neural networks. 

Artificial neural networks (ANN) 

Within machine learning, ANN emerged as a branch inspired by the intricate functioning of 

biological nerve cells. Fyfe (2005) contextualizes ANN within a set of innovative techniques 

designed to replicate the information processing networks found in biology, positing that our 

human expertise is intricately tied to the underlying hardware of our brains. When new data 

is input into a network trained with learning rules determined by specific datasets, the result 

is derived from interpreting previously assimilated information. The perceptron, invented by 

Rosenblatt in 1958 for pattern classification, consists of interconnected neurons 

communicating through weighted connections(w). The vector used for input is denoted as 
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(x), and the architecture of the network is determined by a specific math equation (Figure 

2.19). 

 
 

Figure 2.19. On the left side, there is a schematic illustrating an actual neuron, whereas on 

the right side, there is a diagram of an artificial neuron. The weights of the 

artificial neuron are used to represent the synaptic efficiency 

The architecture of ANN models, demonstrated in Figure 2.20, encompasses a spectrum 

from single-layer to multi-layer configurations and extends to the complexity of DL models. 

Although learning rules for these networks have been briefly explained, a more detailed 

description follows. 

  
 

Figure 2.20. The neural network's branches are determined by the layered architecture  
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Under specific conditions, it becomes necessary to scrutinize training datasets, mainly when 

a single neural network falls short. When conventional artificial neural networks face 

obstacles in their progression due to inspection data, the recourse often involves utilizing 

multiple neural networks, specifically those associated with deep learning. A comprehensive 

exploration of the complexities and advancements in DL is available in the following 

subheading. 

Deep learning 

In ML, deep learning comprises multi-layered artificial neural networks incorporating 

supervised and unsupervised learning components. It is essential to recognize that deep 

learning is not a standalone technology; rather, it represents using multi-layered artificial 

neural networks, commonly called deep neural networks (DNNs), to address diverse 

problems. These problems can range from spatial recognition to image analysis, as indicated 

by (Turner et al.,) Conducting investigations in deep learning requires extensive datasets 

with a substantial number of examples to train networks effectively. Researchers, mindful 

of these training datasets, possess the ability to modify the approach to obtaining outputs. 

Algorithms, designed by their utilities, explicitly conform to concurrent benchmarks. 

Meanwhile, training the datasets could take a long or short time. The important thing is to 

make the layers work in progress. That is why, according to data, the effectiveness of deep 

neural networks is implemented in “Convolutional neural network (CNN), Recurrent neural 

network (RNN), and Generative Adversarial Networks (GANs).” Using these algorithms, 

after training your data, you can validate it. The investigation into the constitution of ANN 

and DNN centers on understanding how machines perceive and calculate, primarily 

leveraging extensive datasets to mimic human vision through computer vision, image 

processing, and objective detection.  

2.3. Informed Decision Making 

"Informed machine learning" involves incorporating additional human knowledge, skill, or 

pre-existing knowledge into conventional machine learning procedures. This method aims 

to integrate human expertise into machine learning models to enhance the effectiveness, 

reliability, and significance of the findings they produce.  
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2.3.1. Generative adversarial neural networks(GANs) 

The methods of learning used in the baseline are determined depending on the supervised or 

unsupervised learning options, and there are sample learning models that are preferred 

depending on the variables (Lee et al., 2019). According to the labelization stage, which is 

the data processing process, supervised or unsupervised learning techniques can be 

preferred. Among these learning models, unsupervised and semi-supervised learning models 

are mainly used with GAN networks. The dataset does not need to be processed or fully 

processed as in the supervised learning model. A "noise vector" is given for the image 

processing process during the training of GAN networks. This randomized noise vector 

allows the generated images to pass through a multilayer perceptron and be discriminated 

by a multilayer discriminator. GAN models consist of noising and denoising processes. 

High-quality photos are achieved by applying Gaussian noise to the image data, followed by 

a progressive removal process. Goodfellow (2014) discovered that generative models are 

mappings from simple noises to data and that the "secret code" formulation proceeds based 

on this data. The formulation of the "secret code" of diffusion models is a sequence of 

progressively denoised images. The inverse technique eliminates noise. It generates the 

noise by adding Gaussian noise along the Markov chain. However, this process produces T 

times noisy samples. The pictures of excellent quality are gradually produced via the 

Gaussian noise input xT ∼ N (0, I). The Unet architecture is essential for distributing this 

noisy vector (Ronnebeger et al., 2015; Bombach et al., 2022). The Markov chain envisages 

that the probability of each probability in its cycle in the probability index works together 

with the probability of other units. The rule for interaction between each unit is clear. The 

probability continues until the rule is realized. For this reason, its use in generative networks 

is predicted to continue until the denoising process is completed when reproducible images 

are produced together with the Gaussian noise function. UNET in the CGAN algorithm 

reduces this process by recalculating the component of each patch and combining it again 

with the completion of this set of rules, which helps to obtain more explicit images with 

lower Gaussian noise. 

DCGAN architecture 

The main feature distinguishing DCGAN (Deep Convolutional Generative Adversarial 

Network) from other neural networks is its multiple hidden layers. Therefore, in artificial 
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neural networks, the calculation of the input data, together with the weights in these layers, 

takes place together with the loss function. Optimization involves retraining the network 

according to the state in which the outputs are generated (Figure 2.21) (Chollet, 2018).  

 
 

Figure 2.21. The procedure involves determining the network's layers by considering the 

weights of the inputs and subsequently optimizing them based on the values of 

the loss function  

The development of DCGAN was carried out by Radford et al. (2015). The generator is 

processed together with the random noise vector to generate images; these generated images 

are visually discriminated based on being real or fake, and this cycle continues until the real 

image is captured. The modification of using strided convolutions instead of pooling layers 

in the discriminator presents several advantages. By replacing pooling with stridden 

convolutions, the discriminator avoids the reduction in resolution, preserving valuable 

information crucial for distinguishing real from fake data. Stridden convolutions facilitate 

downsampling while maintaining information flow, enhancing the discriminator's ability to 

detect fake samples. The generator employs fractional-strided convolutions for upsampling, 

enabling it to learn intricate details and generate high-resolution outputs.  

Another critical enhancement involves batch normalization for both the generator and 

discriminator. This technique standardizes inputs to each layer, expediting training and 

enhancing stability, particularly in deeper architectures. It mitigates issues such as vanishing 

or exploding gradients commonly encountered in neural networks, leading to smoother 

convergence and improved overall performance. Eliminating connected hidden layers in 



44 

 

 

deeper architectures improves stability and training efficiency. This adjustment avoids 

excessive complexity, reducing the risk of overfitting and challenges in learning long-range 

dependencies. Focusing on convolutional layers aligns better with the spatial nature of 

images, allowing the network to capture local and global features effectively. Finally, the 

choice of activation functions, such as ReLU and LeakyReLU, is tailored to the task. ReLU 

is employed in the generator for all layers except the output, where Tanh ensures values lie 

between -1 and 1, suitable for image pixel intensities. In the discriminator, LeakyReLU is 

chosen to prevent neuron death, enabling the flow of small gradients and facilitating the 

learning of delicate features. 

The noise-generating process in GANs occurs randomly following the labeling stage per the 

operational concept. The process starts by combining the generated image with the 

photographs stored in the database. Discriminators and generators are the two fundamental 

components that comprise GANs (Figure 2.22). The generator gains the capacity to create 

believable data samples. The events generated act as adverse instances for the discriminator 

to learn from. The discriminator is trained to know the difference between the synthetic data 

generated through the generator and the genuine data. The discriminator penalizes the 

generator for creating counterfeit results (URL-1). 

 
 

Figure 2.22. The architecture of DCGAN (URL-1) 

The generated data is directly linked to the input supplied by the discriminator. The 

Discriminator's filtering, obtained by backpropagation, serves as a signal to update the 

Generator's weights. This process ensures the network continues training until it reaches an 

ideal state for successive generations. 
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Loss function 

The loss function is crucial for optimizing learning and generation in machine learning 

systems. It is essential to recognize its limitations and consider the intricate interaction of 

many components throughout the optimization process. As this value gets closer to zero, the 

results get more optimistic. 

   “min G max D V (D, G) = Ex∼pdata(x) [log D(x)] + Ez∼pz(z) [log(1 − D(G(z)))]”                                                                                                                             

(Goodfellow, 2014)                 (2.1) 

Generator loss [D(G(z))] 

The Generator works to optimize this function. It seeks to maximize the Discriminator's 

performance for its generated instances (URL-1). 

Discriminator loss D(x) - D(G(z)) 

The Discriminator's goal is to maximize this function. It aims to maximize the difference 

between its performance with real and fake cases (URL-1). 

Activation function 

A different algorithm has been developed to complicate the training process of artificial 

neural networks beyond linear regression. The differentiability of these algorithms becomes 

crucial in the network's complex structure, surpassing the limits imposed by the linearity of 

the functions used. "A rectified linear unit (ReLU) is a function meant to zero out negative 

values, whereas a sigmoid 'squashes' arbitrary values into the [0, 1] interval outputting 

something that can be interpreted as a probability" (Chollet, 2018). While single neural 

networks often use linear and sigmoid functions, deep neural networks prefer RELU 

(Rectified Linear Unit) and LEAKY RELU activation functions (Feng, et.al.2020) The 

functions are used according to the learning model of the network to be trained. Sigmoid 

activation function is mostly preferred for single neural networks while RELU and Leaky 

Relu activation functions are preferred for complex neural networks. (Figure 2.23). 
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Figure 2.23. Activation functions (Feng, et.al.2020) 

Since our own dataset will be used within the scope of the study, the Leaky Relu activation 

function was preferred. 

Pix2pix (cGAN) 

In obtaining another image using raster image-based data, translation between data takes 

place. During this transfer, the data is reproduced using real images and labels, masks, and 

segmented images (using semantic segmentation) created from real images or by giving 

them input values to the networks without processing. This duplication and decomposition 

process varies according to the algorithm's operation. Supervised and unsupervised image-

to-image translation processes have been explained methodologically in the previous 

sections. Figure 2.24 shows the positions of algorithms such as DCGAN and CGAN (Lupion 

et al.2022) which we have used to classify GAN networks. The Pix2pix (CGAN) algorithm 

was developed by Isola et al. (2017), and some of the basic concepts in the architecture of 

this algorithm should be explained in sub-headings because these basic concepts and 

functions affect the primary evaluation criteria in the algorithm. “The Pix2pix algorithm 

consists of a generator with a U-Net-based architecture and a discriminator modeled as a 

convolutional PatchGAN classifier” (Isola et al., 2017). 
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Figure 2.24. Different GAN algorithms (edited by the author) 

U-Net 

“The UNet structure is a U-shaped architecture consisting of 3 main parts (Figure 2.25). The 

variable k in the input data represents the image dimensions, each having 256*256 layers. 

UNet sections are: 

1)Contracting path-decoder (contracting path-decoder)  

2)Narrow passage section 

3) It consists of an expansion section (decoder) (expansive path-encoder) (Isola et al., 2017) 

(Figure 2.25).”  

 

 
 

Figure 2.25. The U-Net architecture consists of an encoder-decoder structure with skip links 

The narrowing section adheres to a standard convolutional neural network layout and 

comprises numerous narrowing blocks, as seen in Figure 2.26. Each block processes an input 
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picture through a convolutional layer, applies a rectified linear unit (ReLU) activation 

function, subsamples using a stride, and then performs maximum concatenation.  

  
 

Figure 2.26. Pooling process in the U-net as described by Ronneberger, Fischer, and Brox 

in 2015. 

The stride shift determines how many pixels the applied filter shifts over the main image. 

The narrow gate section combines the narrowing and widening layers. Like the contraction 

phase, the expansion section comprises many blocks. Within every unit, the input image 

undergoes convolutional layer processing followed by upsampling layer processing. Unlike 

the contraction blocks, the total amount of feature maps is reduced by half to maintain 

symmetry. The supplied image is interwoven into the respective contraction layer. This 

guarantees that the acquired features from the contraction phase organize the new image. 

The quantity of expansion blocks is equal to the amount of contraction blocks. The output 

of the expansion block is subsequently sent into another convolution layer, with the number 

of feature maps matching the quantity required of segments or classes. 

The loss function for the generated images is the sigmoid cross-entropy. The technique 

calculates the L1 loss and the mean absolute error (MAE) between the predicted and target 
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(URL-2) (Figure 2.27). This mistake guarantees that the produced image resembles the target 

image in structure. 

 
 

Figure 2.27. Training model of GAN (URL-2) 

The algorithm's performance during training can be evaluated by comparing the loss values. 

These graphs consist of 4 graphs defined in the algorithm, namely Generation Loss Function 

1,2 and Discrimination Loss Function 1,2. According to the evaluation logic of the graphs, 

it is thought that the generation and discrimination functions of the network are approaching 

to produce the most accurate image at the points where these values are the closest. 

Loss function 

The loss function calculates the designed model's performance and error rate. The final layer 

of deep networks is where the loss value is specified. The loss function calculates errors by 

transforming the problem into an optimization problem and is referred to as an objective 

function or cost function in optimization terminology. The loss quantifies the discrepancy 
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between the model's forecast and the actual data. If our model does not forecast well, the 

discrepancy between the actual and anticipated values will be significant, resulting in a large 

loss. 

Conversely, a well-performing model will yield a low loss value. A loss of 0 will occur if it 

is identical. We anticipate a proficient model to exhibit a loss value nearing 0. Understanding 

graphs is more complex when working with a GAN (or a pix2pix-like cGAN) than with a 

primary classification or regression model. Indicators to monitor: - Whether gen_gan_loss 

or disc_loss decreases significantly, it suggests one model is overpowering the other, 

hindering successful training of the combined model. 

Discrimination loss 

The discriminator's role is to assess the resemblance between the input and unfamiliar 

images. The unidentified image may be part of the dataset, like the target image, or an output 

image generated by the producer. In the Pix2Pix network, the PatchGAN discriminator is a 

unique element to categorize individual (N x N) photos as genuine or fraudulent (URL-2). 

The architecture is named "PatchGAN" since each pixel in the discriminator result (30×30 

picture) represents a 70×70 section of the source image. It is worth mentioning that due to 

the input photos being 256×256 in size, there is a significant overlap between them (URL-

3). 

