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ABSTRACT

With the advancements in technology, Artificial Intelligence (Al), 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 (GANSs) 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 Al/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 Al 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 GANSs 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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OZET

Gilinlimiizde, dijitallesmeyle birlikte veri miktar1 hizla artmakta ve bu verilerin analizi ve
kullanim1 giderek 6nem kazanmaktadir. Veri setlerini etkili bir sekilde isleyebilmek ve
degerli bilgilere doniistiirebilmek icin derin 0grenme algoritmalar1 biiyiikk bir 6nem
tasimaktadir. Derin Ogrenme (DL), Makine Ogrenmesinin (DL) alt dal1 olarak karmasik veri
yapilarini anlamak ve 6grenmek i¢in kullanilan Yapay Zeka (YZ) tekniklerini igermektedir.
Ozellikle, karar destek sistemlerinden baslayarak goriintii isleme ve iiretme siireglerine kadar
bir¢cok alanda kullanilan DL algoritmalari, mimarlik alaninda da biiyiik ilgi gérmektedir.
Mimarlik, tasarimin temelinde insan algisin1 ve mekan iliskilerini anlama ve bu dogrultuda
coziimler liretme siirecidir. DL algoritmalari, mimarlarin bu siirecte daha verimli ve yaratici
olmalarina yardimci olabilmektedir. Ozellikle, Uretken Cekismeli Aglar (GANs) gibi
algoritmalar, tasarimcilara yeni ve farkli tasarim secenekleri sunarak ve tretkenliklerini
artirmaktadir.  GAN'lar, tasarim silirecinde farkli alternatifler tretirken mimarlarin
kriterlerine uygunlugunu degerlendirebilir ve bdylece tasarimcilara 6nemli bir karar destek
sistemi saglanabilmektedir. Algoritmalarin egitilmesi ve sonuglarin yorumlanabilirligi 6nem
tagimaktadir. Tasarimcilar, iiretilen sonuglar1 dogru bir sekilde yorumlayabilmeli ve mekan
tasarimi lizerindeki etkilerini anlayabilmelidirler. Bu nedenle, YZ algoritmalarinin ¢alisma
prensipleri ve sonuglarinin nasil elde edildigi konusunda agiklik ve anlasilirlik saglamak
onemlidir. Bu baglamda, "Yapay Zeka ve Tasarimcilar Nasil Isbirligi Yapar?" sorusu altinda
YZ algoritmalarinin tasarimcilarla nasil igbirligi yapabilecegi ve iiretilen sonuglarin nasil
yorumlanabilir ve agiklanabilir olabilecegi lizerine tez ¢alismasit gelistirilmistir.
Tasarimcilarin diistinme bigimleri, bilgiye erisim yontemleri ve tasarim araglarini kullanma
sekilleri de bu ¢alismalarin odak noktasidir. Ayrica, mekan tasariminin temel parametreleri
ve degerlendirme kriterleri de arastimamizin 6nemli bir parcasini olusturmustur. Sonug
olarak, DL algoritmalari, mimarlarin tasarim siire¢lerinde daha yaratici ve etkili olmalarina
olanak tanirken, karar destek sistemi model Onerisi olarak tasarimci ile isbirlikli bir sekilde
hibrit bir model 6nerisi bu tez kapsaminda ortaya konulmustur.

Bilim Kodu : 80117

Anahtar Kelimeler : Makine Ogrenimi (ML), Uretken Cekismeli Sinir Aglari (GAN'lar),
Nesne Tespiti, Karar Verme Siireci, Mekansal Plam1 Yerlesimi
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SYMBOLS AND ABBREVIATIONS

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

explanations.

Symbols

loss

[D(G(2))]

Abbreviations

Al
BBOX
CNN
cGAN
DCGAN
DNN
DL

ML
GANs
R-CNN
TOKI

MSE

Explanations

Loss Function

Generator Loss

Explanations

Artificial Intelligence.

Bounding Box

Convolutional Neural Network

Conditional Generative Adversarial Neural Network
Deep Convolutional Neural Network

Deep Neural Network

Deep Learning

Machine Learning

Generative Adversarial Neural Networks
Region-Based Convolutional Neural Networks
Housing Development Administration of the Republic
of Tiirkiye

Mean Squared Error



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,



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



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 Al and Designers Collaborate? "
Although the ‘interpretability’ and 'explainability’ of Al 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)



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 (Al), 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



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. XAl 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 Al and Designers Collaborate?" includes all these issues and research (Figure
1.2).
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Figure 1.2. Thesis framework (prepared by author)

Finally, the literature review concluded with research at the intersection of Al 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



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 TOKI! 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

! https:/iwww.toki.gov.tr/ornek-konut-tipleri-ve-planlari



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.



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 Atrtificial 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 Al, ML, and DL algorithms
from general to specific. The subtitle "How