Total generation loss 

This formula (2.2) was determined by Isola et al. (2017)  to get the generator loss is as 

follows:  

Total agan loss = gan_loss + LAMBDA * l1_loss, LAMBDA = 100.                             (2.2) 

L1 loss 

Realistic generated images will allow classifiers trained on genuine photos to classify 

synthesized images accurately. The discrepancy between the real and the predicted image 

must be addressed to transition the unsupervised system to a supervised one.                                                                                                                                                                                                            
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Generation loss 

The generator aims to optimize this function. It seeks to optimize the discriminator's output 

for counterfeit occurrences (URL-3). However, it has been noted that the Pix2pix algorithm 

has certain limitations. The generator model employs a 256*256 visual network and 

generates images by layering them in a specific order: 128*128, 64*64, 32*32, 16*16, 8*8, 

4*4, 2*2, and 1*1. This process involves pooling and padding operations to separate the 

images into individual pixels. It has been noted that this visual model exhibits varying 

behavior with each iteration of network training. 

Measurement metrics 

This section describes the measurement metrics used to compare ground truth and synthetic 

images. 

Structural similarity metric (SSIM) 

This metric is a statistic that measures the similarity between two photographs using the 

mean (𝜇) and standard deviation (𝜎) rather than the positional discrepancy between pixels 

(Nilsson and Akenine, 2020). It examines perceptual characteristics, such as masking, 

brightness, and contrast, and the apparent alteration in the image. The equation (2.3) 

provides the SSIM similarity calculation between the real picture 𝑥 and the fake image 𝑥̂. 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦+𝐶1)(2𝜎𝑥𝑦+𝐶2)

(𝜇
2𝑥

+𝜇
2𝑦

+𝐶1)(𝜎
2𝑥

+𝜎
2𝑦

+𝐶2)
                                                                                       (2.3)       

Mean squared error (MSE) 

This metric is a comparison metric developed by Mihelich et al. The degree of similarity 

between the ground truth and the predicted values is determined by computing the squared 

average of the differences between corresponding points. Equation 2.4 provides the general 

formula for the MSE approach. 

𝐿2 = 𝑀𝑆𝐸(𝑥, 𝑥̂) = 1 𝑛 ∑(𝑥𝑖 − 𝑥̂𝑖 ) 2 𝑛 𝑖=1                                                                          (2.4)                                                                 
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The equation computes the squared variances between each pixel in the real 𝑥 and fake 𝑥̂, 

which is similar to 𝑥. The sum is divided by the number of pixels (n) in the images. A small 

MSE score indicates a strong resemblance between the two images. 

Peak signal to noise ratio (PSNR) 

This metric proposed by Fardo et al. (2016) calculates the similarity between image pairs 

logarithmically. The signal is considered as data or a real image. Noise is the error caused 

by distortion or compression in the data. The PSNR ratio between two images or two signals 

is calculated in decibels. It is shown in Equation 2.5. 

PS𝑁𝑅 = 10 log10 (
𝑅2

𝑚𝑠𝐸
)                                                                                                (2.5)                  

2.3.2. Object detection 

Object detection algorithms have been extensively utilized in various sectors, such as self-

driving cars, robot vision, and video surveillance, for the past two decades (Zou et al., 2023). 

The algorithms used in this field have been developed after deep learning algorithms to make 

classifications and object detection more accurate. After CNN algorithms, R-CNN (Girshick 

et al., 2014) and Fast R-CNN (Ren et al., 2015) algorithms were developed. Object detection 

algorithms are used to accurately locate objects in images by classifying objects obtained 

from digital images (Zou et al., 2023). Although the algorithms used for classification in 

these algorithms are used for semantic segmentation by the supervised learning method 

before the dataset, the labelization process must be processed to determine the images 

belonging to the classes to classify digital images. Especially with the classification and 

layout of the Bounding Box (BBOX) (Felzenszwalb et al., 2009), regionally predicted 

classifications have become more clearly perceived. Zhao et al. (2019) categorized generic 

object detection algorithms into a pair of categories: classification methods utilizing area 

descriptions and classification methods utilizing regression analysis (Figure 2.28). The 

‘Yolo’ algorithm has high accuracy rates, including the real-time object detection process, 

thanks to BBOX detections (Redmon et al., 2016). Yolo algorithms have been improved to 

enable users to use them faster and more effectively (Yar et al., 2023). 
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Figure 2.28. Generic object detection techniques (Zhao et al., 2019) 

The Yolov5 algorithm was used by Feng et al. (2021), and the highest results in precision, 

recall, and mAP values were observed in the Yolov5 algorithm from the data augmentation 

method. Anchor boxes are aligned with reference to their center points (Figures 2.29a and 

2.29b). 

 

 
(a) (b) 

 

 

Figure 2.29. (a) Yolov5 shows how BBOX detection is performed, (b) Yolov5 shows the 

BBOX detection patterns detected on the image divided into grid cells.(URL-3) 

The BBOX detection of the predicted image is determined by the x and y coordinates, as 

well as the width and height, within the constraints of the boxed images. The calculation of 

this method, on the other hand, is expressed by the notation present in formula 2.6, which 

can be found below. 

𝑏𝑥 = (2 ⋅ 𝜎(𝑡𝑥) − 0.5) + 𝑐𝑥 by=(2⋅σ(ty)−0.5)+cy bw=pw⋅(2⋅σ(tw))2 bh=ph⋅(2⋅σ(th))2 
                                

(2.6) 

The architecture of the Yolov5 algorithm is described below (URL-4) (Figure 2.30). Thanks 

to this architecture, data augmentation operations are also diversified. Because it is designed 
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to be quick, accurate, and simple to use, YOLOv5 is a great fit for a wide variety of tasks 

involving object detection, such as segmentation, and image classification. 

 
 

Figure 2.30. Yolov5 architecture (URL-4) 

The Yolov8 algorithm is an upgraded version of the Yolov5 algorithm as a classification 

model (Terven et al., 2023). The Yolov8 algorithm, which has a similar architecture, offers 

faster object detection and optimizations (URL-5) (Figure 2.31). Heydarian (2022) states 

that classification techniques are evaluated based on the number of classes. Classification 

models for multi-class input data are challenging to interpret with binary and regression 

models. 

This new computer vision model, known as YOLOv8, was developed by Ultralytics, the 

same company that was responsible for developing YOLOv5.  Capability to perform object 
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detection, classification, and segmentation tasks is included in the YOLOv8 model. This 

support can be accessed through a Python package as well as a command line interface 

(URL-5). 

  
 

Figure 2.31. Yolov8 architecture (URL-5)  

When classifying objects consisting of two courses, it is easier to determine whether the 

algorithm works correctly. However, the confusion matrix is considered for classification 

studies consisting of multiple groups of objects (Figure 2.32). This model is created by 

positioning the actual values and predicted values in the matrix system, considering the 

correct or incorrect predictions of the classes. However, “TP, TN, FP, FN” values must be 

known to evaluate this matrix system. Although this matrix is essential for assessing the 

algorithm, it is insufficient. 
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Figure 2.32. Confusion Matrix (URL-6) 

When calculating the values of this matrix, the goal is to reveal the accuracy value. This 

accuracy value is expressed in the following formula (2.7).  The formula for calculating the 

precision value is expressed in (2.8), and the recall formula in (2.10). However, along with 

all these calculations, the algorithm's accuracy is measured by the F1 score to know whether 

the algorithm is working correctly (2.10). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁 +  𝑇𝑃

𝑇𝑁 + 𝐹𝑃 +  𝐹𝑁 +  𝑇 𝑃
 

 

                                                             

   (2.7) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
 𝑇𝑃

𝑇𝑃 + 𝐹𝑃 
 

                                                          

       (2.8) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
 𝑇𝑃

𝐹𝑁 +  𝑇 𝑃
 

                                                                   

(2.9) 

𝐹1 = 2 ∗
 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

                                                               

(2.10) 

2.4. How Do AI and Designers Collaborate? 

In modern philosophy, Descartes emphasized the theory of knowledge by focusing on the 

‘human being’ himself. In a framework in which Plato distinguished between the knowledge 

obtained by reason and the reality of the knowledge acquired by Aristotle through 

experimental inferences, Descartes emphasized that knowledge should be questioned 

through "skepticism" by approaching the accuracy of knowledge with doubt (Çüçen, 2012). 

Nowadays, the certainty gained by deep neural networks due to learning can be evaluated as 

"Explainable Artificial Intelligence" as they are also prone to errors. The precision and 

accuracy values may also be inaccurate when training the network. They may not correlate 

with the results, which may be due to the machine's uncertainty about its errors. 

Mathematical expressions are composed of numbers and indexes, which are syntactic and 

expressed symbolically. Gödel (1931) laid the foundations of modern mathematics with his 
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"Completeness Theorem," which states that if we consider syntax and semantics assets, each 

set is provably correct. Explainable AI (XAI), a secondary algorithm for checking algorithms 

in the architecture whose correctness is not sure, is a system created to prove the consistency 

and accuracy of the generated images. Gödel's "Incompleteness Theorem" forms the basis 

of this system. Gödel's theorem is based on the idea that a more robust system should check 

systems to prove their consistency/completeness. However, it may not be possible to talk 

about the consistency of some systems. This cycle can continue without absolute 

consistency. The concepts of "explainability" and "interpretability" were developed to 

understand the working logic of AI. By demystifying the workings of an algorithm, we 

unlock the ability to analyze its outputs and pinpoint discrepancies or biases. However, for 

many factors we cannot understand, the "explainability and interpretability" part gains 

importance. When the inputs and outputs are known, but we do not know and cannot predict 

how the algorithm or any system works, we encounter the ‘black box3’ theorem.  

Nevertheless, as we delve into the algorithm's functionality, comprehending the processes 

behind predictions and the outcomes' rationale leads us to the 'white box4' theory (Giuste et 

al.,2022) (Figure 2.33). It has a similar meaning in all aspects where this theory is used in 

the literature. Explainable approaches are developed to allow the system to be predicted and 

interpreted. 

 
 

Figure 2.33. Interpretability and explainability of AI (Giuste et. al,2022) 

 
3 A "black box" system is a working algorithm with inputs and outputs. However, it is not known exactly 

what is inside and how the system works (Rothman, 2020). 
4 The system can be understood by the user with the results it provides. The results predicted by the 

algorithms provide information, interpretable and verifiable results (Rothman, 2020). 
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In 1940, Alan Turing introduced the concept of "explainability" to complex systems' 

computational and decision-making capabilities by inventing a machine. (Rothman,2020). 

In this machine, "Errors" explains the system by identifying and solving the problems that 

the ciphers experience while decrypting. The mention of "error" in the paper would have 

been unclear to readers, but in a February 1947 address by Turing, the concept of "making 

mistakes" explained the challenge to machine intelligence raised by Gödel's theorem. The 

issue raised in the 1950 paper, known as the "Mathematical Objection," argues that no 

Turing machine, or computer program, can match the success of a human being. By adhering 

to principles derived from formal axioms, individuals can ascertain the validity of 

mathematical statements that cannot be proven. Pedro Domingos' observations indicate that 

the most crucial feature of how the brain learns with the neurons in the brain is that it 

calculates which connections are caused by which problems and learns through errors 

(Leach,2022). Machine intelligence is used as an auxiliary tool in mathematical proofs, and 

humans complement the creative aspect of mathematics. In other words, AI algorithms 

(machine intelligence) can help automate complex calculations and find errors. Still, 

mathematical models continue to significantly impact creating issues, developing ideas, and 

evaluating the correctness of proofs. Ko et al. (2023) mention that nowadays, image to image 

generation methods offer hybrid methods by using GAN algorithms, GNN algorithms, CNN 

algorithms together with human involvement (Figure 2.34). 

 
 

Figure 2.34. Hybrid AI and collaboration approaches 
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The fact that the GAN networks used in our study are 'image to image translation' methods 

and that it is not clear how the generated/predicted images are generated and according to 

what they are generated is an indication that the functioning of the algorithm cannot be 

explained and interpreted from the outside. Merely assessing the resemblance between the 

predicted and ground truth based on look alone does not benefit the designer or architect. 

For this reason, the object detection algorithm, another deep learning algorithm, was used to 

make the generated plan layouts measurable. The fact that this algorithm is a classification 

algorithm and that the objects classified in line with the processed data are transparent 

increases the clarity and accuracy of the predictions developed over the given images. Object 

detection was preferred because classification-based CNN algorithms have higher 

explainability/interpretability, and the results give measurable space layout planning values 

(BBOX detection). The preparation of the data used in the operation of all these algorithms 

was realized by the architect. The architect was also accountable for the outcome evaluation 

and interpretation (Figure 2.35). 

  
 

Figure 2.35. “How Do AI and Designers Collaborate?” workflow graphical expression 

2.4.1 Related works with architecture and ML 

DL has been a potent visual arts, construction, architecture, and urban design tool. DNNs 

have been utilized to categorize artistic and architectural styles. Saleh et al. categorized 

visual art genres using computer-assisted techniques, distinguishing paintings by semantic-

level characteristics. Llamas et al. (2017) applied CNN to classify photographs of historical 

buildings in architecture. In different studies, Elgammal and his team investigated the 

relationship between stylized paintings in art history.  



60 

 

 

Zhang et al., (2019) and colleagues semantically segmented city elements using Google 

Street View, focusing on the intersection of machine learning, architecture, and urban 

design. Cai et al., (2018)  proposed detection automation using three models to automate tree 

cover on Google Street View. Valero et al. developed a labeling system to detect decay in 

the stone walls of the Royal String Castle Chapel. They performed detection and 

classification using supervised machine learning algorithms.  

A 3D model of the building is generated by segmenting the facade using the acquired data. 

In another study, under the supervision of a team of experts in architectural history and 

theory, Yoshimura et al. (2014) conducted a computer visualization of the works of thirty-

four architects. They transformed them into an adjunct decision support system. Many 

images were analyzed to study the architectural style of the works. The computer vision 

algorithm makes it possible to determine which architect's style the image matches or has 

similarities. 

The synthesis of architectural design and machine learning is having a profound impact. 

Before deep learning, genetic and heuristic algorithms dominated, but generative design, 

aligned with generative adversarial networks (GANs), gained prominence due to its 

flexibility. Researchers use GANs to predict current features using convergent generative 

design results as ANN input datasets. Sjoberg et al. (2017) evaluated phenotypic genes in 

Dynamo, using designer preferences as parameters for training ANNs on cluster analysis 

and population generation. Wilkinson et al. (2014) concentrated on CFD using wind 

simulations in skyscrapers. As et al. (2018) utilized deep learning to create generative 

concept designs by analyzing 3D spatial interactions in Revit-based architectural models. 

Shape grammar and formal analysis guided generative design models, taking spatial size, 

customer satisfaction, sustainability, and living situation priorities into account for GAN 

training. 

Anderson et al. (2018) devised an algorithm to optimize office plan layouts designed by 

architects and evaluated the algorithm's outcomes. Huang et al. (2018) utilized the GAN 

model framework to train machine learning algorithms to recognize floor plans based on 

color, subsequently generating plans with identical characteristics. Newton et al. (2019) used 

GANs to create facades at different training levels and clustering styles by using Le 

Corbusier's drawings. Data enrichment and convolutional filtering methods were integrated 

to achieve optimum GAN performance. 
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Cutellic et al. (2019) have created a bridge between neuroscience and architectural design 

through a brain-computer interface. Integrating machine learning algorithms to address 

specific assumptions is another common interest of researchers at the intersection of 

architecture and energy. For example, Hong et al. (2020) investigated the performance of 

HVAC systems in buildings using an energy-based prediction method.  Gaussian Process 

Regression (GPR) was used to predict low-energy control strategies based on empirical data 

by Zeng et al. (2020). Studies at the interface of energy and architecture (Liu et al., 2020; 

Walker et al.,2020; Tekler et al., 2020; Lee et al., 2019). Lee et al. (2019) used a prediction 

model with daylighting indices. The three-dimensional models influenced the adjustment of 

the façades based on energy consumption, reflecting realistic materials and features, and 

provided input to the prediction model. Supervised learning techniques were used to estimate 

and evaluate the accuracy of the algorithms. Sing et al. introduced a Component-Based 

Machine Learning (CBML) model using Energy Plus simulation, considering building 

elements and energy zones to calculate performance. Glani and others have developed a 

hybrid model for optimization using ANNs and incorporating HVAC systems, merging 

physical and operational data.  

Machine learning methods are utilized in multiple research projects involving BIM. Braun 

et al. (2019) created an annotated system that utilizes four-dimensional data to synchronize 

constructional surroundings with BIM models. Rahmian et al. (2020) investigated the 

integration of BIM with the construction environment, developing a hybrid system that links 

virtual and physical worlds similar to gaming. CNN models were trained for building 

element recognition using labeled points from monitoring systems in virtual reality 

assembly. Feng et al. (2020) created an extensive model that covers the entire building 

lifetime, focusing on environmental performance from initial design to construction. 

Managing the design process influences the energy cycle. BIM modeling with Revit 

facilitates the incorporation of parametric attributes, such as material properties and room 

measurements, which are then utilized in training fuzzy clustering models. These studies 

showcase machine learning algorithms' diverse applications and impacts in enhancing BIM 

practices within the architectural and construction domain. 

The combination of HCI and ML has enriched the learning process for robotic design, 

enabling kinetic and responsive structures. Research by Rossi et al. exemplifies the 

development of adaptive systems that change according to user requests and environmental 

conditions.  
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Integrating reinforcement learning (RL) into the feedback loop between power generation, 

occupants, shading, and AI further improves these systems' adaptability and optimal control. 

The work of Oungrinis et al., (2014) linking machine recognition to human behavior and 

emotions is essential in this context.  

The synergy between machine learning and various architectural and construction 

applications underscores these technologies' broad impact and transformative potential in 

the field. In construction, machine learning applications have played an essential role in 

improving safety and predicting accidents. Arciszewski et al. used regression models based 

on accident records to prevent accidents in construction environments. More recently, Choi 

et al. developed models to predict fatal accidents and conduct inspections by analyzing 

accident and injury datasets. Li et al. intersected eye-tracking technology with construction 

domains using supervised learning algorithms to classify construction operators' mental 

fatigue and identify focal points.  The approach by Koehler et al., (2018) that generates urban 

design architecture patterns using SG shows how urban design and ML are merging. Using 

large data from OpenStreetMap and domain syntax analysis, Chang et al. (2019) utilized 

clustering using K-means unsupervised learning for assessing design concepts based on 

online submissions and clustering algorithms. 

Bibliometric analysis  

This study examines the convergence of social sciences, ICTs, and AEC, with a specific 

emphasis on semantic clustering. Articles were reviewed using Web of Science, 

CumInCAD, Science Direct, IJAC, and Google Scholar, resulting in a refined selection 

connected to semantic keywords. The research identified various sub-topics, acknowledging 

that a single publication can belong to multiple categories, which adds complexity to the 

analysis. If a study encompasses both generative design and GAN networks, it is 

unequivocally classified under both areas. As a result, a total of 73 articles were evaluated, 

and the disciplines of “ML/Energy Performance-Based, ML/Robotic, and ML/CNN” were 

found to be commonly used throughout the six-year timeframe. Following closely after were 

“ML/GAN and ML/Generative Design” (Ozerol and Selcuk Arslan, 2022) (Figure 2.36). 

The articles were classified according to years, subjects, and subsets, which produced 

insightful results. EPB design has been the most popular area of study in architectural 

research, focusing on EPB, BIM, and CNN as the main subjects.  
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Research was conducted intensively in the following areas: computer vision, generative 

design, GAN, urban studies, and building environments. 

  
 

Figure 2.36.Total number of subgroups in a research study (Ozerol and Arslan Selcuk, 2022) 

2018 SG was recognized as the most favored subgroup, and Generative design substantially 

impacted researchers in 2019 (Ozerol and Selcuk Arslan,2022) (Figure 2.37). Notably, in 

2018 and 2019, the robotics, computer vision, and generative design subgroups were 

continually in demand. Throughout these years, research frequently employed the following 

keywords: architectural design, ML, BIM, GAN, and classification. Subjects advancing 

through intersections showed a transition towards experimenting with 3D generating 

methods using machine learning, notably driven by GAN networks. BIM was essential 

because it provided data for creating 3D models and enabled energy performance 

simulations or evaluations across various cross-sections.  

When looking into the Sankey diagram of articles (ML/architecture), the growing influence 

of GAN networks on architectural practice was noticed. Urban Studies and Space Layout 

Planning are emphasized as popular subjects, with the beneficial impact of big data on city 

planning processes shaping research in these domains. The advancement of Space Layout 

Planning studies from 2D blueprints to 3D models, especially in combination with GAN 

networks, is recognized. 
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Figure 2.37. Sankey Diagram of Articles (Machine Learning/Architecture) (Ozerol and 

Arslan Selcuk, 2022) 
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Construction environment and BIM domains became secondary preferences in 2020, with 

ML/Energy performance-based remaining a top subgroup. CNN was used more steadily than 

GANs and widely in dimensional reduction, regression, classification, and cluster analysis 

(Ozerol and Selcuk Arslan,2022) (Figure 2.38).  

  
 

Figure 2.38.The part of 2020 of the sankey diagram (Ozerol and Arslan Selcuk, 2022) 

According to the research, the leading areas of research at the confluence of ML and 

architecture are EPB design, GAN/generative design, computer vision, SG, and spatial 

layout planning. This suggests that future studies could develop within these ML 

frameworks. Recent research in these fields has been significantly aided by using DL 

methods and GANs to improve results. The possibility of creating sustainability-generating 
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designs is emphasized, especially at the junction with EPB design, GAN, and generative 

design. Future research aims to investigate the connection between EPB and BIM and utilize 

BIM's spatially layout planning features for planning and design analysis. Proposing the 

inclusion of StyleGAN as a labeling approach for support systems to give significant datasets 

to train GANs and create a more comprehensive range of design alternatives through 

feasibility assessments. 

2.4.2. Current research studies between 2020-2024 

Machine learning has brought a new dimension to plan layout generation methods, utilizing 

artificial intelligence algorithms and computational design techniques. Researchers are 

exploring different algorithms by using existing plans as a dataset, processing them, and 

testing various regeneration approaches. In a specific study by Liu et al. (2017), junctions 

were initially created from wall intersections in plan diagrams and treated as raster images. 

The colors of rooms were processed with pixel-based definition, and the first layer, 

consisting of vectorially positioned walls, was generated. The positions of window and door 

openings were identified. Post-processing with a CNN  technique converted the data from a 

raster file to a vector format, a vital stage in the plan layout creation process (Figure 2.39). 

  
 

Figure 2.39. The plans generated with CNN, first, the joint formations of the walls were 

revealed according to the joints of the walls, and then the formation locations of 

the walls were generated vectorially from these points. 

Zeng, Li, Yu, and Fu's (2019) study used both R2V and R3V datasets, focusing on 

segmenting rooms based on size and location through network prediction using colored and 
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black-and-white drawings as inputs. Various algorithms, including those from previous 

studies, were tested and compared in the segmentation process. Creating, segmenting, and 

predicting the plan layout was tested using the CNN algorithm (Figure 2.40). 

  
 

Figure 2.40. This study compares the segmentation results of all the algorithms given above 

(Zeng et al.,2019) 

Meanwhile, Chaillou (2019, 2020) used the NVIDIA Pix2pix algorithm for plan layout 

segmentation on raster images, generating layouts individually and in conjunction with 

urban-scale parcels. The training model for raster images included pixel-based training, 

reproducing both walls and various interior space combinations. Liu et al. (2020) trained the 

network on architectural and urban floorplans and eventually produced floorplans of homes 

in the training dataset (Figure 2.41). 

 
 

Figure 2.41. AutoALP plan and urban plan layout generation (Liu et al., 2020) 

In analyzing datasets, it is common for researchers to try semantic segmentation methods 

when working with images. Although these methods are usually tested pre-processed, 
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Shekhawat et al. (2020) have described a process to create RFP layouts, in which points are 

quantitatively weighted according to their minimum and maximum scores. In developing the 

Graph2Plan algorithm, Hu et al. (2020) utilized the RPLAN. After detecting plan boundaries 

and aligning rooms on a dataset, the researchers combined this dataset with the GNN 

algorithm to create a user interface with a combination of graphical plan layouts (Figure 

2.42). 

  
 

Figure 2.42. Deep neural network detecting boundaries and interaction with bubble diagrams     

(Hu et.al.,2020) 

The HouseGAN study generates plans using the LIFULL house dataset(Nauata et al.,2020) 

(Figure 2.43). Images are used for boundary detection, and models are compared using 

testing generation methods based on Conv-MPN and GCN algorithms. In another study, the 

CNN network trained with the Layout GMN algorithm was found to produce a diagram-

based layout in the backpropagation phase (Patil et al., 2021). 

  
 

Figure 2.43. Interaction and generation of bubble diagrams and plans with HouseGAN 

(Nauata,2020) 
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A different research introduces the GPLAN algorithm, employing the linear optimization 

method (Shekhawat et al., 2020). Diverging from the authors' previous works, this study 

incorporates graph analyses with bubble diagrams and integrates training plans determined 

by their measurements on the network. Shekhawat et al. (2020) addressed this issue by 

combining RFP layout plan generation through graph layout representation. They analyzed 

the potential values of rooms and assigned numerical significance to the connections 

between nodes. (Shekhawat, et. al., 2020). Using this dataset, they integrated the generation 

of designs with GAN networks (Figure 2.44). 

 

 
 

Figure 2.44. RFP plan sistemi ve GANs ile üretilmiş plan layoutu (Shekhawat et al., 2020) 

Unlike the architecture of the HouseGAN algorithm of Nauata et al. (2021), in this 

architecture, a segmentation mask algorithm is added to which doors can be added. The 

addition of doors brings about transitions between spaces and adjacency estimations. This 
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algorithm, which goes through a pooling process with the Conv-MPN algorithm, is called 

the HouseGAN++ algorithm. Luo et al. (2022) describe the properties of architectural floor 

plans used in architectural design processes and FloorplanGAN, a model proposed to 

generate these plans. FloorplanGAN utilizes the concept of differentiable imaging with the 

CNN algorithm to combine the tasks of vector generation and raster separation. Furthermore, 

this model focuses on raster design generation with GAN, making this method adaptable to 

other vector generation tasks. The study also developed a differentiable rendering algorithm 

that simplifies complex computations, focusing on the particular problem of floor plan 

generation (Figure 2.45). 

  
 

Figure 2.45. FloorplanGAN algorithm Luo et. al.(2022) 

Rahbar et al. (2022) presented a novel hybrid method for generating 2D architectural layouts. 

This approach combines agent-based modeling with deep learning algorithms. The main 

goal is to allow designers to maintain high regulatory control over the generation process, 

thus ensuring that the generated results comply with the desired topological and geometric 

constraints. The featured hybrid method is a combination of two different elements. First, 

agent-based modeling constructs an agent-based model by mimicking the hierarchical 

stages, representing the bubble diagram that satisfies the topological conditions. A rule-

based algorithm then transforms these bubble diagrams into heat maps. Second, the pix2pix 

algorithm applies a conditional GAN and deep learning approach to transform the heatmaps 
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into an architectural spatial layout. This process is supported by the cGAN algorithm, which 

is trained on a manually generated original dataset (Figure 2.46). 

  
 

Figure.2.46. Rahbar et. al.(2022) Hibrid model Rulebased method and Cgan generation 

Aalaei et al. (2023) proposed a data-driven approach for architects to generate architectural 

space layouts automatically using GAN networks. The developed pipeline technique allows 

architects to define building boundaries and bubble diagrams as vector data, exhibiting high 

accuracy in simulating the RPLAN dataset. It has become an essential tool in architectural 

floor plan generation. A comparison was also made between a plan layout and walls. First, 
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spatial plan layouts are generated, followed by a plan layout where the spatial plan layout is 

generated, and then walls are added. 
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3. METHODOLOGY 

While the architects are designing with traditional methods, they are becoming a part of their 

designs, which they see as a trace of themselves. Over time, designers' and architects' digital 

technology tools have evolved from two-dimensional CAD drawings to BIM and 

computational design tools. With the technologies developing in parallel with these changing 

and discovered movements and theories, architects have started to change and grow their 

ways of thinking and making. Architects who think with the tool want to achieve generative 

design results with multiple alternatives, thanks to the potential to achieve fast results due to 

time constraints, while reaching the final design proposals. 

3.1. Plan Layout Generation Through GANs 

As a result of the literature research, 'spatial plan layout'  is mainly generated through GAN 

networks according to the evaluations at the interface of machine learning and architecture. 

In this framework, DCGAN and Pix2pix(cGAN) algorithms were applied for plan layout 

generation methods. Two different datasets were used in these two algorithms. The purpose 

of using these different datasets is to more clearly identify the differences between the plan 

layouts emerging when TOKI plan images, which constitute an example of spatial planning 

with clear boundaries, and Open plan images, which have more flexible spatial boundaries, 

are trained to GAN networks. Since both algorithms are image-to-image translation 

methods, all generated datasets were converted into image files. For DCGAN, the 

segmentation process of the datasets was optional. However, for the Pix2pix(cGAN) 

algorithm, the segmentation process of the datasets was needed. The method of preparing 

the dataset for both algorithms differed. The evaluation of the new layouts generated was 

compared with the loss values obtained by the algorithms. Loss values in each algorithm 

differ. For this reason, the results of the algorithms are first compared within themselves. 

Afterward, a comparison was made to whether the generated image/predicted image was 

real or fake (Figure 3.1). The designer's decision-making process regarding the final plan 

layouts generated through GAN networks varies. This is because, even if the 

output/generated/predicted images are close to 'real' according to the network results, they 

may not be a preferable plan layout proposal for the designer. 
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Figure 3.1. Plan layout generation through GANs (prepared by author) 

3.2. Decision Making Process 

In this study, AI tools were again used to reinterpret the images produced by GANs. 

However, the architect's evaluation regarding the interpretability of the plan layouts created 
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in this process was needed. This section aims to re-evaluate and concretize the plan layouts 

with simulations made with computational design tools. Afterward, the Rule-based 

classification method, also an AI algorithm, was preferred to evaluate the alternatives in 

decision-making. 

3.2.1. Plan layout detection through object detection 

Each predicted image, which is close to the ground truth, may not match the criteria that the 

architect may prefer. To detect these cases, the generated plan layouts through different 

datasets are analyzed with other systems in addition to evaluating the machine's learning 

metrics. This system was determined to be the 'object detection' algorithm. They were re-

inspecting generated/predicted images through GANs with another artificial intelligence 

algorithm, 'Object Detection,' to determine whether the spaces in the plan layouts created 

were correctly defined. The data obtained from these predicted/detected images were 

transferred to the Rhino/Grasshopper program, a computational design tool with BBOX 

detections and .json data. The aim is to make the defined plan layouts measurable and re-

evaluable by architects according to specific spatial design criteria (Figure 3.2).  

  
 

Figure 3.2. Object detection process of generated images (prepared by author) 
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As a result of the predictions, by checking the images generated by GAN networks with 

another AI algorithm, object detection, it was determined that the AI could make spatial 

descriptions of the generated images. However, for the designer, these predictions should 

have meaningful results. It is aimed to make the generated plans measurable in a concrete 

way based on specific parameters and to facilitate the designer's choice. 

3.2.2. Analysing Plans 

The BBOX coordinates (x,y, values width, and height lengths) and midpoints are included 

with the predicted room properties (class) in the JSON data format. Thus, In the 

Rhino/Grasshopper environment, geometrically transforming these detected plan layouts 

was quantified and materialized. After the plan layouts were converted into tangible plan 

layouts, analyses were performed to graphically express the enclosure, openness, circulation 

connections, and spatial connections of the plan layouts according to their spatial quality 

values. A final evaluation was made according to these data analyses (Figure 3.3). 

  
 

Figure 3.3. Plan analysis workflow (prepared by author) 

To summarize, after conducting an analysis of the plan layouts, this evaluation graph was 

processed in great detail, and numerical values were included in a table that was created for 

the architect to make a decision. The result values of the analyses are recorded as parameters 

in the data table. 
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3.2.3. Classification 

Mainly ML algorithms are used for as decision-support systems. These decision support 

systems are tools that help us in situations where we cannot be sure of their accuracy or in 

processes where we need to make quick decisions due to time constraints. With the rapid 

expansion of automation systems in design processes, 'decision support systems' from AI 

systems have started to be used frequently. The main structure of this process is the re-

evaluation of the plan layouts generated within the framework of specific problems in line 

with the designer's suggestion. Re-assessing the analysis of the design is provided by 

including expert opinion. Decision support systems, especially with the advancement of 

technology, have been used to process the information obtained and to act quickly to make 

the right decision. AI supported classification methods create certain classifications through 

algorithms such as “decision trees, K-nearest neighborhood/KNN, and fuzzy logic.” 

Although these classification methods give positive results, to proceed within the framework 

of specific rules, the rule-based classification model introduced by Holte (1993) is a more 

precise system created for multi-class systems compared to other systems based on more 

than one probability and situation. 

Our study transferred the BBOX predictions obtained through Object Detection to the 

Rhino/Grasshopper computational design tool. With the Jswan plug-in, we created plan 

layouts from the BBOX detections we received in JSON format. With the simulations made 

in the Rhino/Grasshopper program, the plans were reclassified by evaluating whether the 

plan layouts have specific spatial qualities. The new data obtained here was revised with 

expert opinion and transformed into a decision support system where the end users can easily 

make decisions with the 'Rule-based classification' method, which is an open system in terms 

of "interpretability" and "explainability" of the resulting plans (Figure 3.4). 

The table values resulting from the analysis were utilized for the rule-based evaluation 

technique. By writing the rules in Python software language in the Google Colab 

environment, the designer can reach the plan layout option or options he/she wants to obtain 

by writing the desired conditions (with evaluations of different parameters) from this 

knowledge base. 
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Figure 3.4 Workflow chart from generated image through decision making (prepared by 

author) 
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4. IMPLEMENTATION LAYOUT GENERATION THROUGH GANS 

The data processing differs depending on the architecture of each machine learning 

algorithm. For supervised learning and unsupervised learning, the data processing of the 

image also differs. In unsupervised learning models and algorithms such as DCGAN, 

knowing the images as RGB and preparing them with ready-made images in .jpeg/.png 

formats is a valid and sufficient process for training the network without processing the data. 

However, for a supervised learning process such as CGAN (Pix2Pix), it is essential to 

develop a learning method for the images produced as a result of training by dividing the 

data into two parts: input and ground truth. 

4.1. DCGAN Implementation 

In this study, DCGAN, the most straightforward GAN architecture described earlier, is used. 

The DCGAN algorithm, with its two main components, generator and discriminator, is used 

to ascertain whether the generated images are real or fake. The datasets were prepared in 

color, and for clearer detection, the TOKI plan house was created using the initial 

segmentation of the dataset. Training plan layouts of different typologies are compared with 

the results. The architecture of the DCGAN algorithm is demonstrated in Figure 4.1. 

  
 

Figure 4.1. The workflow of DCGAN (prepared by the author) 
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The algorithm was used to train the algorithm on these plans, and then datasets of labeled 

rotated 90, 180, and 270 degrees and mirrored images were created that could also be used 

in the Pix2pix algorithm. The experimentation continued on the 'Google Colab' platform, 

utilizing the GPU operating system to optimize computing speed. Google Colab provided 

convenient access to our image data saved on the SSD after performing data augmentation 

processes (see Table A.1). Afterwards, the chosen method used DCGANs to create designs, 

implemented through a Tensorflow connection. The approach differentiates GANs from 

other DNNs by establishing connections between the generator and discriminator. 

Subsequently, the dataset was established, and the network began the training process. As a 

result, the network was retrained using an expanded dataset consisting of 157 plans. The 

modified model was again subjected to epoch values of 50, 80, 150, and 500. 

  
 

Figure 4.2. Tried generation on 157 plans (prepared by author) 
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The experiment used the Google Colab tool, integrating the GPU platform to improve 

processing performance.  Google Colab efficiently facilitated access to our image data stored 

on the drive following the execution of data augmentation operations. DCGANs were 

subsequently utilized in the selected strategy to generate plans using a Tensorflow linkage. 

After defining the dataset, the network undertook an extensive training procedure. The 

investigation involved examining epochs of 50, 80, 150, and 500 to determine where the 

training set becomes saturated. This is seen in Figure 4.3. Despite training the model for a 

substantial 499 epochs, achieving accurate generation was still impossible due to the 

limitations of the small dataset. 

  
 

Figure 4.3. After the training process of the network with an epoch value of 500, generation 

loss function and discrimination loss function values (prepared by author) 

4.1.1. TOKI plan dataset training through DCGAN 

Plan layouts reproduced from one unit of the closed plan layouts of the TOKI plan dataset 

were trained together with DCGAN. As seen in the open_plan layout training, the network 

training runs more smoothly as the epoch values increase starting from 100 epochs, and we 

can understand this situation from the graphical functioning of the Generator and 

Discriminator Loss values. Especially after 500 and 1000 epochs, the Discriminator is in a 

balanced graphical value, while the generator is clearer at low values. However, it has been 

noted that it can generate images that differ from the input images. (Table 4.1). 
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Table 4.1. TOKI plan datasets training results 

 
Epoch Time Generator and Discriminator Loss During Training 

100 epoch 28 

dk 

 

200 epoch 47 

dk 

 

500 epoch 1 sa 

36 

dk 

 

1000 Epoch 4 sa 

50 

dk 
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After 500 epochs, the images generated by the network became clearer. At 1000 epochs, the 

images are produced more clearly and generated differently (Table 4.2). 

Table 4.2. TOKI plans datasets training results 

 

 

4.1.2. Open house plans training through DCGAN 

The dataset was trained using this DCGAN algorithm. The images trained at 100 epochs 

during the first trial were retrained by reducing the noise function and more favorable results 

100 Epoch 200 Epoch 

  

500 Epoch 1000 Epoch 
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were obtained. The graphical values indicate that the value of the Generator and 

Discriminator variables are closely aligned (Table 4.3). 

Table 4.3. DCGAN 2.case results 

 

Real and Fake Images Generator and Discriminator Loss 

Functions 

 
 

  

Experiments can be performed at high epoch values. However, the first change in the code 

was tried by decreasing the random noise vector so that a more realistic image could be 

generated. Then, the learning rate of the network was increased slightly above its minimum 

value. The "learning rate" value was avoided to reach its maximum value. Because the 

network training methods start to vary after overfitting. The training process was prolonged 

after these values changed. “The input data consists of latent vectors, z, sampled from a 

conventional normal distribution, and the final result comprises a 3x64x64 RGB image" 

(URL-7). From 100 epochs, it was changed to 200 and 500, and the change in loss function 

values is expressed in Table 4.4 along with the training process. The training time increased 

proportionally from 100 epochs to 500 epochs of the trained dataset. The best generated 

images are the ones with low generator loss and high discriminator values, which are close 

to the real image. This is because, when the generator loss is low, it can produce an image 

that is not very different from the real image. The discriminator should be balanced during 

the network training period. Because in order to distinguish the generated image, it must be 

at low and balanced values.  
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Table 4.4. Open plan datasets training through DCGAN 

 

Epoch Time Generator and Discriminator Loss During Training 

100 

epoch 

36 dk 

 

200 

epoch 

1 sa 4 

dk 

 

500 

epoch 

2 sa 36 

dk 

 

1000 

Epoch 

3 sa 

50dk 
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Within the framework of this logic, according to the inference made from the training results 

at 200 epochs and 500 epochs, it is seen that the network can produce and distinguish 

healthier and closer to authentic images with increasing value. Table 4.5 shows the resulting 

generated images.  

Table 4.5. Open plan datasets training results  

 

100 Epoch 200 Epoch 

  

500 Epoch 1000 Epoch 
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The clarity of the images obtained with the resulting loss values is also close to reality. A 

similar training method and the same algorithm were tested again with different training sets 

and the same values. 

4.2. Pix2pix open plan house layouts generation 

For the use of the dataset we created in the Pix2pix algorithm, we trained the network with 

the dataset we created, not with the MNIST dataset, which uses open-source code. The 

transition processes of the data we created in the U-NET and Patch-GAN sections, which 

are two essential components of the Pix2pix algorithm, are critical in terms of the 

compatibility of the images given by the separation and correct identification of these 

algorithms (generator and discriminator). The functioning process of the Pix2pix algorithm 

with the data we used is demonstrated in Figure 4.4. 

 
 

Figure 4.4. How the dataset used with the Pix2pix algorithm works with the algorithm 

(prepared by author) 

Creating the output Loss values as metric values between the input, ground truth, and 

predicted image more clearly expresses whether the algorithm has undergone the correct 

training process. Afterward, we saved the images produced by the trained network at each 

epoch value or specific interval epoch values during the training process as .h5 extension. 

We created  recalling process to re-test the trained images (Figure 4.5). 
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Figure 4.5. Process diagram of how the pix2pix algorithm is trained and how the post-

training process takes place (prepared by author) 

Generator 

Since the generator is created from U-net architecture, we see the upsampling and 

downsampling process here (Table 4.6.). 

Table 4.6. Generator definition (downsampling and upsampling) 

 

 

The generator is structured based on U-Net architecture. Each frame in the encoder starts 

with a convolutional layer and then goes through a batch normalization process and a leaky 
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ReLU activation. The decoder comprises a transposed convolutional layer, batch 

normalization, the dropout method, and ReLU activation. Following the U-Net architecture, 

bypass connections are used among the encoder and decoder. 

Discriminator 

The Parser utilizes the PatchGAN model in this situation. Every block in the Parser 

undergoes convolutional processing, then goes through the batch normalization process, then 

leaky ReLU activation. The final layer outputs a shape of (batch_size, 30, 30, 1). Each 30x30 

patch of the final result in this architecture classifies a 70x70 section of the input image, 

known as PatchGAN. This procedure differentiates the input image from the actual target 

image. An evaluation compares the input image, meant to be misclassified, with the created 

image produced by the generator (Figure 4.6). To handle these inputs, the code concatenates 

them together using the operation “ tf. concat([inp, tar], axis=-1)”. 

  
 

Figure 4.6. The Discriminator architecture of pix2pix algorithm 
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4.2.1. Open plan datasets preparation 

This stage varies since each algorithm has a different way of processing the data or training 

the network. Supervised and Unsupervised learning methods can sometimes be done by 

simply scaling and changing the dimensions of the data without processing the data at all, 

and sometimes, the data must be broken down and converted into a specific format that the 

network can train with the identification process. 

While creating the "Open Plan" dataset, open plan layouts and raumplan layouts were 

searched online. After collecting the visual data of these plans (.jpg or .png formats), the 

data was prepared to train the network with the Pix2pix algorithm. The labelization stage 

was started by identifying and separating the images for the semantic segmentation process. 

In the sample data preparation methods, in order to produce images from real images, the 

areas to be generated must be colored and defined. This identification process was realized 

by coloring the spatial organizations according to the functions of the plan layouts. In 

decomposing the plan layouts, negative image visuals defined by interior and exterior walls 

define the area boundaries that spatial boundaries can produce (Figure 4.7).  

 
 

Figure 4.7. Process of datasets preparation (Prepared by author) 

Giving spatial boundaries rather than the whole plan boundary also differs from the plan 

types in our previous study. Because in open-plan layouts, interior partitions (walls) are not 

included as boundaries. It is essential to differentiate this variable in the training dataset. In 
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the first stage of Table 4.7, the defined spaces, which are separated according to the functions 

of the spaces in the labelization process, are an essential stage for generating ground truth.  

Table 4.7. Open plan dataset preparation (case 1 and  case 2) (prepared by author) 

 

1.step 

 
2.Step 

 

The plan layout images that the algorithm tries to generate are based on these ground truth 

images. The white walls on the black background, defined as input images, are included in 

the dataset to define the area and area boundaries where the space can be generated. In the 

second stage, these parsed images had to be scaled, rescaled, and included within certain 

boundaries. This was done because the pix2pix algorithm requires the images to be of the 

pre-defined size to work. One of the important methods of GAN networks is to reduce the 

images to their pixels by fragmenting and dividing them and then recombining these pixels. 

Thanks to the U-net algorithm, we can see this fragmentation and reassembly. U-net and 

Patch-GAN algorithms, which are important components of the Pix2pix algorithm, provide 

an essential factor in understanding how the images generated are processed and how they 

are generated. In this context, the process of fitting the images into the 256*256 scale that is 

processed in the algorithm without going through the process of separating the prepared 
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images as "Ground Truth and Input Image" was realized through the Python code. After this 

process, the 20cm images were scaled again with Python code after it was determined that 

creating an outer border inside the image effectively separated the ground truth and input 

image more smoothly. The final stage of training the network was achieved by combining 

these decomposed and scaled images through Python code and scaling them to 

512*256.After these steps, the dataset was included in the data augmentation process, which 

is the other process when the dataset needs to be multiplied in case of need. However, during 

this process, while creating the first dataset, all images were merged by crossing all images 

rather than "merged images" ground truth and input image similarity. In the second study's 

modified dataset, the background for the ground truth variable was deleted, and all images 

were merged with their paired (images with similar boundaries) input values (Table 4.8). It 

aimed to determine whether the output of the trained network differed with the matching of 

the changed ground truth variable and the input variable. 

Table 4.8. Open plan dataset preparation (case 3) (prepared by author) 

 

1.step 

 
2.Step 
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4.2.2. Datasets augmentation 

The augmentation of the dataset differs based on the algorithms used. The first dataset used 

to train Open plan was resized to 256*256 (resized image), and all input values and ground 

truth images were combined with the crossing technique rather than the paired matching of 

ground truth for each input value. As a result of the experiment with this first dataset, 

different plan images were generated after training the network and applying data 

augmentation was tried with the other method, the augmentation process was carried out 

with the augmentor package of images rotated simultaneously at 90,270 angles with each 

input value and its identical ground truth (Table 4.9). After augmenting the datasets, case 

study 1 comprised 380 images. The ground truth of this dataset was prepared as black-

backgrounded in the first process, while the second process was prepared with a white 

background. For the 3rd case study, 596 data were obtained. 

Table 4.9. Data augmentation for open plan datasets 

 
1. Data Augmentation(Creating all 

input images in the file by crossing all 

input images in the file with all ground 

truth images in another file).(case 1) 

 
2. Data Augmentation (Rotating 90° ve 

270° all paired images in one file.( Case 

2 and case 3) 

 

4.2.3. Training open plan datasets 

The first trained dataset was trained at 100 epochs. The initial goal was to merge the input 

image regarding the ground truth image with the cross-reference technique instead of the 

paired approach. The ground truth image had a black background, and the walls or gaps 

between the spaces were also marked in black. The fact that the input images are different 

has also enabled different plan layouts to be generated. 
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Case 1 

Table 4.10. Results of training datasets of open plan 01 datasets (100 epoch) 
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When interpreting the graphs for discrimination loss, generation total loss, generation GAN 

loss and generation L1 loss, each shows different aspects of the model and its performance. 

Below are general interpretations of these loss types: 

Discrimination loss graph: 

The discrimination loss shows how much the GAN's discriminator has been lost. The 

discriminator aims to distinguish between the model's outputs and authentic images. Low 

discrimination loss may indicate that the discriminator struggles to distinguish the 

generator's outputs effectively. If the discrimination loss is high, the discriminator can better 

tell the results of the generator apart. 

Generation GAN loss (Gen-Gan loss) graph: 

Generation GAN loss is a way to determine how much output the GAN's generator is losing. 

This sets how realistic the result of the generator is. The generator has learned to make 

realistic results if the GAN loss is low. However, a low GAN loss may also indicate that the 

timer does not work as well, and the generator can "cheat" more easily. 

Generation L1 loss (L1-Gen loss) graph: 

Generation L1 loss checks the closest proximity the generator's output is to the target picture, 

also known as "ground truth." If the L1 loss is low, it means that the generator is making 

output that is closer to the goal. A high L1 loss, on the other hand, could mean that the 

generator is having trouble making output closer to the goal.  

Generation total loss( Gen-total loss) graph: 

Total generation loss is the cumulative amount of output losses experienced by the generator. 

It often consists of discriminating loss, GAN loss, and L1 loss. Reduced overall loss often 

indicates improved generator performance. However, this could be different based on the 

choices and dataset. Often, when monitoring these loss graphs during training, it is essential 

to understand how each type of loss changes and in which areas the model shows 

improvement. Ideally, one should observe a decrease in overall losses over the training 

process and an improvement towards the desired performance. However, evaluating these 
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losses together and visually inspecting the model's performance on real-world data is 

essential. In the Discrimination Loss Function Graph, it is possible to see high values 

indicating that the discriminator perceives the images produced by the generator. In the 

Gen_Gan_Loss Function Graph, it can be observed that there are very few low values, which 

means that the generation of realistic outputs is low to medium. This evaluation assesses the 

authenticity of the ground truth image and measures the resemblance of the predicted to the 

ground truth (Table 4.11). When assessing the Gen_L1_Loss Function, the few low values 

indicate a low resemblance to both the predicted and the target image due to the low level 

captured in an epoch value in the function. The low values in Gen_Total_Loss values are 

low and average values, so the generator works well at the average value. 

Table 4.11. Loss functions graphs of  open plan datasets 01 training results (100 epoch) 

 

 

Loss Functions Graphs_Open_Plan_Datasets01 Training 

Disc_loss 

 

Gen_Gan_Loss 

 

Gen_L1_Loss 

 

Gen_Total_Loss 
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Case 2 

Table 4.12 shows the predicted image (generated image) from training the pix2pix network 

on Open_Plan_Datasets02 100 epochs.  

Table 4.12. Results of training datasets of open plan 02 datasets 
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In this dataset, images obtained by the crossing method are without changing the ground 

truth background (black wall and space definition). It is possible to say that the formation 

between the spaces in the obtained images can realize more flexible "not-compact" plan 

layout generation. Table 4.13 shows the values obtained after training the network. 

Table 4.13. Loss functions graphs of  open plan datasets 02 training results (100 epoch) 

 

 

Loss Functions Graphs_Open_Plan_Datasets02 Training 

Disc_loss 

 

Gen_Gan_Loss 

 

Gen_L1_Loss 

 

Gen_Total_Loss 
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From the high values, it is possible that the discriminator can more clearly identify the 

disparity between the ground truth data and the predicted images after 50 epochs in this 

network. For the Gen_Gan_Loss value, the higher-than-average value indicates that the 

network has not learned to generate realistic images. The Gen_L1_Loss value, on the other 

hand, shows that the network produced less accurate images than the ground truth. The 

Gen_Total_Loss number signifies that the generator's performance should be improved. 

Case 3 

Open plan 03 dataset was created by paired images of the input image and the ground truth 

with the background removed (black wall and space definition). While preparing this dataset, 

paired images were also prepared by undergoing the same degree of transformation. The 

network was then trained. All of the findings are displayed in Table 4.14. 

Table 4.14. Results of training datasets of open plan 03 datasets 
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Table 4.14 (Continued). Results of training datasets of open plan 03 datasets 

 

 

 

Gen_Gan_Loss is above average, indicating that the network can produce realistic images 

at an average level. The Gen_L1_Loss value shows that the network could generate images 

similar to the targeted image (ground truth) after 60 epochs, with low values indicating that 

the success rate was approached. The Gen_Total_Loss value shows that the generator's 

performance again shows that the correct generator works well between 60-80 epoch values. 

It is in parallel with the Gen_L1_Loss value. In Table 4.15 was showed the values obtained 

from training the network as described above. It is possible to understand from the low 

values that the discriminator cannot identify the variation between the images predicted by 

this network and the images of the ground truth. The most successful results in open plan 

layout generation were achieved in case 3. Looking at the loss values and the test images 

obtained as a result of the network training, it is seen that the predicted images/generated 

plan layouts are more perceivable and more feasible plan layouts. However, this success rate 

does not mean that the generated plan layouts generate more positive results in terms of 

spatial organization. 
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Table 4.15. Loss functions graphs of  open plan datasets 01 training results (100 epoch) 

 

 

4.3. Pix2pix TOKI House Plan Layouts Generation 

TOKI house plan layouts are typologically classified from mass housing plan layouts and 

prepared for the rapid construction process. Since these plan types are generated as tunnel 

formwork systems (load-bearing-wall), they are created based on closure rather than flexible 
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plan design. It has been observed that at least one module or more than one module in the 

designs created in all plan types can create a typology for mass production by symmetrically 

copying or mirroring on certain axes with transformation.  

4.3.1. Datasets preparation 

The labelization and semantic segmentation process of each plan layout and the typology of 

each different unit was completed (Figure 4.8). After this process, the dataset was prepared 

as ground truth, and the input image and the merging process were started with 256*256 

resolution and dimensions to be suitable for the pix2pix algorithm. 

  
 

Figure 4.8. The preparation process of TOKI house plan layout(each unit) to pix2pix dataset  

(prepared by author) 

After each unit of the TOKI house plan layout goes through the semantic segmentation and 

labelization procedure according to Figure 4.7, the input visuals created with the walls as 

separate layers define the boundaries of the spaces. 

4.3.2. Datasets augmentation 

Similar processes to the open_plan_layout data augmentation process were used. As seen in 

Table 4.16, in the first process, the dataset created by differentiating the laws created by 

differentiating black backgrounded grounded truth images with the crossing technique and 

matching each ground truth with different input values was used in the first studies.  
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The second data duplication process was applied by rotating the paired images identically 

and simultaneously and then merging them. All the augmented datasets were combined into 

a 512*256 dataset to train the pix2pix algorithm. 

Table 4.16. Data augmentation for TOKI house plan one unit 

 
1. Data Augmentation(Creating all 

input images in the file by crossing all 

input images in the file with all ground 

truth images in another file).(1.case 

and 2. case) 

 
2. Data Augmentation (Rotating 90° 

ve 270° all paired images in one 

file.(3.case) 

 

4.3.3. Training datasets 

The training process of 3 different datasets is discussed. Case 1 presents the results of the 

dataset trained at 100 epochs and replicated with the black_backgrounded ground truth 

replicated with the crossing technique. In Case 2, the ground truth is changed to a white 

background. In Case 3, the network was trained with white background ground truth using 

paired images. 

Case 1 

Due to the network's training, it is possible to state that different plan layouts are generated 

and predicted images that are different from ground truth and input images (Table 4.17). 
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Table 4.17. Results of training datasets of TOKI house plan 01 datasets (100 epoch) 
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It is observed that the discriminator value is high in the initial epoch values, indicating that 

the discriminator works well in the initial values, but decreases in the later values, indicating 

that the discriminator module cannot discriminate well (Table 4.18).  

Table 4.18. Loss Functions Graphs of  TOKI house plan dataset 01 Training Results(100 

epoch) 
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Gen_Gan_Loss value is in high value ranges except for a few epoch values. It shows that 

the loss in the generated images, that is, “the similarity between the ground truth and the 

predicted image” is too high. As a matter of fact, the images obtained also express this. In 

the Gen_L1_Loss value graph, the fact that there are lower values in the lower range than 

the other training models but still high values in the total graph indicates that the generator 

(generator) has difficulty in producing images similar to the ground truth. The 

Gen_Total_Loss values show that the performance of the generator works well in the range 

of 60-80 epoch values, but the generator does not work well in other increasing value ranges. 

Case 2 

In this training set, the input image and the ground truth (white backgrounded) image were 

duplicated with the crossing method. In the graph where the Disc_loss value is observed, we 

can see that as the network is trained, it cannot recognize the generated images; that is, the 

function of the discriminator decreases functionally. It is observed that the predicted images 

are entirely distinct from the ground truth and input images (Table 4.19). 

Table 4.19. Results of training datasets of TOKI house plan 02 datasets (100 epoch) 
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Table 4.19 (Continued). Results of training datasets of TOKI house plan 02 Datasets (100 

epoch) 

 

 

 

 

In the Gen_Gan_Loss value graph, while the visual loss is the difference of predicted images 

and ground truth starting from low, and it is challenging to decide the discrimination process, 

the gradually increasing value graphs after 30 epochs indicate that the loss increases. 

Gen_L1_Loss shows that the image generates realistic images at low values, but fake images 

are generated at high values compared to the ground truth. Gen_Total_Loss value graph 

shows that the total loss of the image generated through the generator is high. This value 

graph changes parallel to the L1 graph (Table 4.20). 
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Table 4.20. Loss functions graphs of  TOKI house plan 02 datasets (100 epoch) 

 

Loss Functions Graphs_Open_Plan_Datasets03 Training 

Disc_loss 

 

Gen_Gan_Loss 

 

Gen_L1_Loss 

 

Gen_Total_Loss 

 

Case 3 

Table 4.21 displays the images divided into input, ground truth (target image), and predicted 

images. 
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Table 4.21. Results of training datasets of TOKI house plan 03 datasets (100 epoch) 
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Finally, the training process was tested on a dataset where the training set consisted of paired 

images, identical images of the input value, and the ground truth value. This study's ground 

truth consists of (white backgrounded) images. The predicted images are similar to the 

ground truths. When we look at the values in Table 4.22, we can see that the discriminator 

works well according to the high discrimination loss values and value ranges compared to 

the results of other trained networks. 

Table 4.22. Loss functions graphs of  open plan datasets 01 training results (100 epoch) 

 

 

Loss Functions Graphs_Open_Plan_Datasets03 Training 

Disc_loss 

 

Gen_Gan_Loss 

 

Gen_L1_Loss 

 

Gen_Total_Loss 
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When we look at the Gen_Gan_Loss values, low levels in the initial epoch values show that 

the image generates realistic images. The interpretation of the graph of Gen_L1_Loss value, 

which gradually reaches low values, shows that the generator generates images close to the 

target image (ground truth) as the epoch value increases.Gen_Total_Loss value shows that 

the generator works better towards the last epoch values of the graph, which is at low values 

in parallel with the L1 function graph. 
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5. TUNING OF THE MODEL 

This section aims to evaluate the plan layouts generated by GAN networks. The evaluation 

of the networks based on their result metrics is not sufficient for the evaluation of 'spatial 

plan layout.' This is because the generated images are not just images; they define a space. 

For this reason, the generated/predicted images of the Pix2pix algorithm, which are the most 

identifiable of the generated plan layouts, were preferred. When these algorithms are 

considered as 'black box' models, there is no certainty and accuracy value of the results 

produced by the algorithm. 

For this reason, the 'Object Detection' method was used, allowing both the algorithm results 

to be re-evaluated with another AI algorithm and thus improving the plan layouts' 

quantifiability. The process of 'classification/decomposition of the defined space function' 

of the spaces of the plan layouts was carried out. While the BBOX determinations obtained 

through this process determined the physical boundaries of the plan layout, it also enabled 

the transition to transforming it into the final stage, where the architect can make decisions. 

The plan layout estimation information is transferred to Rhino/Grasshopper, and class names 

(room, bathroom, hall, etc.), x,y, width, and height fields are embedded in .json data and 

transformed into a quantifiable state. For the architect to make decisions, basic parameters 

that will help us measure the quality of space in spatial transformations were created and 

analyzed in Grasshopper depending on these parameters. In the last process, the results of 

the analyses provided a decision support system to facilitate the architect's choice within the 

rules determined by the 'rule-based classification' method. 

5.1. Object Detection 

The object detection algorithm aims to determine whether the boundaries of the data we have 

obtained as a plan layout are correctly determined. This process is also essential regarding 

the rules for the decision-making phase. Figure 5.1 provides a visualization of how this 

process works. The Roboflow interface was used at this stage. The data processed here was 

also trained here. It was also connected through the Google Colab platform, allowing it to 

be trained and used again. The object detection method aims to determine whether the 

functions were correctly defined in the plan layouts resulting from the Pix2pix algorithm and 

to obtain BBOX data. 
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 Figure 5.1. Process of object detection (prepared by author) 
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Initially, using the RGB segmented state of the dataset we prepared for the Pix2pix 

algorithm, all functions in all plans were processed in BBOX (bounding box) for object 

detection (Figure 5.2). The network was trained with Roboflow and Google Colab during 

this process in 100 epochs. In this algorithm, where the dataset can be separated directly into 

train, test, and validation, the network weights are saved for reuse.  

 
 

Figure 5.2. Object detection annotation process through roboflow 

As a result of the training of the networks after labeling the plan layouts of the plans in all 

the datasets, we have the re-annotation process based on the variety of spaces from the plan 

layouts, the variety of the detected spaces in the plan dataset, the box sizes of the Anchor 

Boxes are given in the x,y coordinates and width and height graph (Figure 5.3). The Anchor 

Boxes detected here are given as the center point of the rectangle on this grid, as in the 

process of the yoloV5 algorithm, where the whole image is divided into grids. The 

coordinates of the BBOX detection formed on it are given as the center point of the rectangle 

on this grid. However, when the processed dataset is trained with different networks, it is 
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known that the corner coordinates of the BBOXs determined in case of conversion to other 

formats are taken as the basis. For this reason, different dataset transformations were created 

when testing the object detection implementation of the Roboflow-prepared dataset in the 

Google Colab environment. 

  
 

Figure 5.3. Predicted the dataset's spatial variations, coordinates, and BBOX length and 

width features after training in the Roboflow environment. 

After the detection of the relevant objects, accuracy and precision values emerge. A more 

significant number in the precision/recall value graph indicates a greater accuracy rate in 

detecting objects. mAP values indicate whether the algorithm is generally successful. The 

graph of the obtained results is given in Table 5.1. At 100 epochs, the results of the data 

trained with different algorithms are presented comparatively in the table. Loss values reveal 
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the loss values of the locations, classes, and objects of the detected boxes. Low loss values 

indicate that the loss is low. 

Table 5.1. Training 100 epoch for object detection 

 

Google 

Colab-

Yolov8 

 
Google 

Colab-2-

Yolov5 

 
Roboflow 
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It was observed that the precision of the trained network was higher with Yolov8. According 

to the comparison of the loss values, it is observed that the loss of the detected classes is 

generally low, but the loss values are the lowest in Yolov8 and the highest in Roboflow. As 

a result of the network training, it was observed that there was a partial loss of prediction in 

Roboflow. However, in Google Colab, BBOX room layout detection of all images was 

achieved in 100 epochs. Figure 5.3 shows that the predicted images are evaluated based on 

the dataset, and the predicted scores are reported as a Confusion Matrix. The measurement 

of the results of the classification algorithms varies according to the dataset. While the 

classification model of a dataset consisting of two classes can be processed with models such 

as binary, regression, etc., multiple classification models of multiple classes are measured 

with the confusion matrix model (Heydarian (2022). Thanks to this matrix, we can see how 

accurate and inaccurate the algorithms are when identifying the classes. 

The calculated Accuracy, Precision, Recall, and F1 scores are expressed in these matrices. 

Accuracy values alone are not sufficient for the evaluation of the matrices. When val/box 

values are considered, the network with the highest loss value was trained in Roboflow. 

Yolov5 and Yolov8 trained the most accurate network with the least loss. In fact, Yolov8 

gave the network training results with the least loss in detections.  

However, when we evaluate all these values not separately, but in a way to get the F1 score, 

the results of the Roboflow algorithm are more favorable. For this reason, the correct 

operation of the algorithms can be determined more clearly with the F1 score. As a result of 

our calculations, F1 values were calculated as 50% for Yolov5, 60% for Yolov8, and 80% 

for Roboflow.As a result of these values, the best working algorithm is the classification 

value in Roboflow. At the same time, it was preferred for the future of the study due to its 

connection to the real time process of obtaining .json data of the predictions/BBOX 

detections of the tested results.  

TP, TN, EP, and FN values are used to evaluate the confusion matrix. These values are used 

to calculate the formulas mentioned in the Object detection section. The confusion matrices 

created to clearly see all these values are given in the Table 5.2. 
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Table 5.2. Confusion matrixes 

 

Google 

Colab-

Yolov8 

 
Google 

Colab-

yolov5 

 
Roboflow 
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Figure 5.4 shows the image detections and scores resulting from the training of the network 

in Yolov5 in the Google Colab environment on the tested images. Here, it is observed that 

objects are mostly detected correctly, even if the values obtained from the detected images 

are low. 

 

Figure 5.4. Google Colab-Yolov5 training results of object detection results tested with class 

data 

Afterward, an interface was created to determine the room layout of the generated images 

obtained with the Pix2pix algorithm. In this interface, the predictions of the added images 

are provided (Figure 5.5). The images detected by the network trained in Roboflow as a 

result of the test and their scores are given in Table 5.3. It was observed that the detected 

BBOX object detections correctly identified the locations of the objects along with their 
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coordinates. In particular, the real-time object detections performed in Roboflow gave fast 

results, and the .json data of the tested images were correctly given, along with the values 

and locations of all classes. 

Table 5.3. Roboflow bbox predictions of plan layouts generated with pix2pix algorithm 
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Positional formats for frameworks and packages that display bounding boxes can be 

different. Based on the properties of the response JSON object, the following rules can 

always be used together to make a bounding box. 

  
 

Figure 5.5 (a) Roboflow web application interface example (BBOX and predictions of 

detected visual images), (b) prediction result obtained with Json data 

The obtained BBOX Json data was asked to predict the objects by applying a min.40% 

Confidence Treshold. Plan layouts that fall below this prediction and cannot be completed 

will be eliminated in the next stage. 

5.2. Analysing Plan Layouts 

The predicted visuals from Roboflow extracted the predicted functions with the .json data 

and BBOX locations. This .json data was transferred to the Rhino/Grasshopper program. 

The process of perceiving and transforming this data as an object was provided with the 

Jswan plug-in. Afterward, the BBOXes defined on top of each other were eliminated by 

reducing them with C#. In cases where there were problems with the (x,y) coordinates of all 

the BBOXs obtained, convergence was performed with the Kangaroo plug-in. After this 

process, the drawings obtained were transferred to the Rhino environment with the Elefront 

 

 

(a) (b) 
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plug-in. The Planbee plug-in was used to determine the possible openings of the plan layouts 

created here and to evaluate them in line with the analysis (Figure 5.6). 

  
 

Figure 5.6. Workflow for plan layout analysis (Prepared by author) 

Thanks to this plug-in, the continuity of the circulation of the plans, their fragmentation, and 

the openings that can measure the quality of the spaces were determined by isovity analysis. 

In addition to the analysis process, graph-based layouts of the spaces were also obtained to 

detect the connectivity of the connections between the functions with the space syntax 

analysis method. The json data obtained from Roboflow was transformed geometrically for 

rectangle detection with the Jswan plug-in. Figure 5.7 shows the Rhino/Grasshopper 

definition as defined. 

  
 

Figure 5.7. Json to Jswan plug-in process 
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The parameters and classids of all rectangles (x,y, width, height) were parsed and moved to 

the corner coordinate center. In the case of nested or distant rectangle situations in the plan, 

layouts moved to this corner coordinate, and additional definitions were added to the 

definition. With C#, the extra rectangle in the same position (valid for rectangles detected 

twice at the same point in the prediction process during object detection) was eliminated. 

Then, with the Kangaroo plug-in, the plan layouts that were too far apart were brought 

together with the predicted image and aligned with the convergence process. See Figure 5.8 

to understand how the definition works. 

  
 

Figure 5.8. Definition from jswan to kangaroo plug-ins 

After this process, the plan layout creation process of the room surfaces created in 

Grasshopper was realized. These plan layouts' interior and exterior walls were created with 

reference to the visuals produced by GAN networks. Afterward, simulations of isovist values 

and path analysis values were obtained with the PlanBee plug-in of these plan layouts 

transferred to the Rhino environment. At the same time, daylighting analyses were also 

determined according to the openness and closure levels of the spaces. The (x,y) value 

coordinates defined in the BBOX determinations by converting them to Json version have 

changed to define the corner points. These defined coordinate data created plan layouts with 

the reconstructed BBOX definitions.  

PlanBee plug-in was used for plan analysis in the Rhino/Grasshopper environment. It aims 

to measure the space's quality with the analyses obtained with this plug-in. Visibility analysis 

shows both the openness of the space in the interior space and determines whether the 

viewing angle between the spaces is wide in spatial perception. This measure is significant 

for understanding the quality of spatial organization.  As a result of the analyses, the general 

visibility value of the plan was determined by evaluating the remapped values in the range 
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of 0 and 1 values of the plans that gave more positive results in visibility by taking the 

average (average) value range (Figure 5.9). 

  

Figure 5.9. Workflow for tangible plan layouts (prepared by author) 

It is crucial to consolidate these studies under the categories of spatial connection and spatial 

relationships to enhance comprehension of spatial organization and the quantity and variety 

of places. In order to understand space connectivity and space relations, the IDs, names, 

locations and number of spaces we obtained from Json data are given. In line with this 

information, the Space Syntax method was used so that designers could more clearly 

understand and make sense of the difference between the images produced. In this process 

realized in Rhino/Grasshopper, more than one method was tried. Space Syntax plug-in and 

SpaceChase plug-ins were tried. However, more accurate representations were obtained with 

the plug-in-free method. Figure 5.10 shows the analysis and Rhino/Grasshopper definitions. 
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Figure 5.10. Plan analysis results and rhino/grasshopper definition (prepared by author) 

The data obtained from these analyses were processed into an Excel spreadsheet. The 

processed data contains rules for designers to facilitate decision-making. 45 photos were 

chosen from the Pix2pix estimated images to establish these rules. The BBOX detections of 

these images were obtained using the object detection process. In converting these BBOXs 

into Json data, mirror operation was applied on the x and y axes while transferring them to 

Rhio/Grasshopper. This process was not changed because of axial symmetry. Figure 5.11 

and Figure 5.12 shows most of the plans shown. Other plans are included in the appendices. 
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Figure 5.11. The process from predicted ımages through pix2pix to plan layout analysis  
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Figure 5.12. The process from predicted ımages through pix2pix to plan layout analysis 
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5.3. Classification 

In order to benefit from the decision support system, architects must assess the quality of 

space potential associated with the architectural plan arrangement. As we mentioned, further 

analysis of "Form And Space Relation, Spatial Relationship, Path Space Relationship" 

values as spatial quality criterion values can be revealed. An expert evaluated the analyses 

with Rhino/Grasshopper, a computational design tool. Thanks to this tool, we processed the 

numerical values we obtained from the analysis as a dataset. The titles in the table in the 

evaluation process of the plan layouts produced from Pix2pix, whose data was created, are 

given in Figure 5.17. Function names are generated from the place names used in the 

labelization process. This data was also obtained from JSON data in a defined way for each 

plan. Circulation connections that provide continuity between spaces were identified as 

another parameter of spatial quality to be measured. 

For this reason, interior walls and openings (interior walls and openings were created by the 

predicted visual) were drawn to determine the circulation connections with the highest 

probability. In particular, the "hall" circulation connection, which is present in most of the 

plans produced with the training of TOKI plans, is present in some of the plans produced 

with open plan training. In some plans where these circulation connections are absent, the 

spatial limitation "hall" is not defined simply because the spatial boundaries of the 

circulation are not clearly defined. For this reason, an evaluation parameter was created 

according to the number of spaces with a direct connection to common space "Spaces linked 

by Common Space," which is an essential factor in the user's or designer's decision-making, 

the "hall," which is the space defined in the circulation connections, and the number of 

connections of other spaces associated with this space. According to this number, depending 

on the number of spaces, it can be observed that if the number of spaces connected to the 

"hall" overlaps, it can connect all spaces. In other possibilities, if more than one circulation 

connection is defined in spatial diversity, the plan layout system emerges according to those 

diversities. 

For this reason, whether the circulations are continuous or partial is included as separate 

parameters as 'Continous Circulation' and 'Partially Circulation' outside the "hall" space 

limitation. "Path" is an evaluation parameter if there are single or more (partial) circulations 

in the plan layout. "PathBranches" is the parameter calculated as the path lengths between 
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the spaces in the simulation run through Grasshopper. The higher this numerical value, the 

larger the space is, or there is no easy access. Most of the time, it is possible to see that the 

spaces are intertwined, allowing the transition from one space to another. Such parameters 

are processed as numerical data as "Interlocking Space." These data were obtained mainly 

in BBOX detections due to Object Detection estimations. Clear boundaries between spaces 

and unclearly defined boundaries between spaces are very close to reality in BBOX. Finally, 

to measure the spatial quality, the openness of the space was considered. The more vertical 

and horizontal elements that divide the plan layout, the more compactness/enclosure of the 

space is increased. This parameter also decreases the quality of the space. The evaluation of 

this situation is included under the "Enclosureness" parameter. Finally, an isovity analysis 

was performed to assess the visibility of these plans defined by their interior and exterior 

walls. Here, this analysis was made by predicting that spacious spatial areas with high visual 

access and physical access in the interior can be defined in human perception. By averaging 

these value ranges for each plan, it was defined that the higher ones offer high-quality spaces 

in terms of the "visibility" parameter. 

Table 5.4. Analysis parameters for rule-based classification 

 

'PlanID', 'Room', 'Bathroom ', 'Hall', 'Kitchen', 'Living_room', 

       'Terrace', 'Wc', 'Special _room', 'Spaces_l_Common_Place', 

       'Continous Circulation', 'Partially Circulation', 'Path', 

       'PathBranches', 'Visibility', 'Enclosureness', 'Interlocking Spaces' 

The processed data were imported into Google Colab for the rule-based selection algorithm 

and using functions created within the determined rules. Appendix.10 contains the imported 

data table (Appendix.10). In Table 5.4, we see that all the parameters above are evaluated 

within certain constraints and conditions and used to create rules. All analyzed plan layouts 

are classified for each rule. 
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Table 5.4. Rule Definition for Classification 

 
Rule1 def rule_01_room_based(row): 

    if row['Room'] == 0 or row['Bathroom '] == 0 or row['Kitchen'] == 0: 

        return "The plan is not a house plan" 

    elif row['Room'] >= 1 and row['Bathroom '] > 0 and row['Kitchen'] >= 1 and row['Living_room'] >= 1: 

        return "This plan could be a house plan/livable" 

    else: 

        return "NONE" 

Rule2 def rule_02_circulation_based(row): 

    if row['Continous Circulation'] == 1 and row['Partially Circulation'] == 0 and row['Path'] == 1 : 

       return "Circulation movement is continuous" 

    elif row['Continous Circulation'] == 0 and row['Partially Circulation'] > 0: 

       return "Circulation movement is partially separated" 

    elif row['PathBranches'] <= 42: 

       return "This plan is suitable for accessibility." 

    else: 

       return "The plan does not exist" 

Rule3 def rule_03_functional_based(row): 

    if row['Room'] >= 1 and row['Bathroom '] >= 1 and row['Kitchen'] >= 1 and row['Living_room'] >= 1: 

       return "This plan is a house plan" 

    elif row['Room'] >= 1 and row['Bathroom '] >= 1 and row['Kitchen'] >= 1 and row['Living_room'] >= 1 

and row['Terrace'] >= 1: 

       return "This plan includes a terrace" 

    elif row['Living_room'] >= 1 or row['Special _room'] >= 1 and row['Bathroom '] >= 1 or row['Wc'] >= 1 

or row['Terrace'] >= 1: 

       return "This plan could be a different plan/but not for long term living" 

    else: 

       return "NONE" 

Rule4 def rule_04_spacerelation_based(row): 

    if row['Hall'] >= 2 and row['Path'] == 1: 

       return "This plan could be open house plan" 

    elif row['Hall'] >= 1 and row['Bathroom '] >= 1 and row['Kitchen'] >= 1 and row['Living_room'] >= 1 and 

row['Spaces_l_Common_Place'] >= 3: 

      return "The hall constitutes the main circulation connection." 

   elif row['Hall'] >= 1 and row['Path'] == 1: 

      return "This plan could be compact." 

   else: 

      return "NONE" 

Rule5 def rule_05_spacelayout_based(row): 

    if row['Spaces_l_Common_Place'] >= 3 and row['PathBranches'] > 42: 

       return "This plan could not be suitable for accessibility/spaces are big and complex relationships ." 

    elif row['Path'] == 2  and row['Partially Circulation'] > 0: 

       return "This plan is NOT suitable for accessibility/The spaces are divided and have separate entrances." 

    else: 

       return "NONE" 

Rule6 def rule_06_spacelayout_based(row): 

    if row['Interlocking Spaces'] >= 1 and row['Enclosureness'] < 3: 

       return "This plan could be unique." 

    elif row['Interlocking Spaces'] == 0 and row['Enclosureness'] < 3: 

       return "This plan could be unique." 

    else: 

       return "NONE" 

Rule7 def rule_07_spacelayout_based(row): 

    if row['Visibility'] >= 0.5 and row['Enclosureness'] <= 2: 

       return "Space quality is high in visible conditions." 

    elif row['Visibility'] < 0.5 and row['Enclosureness'] > 2 and row['Enclosureness']< 5: 

        return "Space quality is low" 

    elif row['Visibility'] < 0.5 and row['Enclosureness'] == 5: 

        return "Space quality is very low" 

        else: 

            return "NONE" 
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The classification results obtained according to the specified rules are presented in Table 5. 

5. The evaluation of these results was carried out with verbally definable statements. 

According to the result graph in Result_1, "Room, Bathroom, and Kitchen" are the functions 

that should be present in standard housing plans under minimum conditions. However, as 

the result of this rule reveals, Pix2pix has produced plan layouts that still need to have these 

three functions in most of the plans. Eighteen plan layouts meet these conditions, and 18 do 

not meet these conditions at all. The "NONE" class plan layouts contain definitions outside 

the rule's constraints. In the Result_2 result graph, results are drawn according to the rule 

function that can be inferred about the fragmented, continuous circulation and its 

accessibility in the whole space. Thirty-seven plan layouts were found to have continuous 

circulation, and two plan layouts had the highest accessibility. According to Result_3 

evaluation, to determine the plan diversity, it is said that if the functions that should be 

included in the standard housing plan meet the minimum conditions, it can be a housing 

plan. 

In contrast, a definition has been developed based on interpreting different plan layouts 

outside the standard that offer other spatial function diversity. According to the Result_5 

evaluation, it was determined that 26 of the plans have large volumes and complex spatial 

relationships. For this reason, they were considered weak in terms of accessibility. Four 

plans were analyzed as two different spaces within the same volume due to their separated 

circulations and the lack of interaction. While measuring this, as a rule, the fragmentation of 

the circulation was taken as a basis. In Result_6, it was determined that the plan layout and 

17 of the realized plan examples were at this level with the determination that there are many 

intertwined spaces. Despite this spatial relationship, the whole space has an open space. Few 

dividing elements separate the spaces due to the low level of "enclosures."  

In Result_7, it is seen that the plans in which the height ratios of the viewing angles in the 

interior space and the spatial organizations in which the open space relationship is 

established are evaluated as high in terms of spatial quality. While 15 plans were found to 

be at a reasonable level in terms of spatial quality by meeting both of these two constraints, 

it is observed that the plan layouts evaluated as compact are evaluated as low enough not to 

be recommended in terms of spatial quality if the visibility analysis is also low. Six plans 

meet this constraint. 
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Table 5.5. Classification results 

 
Result_1 

 
 

 

Result_2 

 
Result_3 

 
Result_4 

 
Result_5 
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Table 5.5. (Continued). Classification results 
 

Result_6 

 
Result_7 

 

All charts are essential in measuring the consistency of rules and enabling the user to make 

decisions on the generated plan drafts quickly. The classifications demonstrate this 

importance. This system, in which the desired plan drafts can be determined with the 

selection tools of the specified parameters, has also created a more predictable structure. 

Figure 5.18 shows a graph of all the plans that are data for classification, their PlanIDs, and 

the class to which they belong according to the results of the rules. 

  
 

Figure 5.14. Chart showing which class they fit into according to which rules according to 

their PlanID 

In interpreting this line graph, selecting and evaluating the intersection of positively selected 

plan identities (plan layouts) in all rules is essential. 
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6. CONCLUSION AND RECOMMENDATIONS 

Within the scope of this thesis, studies have been carried out on the contributions of AI 

technologies, the latest technology today, for designers and architects. In the theoretical 

research, starting with the human way of thinking and access to knowledge, the thinking 

processes of designers and architects and the methods of design realization using the 

knowledge they have acquired have been examined. In the context of the design and the 

designing process, the point is that once the objectives have been achieved, the action is 

toward the final product, they become a means to something else is emphasized in the 

research of Adorno & Horkheimer (2010) and Babadağ and Haşlakoğlu (2021b). According 

to Schön (1992), this design process consists of a cycle in which the designer makes 

inferences based on the relationship between purpose and result and continues in a 

continuous change process. With the interpretation that representation can be constantly 

added and produced, designers have played an active role in developing and producing 

representational tools. The knowledge that the designer, the architect, acquires in 'designing' 

increases in parallel with the productive state of design. 

For this reason, architects have changed their representation methods, first with 2D and 3D 

software and then with computable design tools in the digital age concerned with producing 

a productive design model. With these tools, the ability to think and produce has changed 

methodologically. With computational design tools, original and productive design models 

based on multiple alternatives have started to be developed. With the proliferation of 

alternatives, the designer and the architect have been able to choose among the alternatives. 

Because, within the specified parameters, designers and architects can reach their final 

designs by choosing alternatives. In this context, the issues of what knowledge is and how it 

is obtained and produced through representation play an essential role. 

There are various definitions of space; experiential and perceptual diversity has limited 

spaces to three-dimensional geometric definitions and revealed different perspectives of 

space. In spatial organization and design, designers have changed their way of thinking based 

on the view that the transformation of form and function follow each other with the modern 

period, taking into account user behavior and perceptions. Housing design has gained 

different meanings over time, especially with the influence of the modern period, with 

various discussions and design approaches to define people's personal and private spaces. 
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People's perception of privacy changed as they lived in the city. With it, their spatial 

perception wholly changed in the transformation to functional and simple spaces that fit the 

lines of the modern movement. With the transparent and fluid circulation of the spaces, it 

has been observed that the elimination of indoor-outdoor distinction and the change of 

boundaries have been observed. With the change in how people live in the city with the 

postmodern period and the differentiation of needs, the act of living together collectively 

and the perception of collective housing emerged, and housing designs were tried to be 

developed based on minimum living needs in minimum space limits. Typologies limit the 

variability and diversity of spatial quality. The architect can go beyond these limits by adding 

different original values in housing design. At the same time, he/she can choose from 

multiple alternatives for himself/herself by making a quick decision. This way of thinking 

and designing is realized with the latest technology, artificial intelligence (AI) algorithms. 

With the increase of 'knowledge accumulation' in the digital world, 'big data' has provided 

opportunities for machines to learn and designers, as in many disciplines, to discover new 

productive methods and change the decision-making process. 

According to Leich (2022), AI is an essential tool for understanding the thinking processes 

of architects and how they develop their thinking. The primary objective is to determine how 

the 'learning algorithms of artificial intelligence,' which humans try to mimic their learning 

style, work and produce, how they transform the data they use, and how they reinterpret the 

results they generate together with other systems. 

This study compares artificial intelligence (AI) learning styles and their sub-sets, machine 

learning, and deep learning algorithms from a general framework to specific examples. The 

relationship between the learned information and "big data" is analyzed through the way big 

data is defined, its number, and the way it is parsed. This method also uncovers the learning 

technique used with big data and how it affects the results of the trained model. Recent 

research has determined that GAN networks are the most often utilized DL algorithm at 

architecture and machine learning interfaces. In particular, plan layout generation methods 

are realized with these networks. Our study covers creating and evaluating the plan layouts 

of housing designs that architects intensively examine. The tools used in plan layout 

generation are the DCGAN and Pix2pix algorithms. It has been observed that the 

generated/predicted plan layouts are trained and tested by training and testing the networks 

using a dataset of visual images. The plan layout generation is realized with the generated 



137 

 

 

visual images and the tested images. Here, two different datasets were created for 

comparison. A module of TOKI plan layouts is used in the first dataset, which consists of 

housing plans, while the other dataset contains the plan layouts of open-plan housing 

designs. The preparation of these datasets varies according to the algorithm. This is because 

the dimensions, perceptions, and methods by which each algorithm reduces visual images 

vary. In the process of evaluating the generated images, we obtained loss values so that we 

could understand how the networks work. However, these values do not change the 

generated images 'real' or 'fake' status. The machine cat perceives the generated image as ' 

real' when it evaluates it at a level similar to the dataset it receives as input and perceives it 

as 'fake' when it is different. This is basically how GAN networks work, but since DCGAN 

is the first basic GAN algorithm, algorithms such as Pix2p. 

In the datasets prepared for DCGAN, the plan layouts were labeled and separated with 

different colors based on the functions in the plan layouts. Subsequently, the number of 

datasets grew in tandem with the understanding that the number of datasets is essential for 

the network to be trained correctly. It is known that this algorithm works on two main 

models: 'generator' and 'discriminator.' Both models pass all visual images through 

convolutional padding processes. The discriminator detects the image generated by the 

generator, evaluates whether it is similar or dissimilar to other images in the given train set, 

and identifies the discriminated image as 'real' or 'fake' based on this 'similarity' or 

'dissimilarity.' If the image is 'fake,' this process continues again. This basic logic of parsing 

and merging, identifying similarities and differences, is based on CNN algorithms. Human 

learning is similar in that it involves identifying and classifying similarities and differences 

and converting them into information. However, the visual image produced by the network 

is no different from any other image. The epoch values increased in the DCGAN plan layout 

generation when we looked at the loss value graphs and the generated plan layouts. 

According to the defined formula, the closer the discriminator and generator values are to 

each other, the more 'real' the generated image is defined. At 100 epoch values, this could 

not be realized for both datasets. At 200, 500, and 1000 epochs, it was found that more 

explicit images were finally generated, and more favorable loss values were observed. 

However, in the process we call 'overfitting,' it is observed that when the network performs 

more training processes with the same dataset, the tested images do not differ. This can also 

be seen in the graphs. In the TOKI plan dataset training, 1000 epochs cause the network to 

perform 'overfitting.' A value of 500 epochs can provide ideal production. The 'Training 
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Open_Plan dataset' shows that it can reach the overfitting value at 500 epochs because the 

dataset is more minor. Between 200 epochs and 500 epochs, it can perform a more favorable 

generation. After applying this basic GAN algorithm(DCGAN), it was found that none of 

the generated plan layouts could generate fuzzy and fully clear plan layouts with the noisy 

vector factor used in the network training process. For this reason, we continued our study 

with the Pix2pix algorithm for the plan layout generation process. 

The Pix2pix algorithm was implemented by preparing, processing, and augmenting the 

dataset, ultimately for the algorithm. In order to bring the datasets to the appropriate 

environment, they were applied to the labelization process in DCGAN, and color allocations 

and function definitions were brought to the spaces by the functions. In addition, in two 

different datasets of housing plans, the issue of how the visuals generated by converting the 

structure into an input value, especially the divider elements that are important in the division 

and delimitation of spaces, can be produced in framed or non-framed systems has also been 

examined. The transition processes of the data we generate in the U-NET and Patch-GAN 

parts, which are essential components of the Pix2pix algorithm, become necessary for 

separating and correctly identifying these algorithms (generator and discriminator). The 

generated loss values represent the metric values between the input, ground truth, and 

predicted image, indicating whether the algorithm has been trained correctly. The input and 

ground truth images must be prepared by merging 512*256 during the dataset's creation. In 

completing this process, three different types of datasets were created, and we also created 

differences within the datasets. The ground truth, where the background is entirely white so 

that the walls and structure are perceived as white, and the ground truth, where the 

background is black for the walls, are also perceived as black. The dataset is prepared as 

input (space boundaries are specified, with walls) and ground truth (labeled version of the 

original plan layout/black background or white background). In addition, different datasets 

were created as paired-unpaired in the input-ground truth combination while bringing the 

size to 512*256. In paired datasets, the input and ground truth data are identical; in other 

words, they are generated from the same plan layout. In this dataset, the data augmentation 

is only created by synchronizing the data at 90, 180, and 270 degrees. In the unpaired dataset, 

instead of input-ground truth matching, the dataset is augmented by crossing an input with 

more than one ground truth. These data augmentation methods were applied for both TOKI 

and open_plan layouts. While creating the dataset, the merging operations and data 
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augmentation operations for the pix2pix algorithm were performed in Python on the Google 

Colab platform. In each dataset, these variations were included as 3 case studies. 

In the algorithm, in the complex process, the images were fragmented (upsampling and 

downsampling) thanks to the U-NET algorithm. The generator applies both of these 

processes here. Then, the resulting images go through the bottleneck process, which takes 

place between the encoding and decoding processes. PatchGAN is in the evaluation stage of 

reassembling the fragmented images. The primary purpose of PatchGAN is to check the 

overall compatibility of the generated images and to provide a detailed level of realism. This 

makes it possible to provide more localized and detailed feedback by evaluating each patch 

separately. This approach can be efficient in applications where attention to detail in some 

areas of the images is essential.  

The result graphs evaluate the generated plan or predicted layouts according to their loss 

values. All these loss functions are evaluated to measure and understand whether the network 

model is well trained, whether there is a loss of data from the ground truth while training the 

dataset, whether the network is over- or under-trained (overfitting), and whether the 

generator and discriminator are working well (understanding the difference between real and 

fake images). To assess the training outcomes of all datasets, all trained datasets were 

evaluated at 100 epochs. When the result graphs and predicted layouts of the trained datasets 

are evaluated, it is observed that the generators and discriminators of the networks trained 

with paired datasets generally work well, and the image quality of the result outputs is high. 

Even though the predicted images deviate from the ground truths, it is observed that the 

indoor plan layout is generated by preserving the given input boundaries. These conclusions 

were reached for both plan models. However, based on the paired images on which the TOKI 

plan layouts were trained, it was observed that the visual quality was higher, and the plan 

layouts were more expressive with colors. In the unpaired and crossed datasets training 

results, the fact that the generated images, which the generator perceives as different from 

the ground truth while performing network training, do not resemble the discriminator part 

and do not start to express a value. This is because all the generated/predicted plan layouts 

in this format were found to generate completely independent and dissimilar images from 

the ground truth within the boundaries of the input data. The aim is to determine how 

different and unique the generated/predicted images (plan layouts) will be when the ground 

truths and datasets are differentiated. The visuals produced from unpaired images had high 
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incompleteness rates and needed to be completed in terms of resolution, resulting in low-

quality plan layouts in terms of readability. 

However, the evaluation process of all these generated/predicted plan layouts should not be 

limited to loss values and the network's measurement metrics. The fact that the generated 

images are plan layouts and are generated with spatial descriptions does not make them 

quantifiable. For spatial quality to be quantifiable or analyzable, the parameters of Ching 

(2023) were used. These parameters are the relationship between spaces, the effect of form 

and function on the relationship between spaces, and the accessibility of spaces. These 

parameters were used to objectively measure and compare the quality of spaces in the 

information assessment process. The parameters the architect examined, especially in 

designing the house, and evaluated while deciding on the final design were evaluated as deep 

learning algorithms handled them. It is predicted that decision support systems that can 

contribute to the architect's temporal process and shorten the process can change positively 

with the support of DL algorithms. Whether the results of DL are goal-oriented should be 

the architect's decision and should be concluded with the parametric evaluations it brings. 

However, when these algorithms are evaluated in terms of 'explainability' and 

'interpretability,' they provide comprehensibility with the contribution of expert opinion. 

• In order to spatially evaluate the plan layouts produced by GANs, the question of 

whether the results produced by this network system are identifiable and measurable 

when checked by another network system was sought to be answered. 

Object detection algorithms analyzed the generated plan layouts to see if the spaces divided 

by functions in the plan layouts could be detected. 

• Here, it is emphasized that another artificial intelligence algorithm (Object 

Detection) can identify the images produced by an artificial intelligence algorithm 

(Pix2pix/cGAN), and another system can verify and explain the system. 

The Object Detection process is based on the CNN algorithm, a classification algorithm. The 

label process/annotation process stage that creates the dataset is essential. Because the 

machine evaluates what to identify and how to recognize class discrimination in a dataset 

for this reason, we reprocessed all the datasets we used in the training of the pix2pix dataset 
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through the Roboflow interface and performed the classification of the plan layouts of all 

datasets based on the functions. In order to achieve the appropriate number of the dataset, 

the object detection method in different algorithms was implemented by the flip operation 

at certain angles, and these algorithms were compared. In the Google Colab environment, 

the information from the dataset created in Roboflow was extracted, and Yolov5 and Yolov8 

algorithms were used. Of these algorithms, Yolov8 gave more accurate results in 

classification and plan layout definition depending on the measurement metrics. At the same 

time, Roboflow's internal training model was also tested. The confusion matrices, Accuracy, 

Precision, Recall, and F1 values were compared, and it was found that Roboflow identified 

well at the same epoch value. Thanks to the simplicity of its interface, the detection of the 

tested images was carried out quickly. The .json extensions of the BBOX data, which 

determine the prediction rates, names, and locations of all predicted/detected places, could 

be obtained. This process was applied for each plan investigated. The accuracy rates of the 

detected/predicted functions/classes are high. However, by converting the coordinate 

systems of the BBOX rectangles into .json data from center point to corner sub-coordinate 

coordinates, the first stage of transforming the plan layout into a measurable state was 

realized. 

All spatial plan layout data that reached the measurable stage was converted from .json data 

to a tangible plan layout view through Rhino/Grasshopper, a computational design tool. All 

data transferred here remained the same. Because the BBOX class detection rectangles 

extracted from the .json data provide simultaneous access to the 'x,y coordinates, and width 

and height length' values, the detected 'class' values (room, living room, WC, bathroom, etc.) 

that are, their functions and the 'area' measurement values of these spaces. In transforming 

the plan layouts into an analyzable state to make them fully measurable, plan layout 

generations were carried out depending on the locations and openings of the interior and 

exterior partition boundaries (walls) in the predicted visuals. 

• It emphasizes how the designer and machine learning can collaboratively generate, 

interpret, and decide on layouts and the machine as a tool. 

Collecting these analyses under the headings of space connectivity and space relations is 

essential to comprehend the spatial organization and relationships between spaces. 

Information such as space IDs, names, locations, and the number of spaces obtained from 
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JSON data were used to understand space connectivity and space relations. The space syntax 

method was applied in the Rhino/Grasshopper program to help designers understand the 

difference between visuals, and more than one method was tried in this process. 

Visibility analysis determines the width of the viewing angle in spatial perception by 

showing the interior space's openness and evaluating the spatial organization's quality. Using 

the Grasshopper/PlanBee plugin, the quality of space was measured through analysis. The 

analysis results were evaluated by averaging the remapped values between 0 and 1 to 

determine the overall visibility values of the plans that provide more positive visibility. 

Thanks to all the analysis methods applied, all parameters and the analysis results obtained 

are shown in an Excel spreadsheet. The contribution of this data to the evaluation process is 

essential because it is aimed to evaluate the generated plan layouts according to their spatial 

quality and, based on these evaluations, to present the plan layouts produced since the 

production of GAN networks as a decision support system for architects. Decision support 

systems are included in artificial intelligence algorithms as explainable and interpretable 

classification methods. When all these methods are evaluated, conditional and multiple rule-

based classification processes are emphasized. The rule-based classification system assists 

the architect in the final decision-making process. 

The rule sets consist of functions written in Google Colab/Python and are composed of seven 

rules. The main objective here is to determine that the intersections of multiple measurable 

parameters can determine spatial quality or that spatial organization can be evaluated with 

the inputs resulting from spatial planning, that spatial openness and closeness should be 

decided by reading spatial openness and closeness together with circulation connections in 

user perception, and that there may or may not be housing design according to minimum 

functional needs. All these determinations and evaluations are included with seven rules and 

separate classifications based on these rules. The result graphs can also illustrate situations 

that meet more than one rule and belong to more than one class. The results of the rules are 

expressed as Result_1, Result_2, Result_3, Result_4, Result_5, Result_6, Result_7. 

According to Result_1, essential functions such as "Room, Bathroom, and Kitchen," which 

should be present in standard housing plans, are not present in many plan layouts generated 

by Pix2pix. In addition, the plan layouts classified as "NONE" consist of definitions outside 

the specified constraints. In Result_2, conclusions were drawn according to the rule 
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functions regarding whether the circulation is fragmented or continuous and accessibility in 

the space. Result_3 and other result evaluations include definitions for different plan layouts. 

In Result_5, it was found that the plans have large volumes and complex spatial 

relationships. It is also noted that some plans have different spaces within the same volume, 

and the circulation is segregated. In Result_6, it was stated that the plan layouts were 

evaluated depending on the number of intertwined spaces and the lack of divider elements 

despite being open spaces. In Result_7, it is stated that the plans with a combination of 

interior viewing angles and open space relationship are evaluated as high in spatial quality. 

If the visibility of the plan layouts evaluated as compact is low, it is stated that they need to 

be higher to be recommended in terms of spatial quality. 

Given all these considerations, the spatial representation of the plan layouts was decided by 

a rule-based classification method utilizing the intersection of different parameters. This 

method relationship suggests the relationship between the architect's opinion and the 

"explainability" and "interpretability" of the results of algorithms such as 'image to image 

translation' methods (Pix2pix). The generated visuals' quantifiable, classifiable, and 

distinguishable qualities can accelerate the decision-making process and reach the goal. 

Recommendations 

Suggestions for future studies based on the algorithms used and their results; 

• It is known that algorithms such as DCGAN and pix2pix, developed in the last ten years, 

are still used in many studies as image-to-image translation methods and in the 

architecture interface. However, in addition to these algorithms in GAN networks, 

algorithms such as Pix2pixHD (image-to-image translation) and HauseGAN have been 

added and developed. The HouseGAN algorithm, as a breaking point, can generate 

outputs with graph-based representation layout training by including more than one 

algorithm and GCN/GNN algorithms. This algorithm was also tested at one stage of the 

study. However, the algorithm could not be retrained as it was difficult to integrate our 

dataset. HouseGAN++ algorithms were also added to this algorithm. 

• Together with these algorithms, research has been carried out to create ready-made web 

platforms and plan layout generation by converting them into user interfaces. 
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• While conducting the study, many studies on 3D generation were encountered. Models 

such as FrankenGAN are being developed, where space layouts are also generated from 

3D models. Similar 3D space layout generation generations can be realized. 

• Classification algorithms are constantly evolving to get speedy results. However, 

looking at the recent studies known as RuleXAI, it is predicted that this algorithm 

combined with rule-based classification can be used as an evaluation method as an 

explainable artificial intelligence algorithm combined with rule-based selection. 

• During the study, it was observed that machine learning tools (plug-ins) have been 

integrated into the Rhino/Grasshopper program in the last ten years. It has been observed 

that these algorithms, which are still used as classification and decision support systems, 

are increasingly being combined with productive systems. 

In addition to the proposed algorithms, housing designs are evaluated in this thesis as a 

suggestion for generative design models. However, GAN networks can be used for image 

completion processes and plan layouts. With these networks, plan layouts and sections other 

than housing plan layouts can also be used in educational tools. In parallel with such studies, 

the plan layout productions of site plans and layout layouts of interior furnishings have also 

been included in the processes produced with GAN networks. Here, the question arises as to 

why the visuals to be produced are produced and for what purpose they will be used. In 

future studies, new suggestions can be made on how the networks work and how the results 

should be evaluated, especially in plan layout productions as an evaluation criterion. 
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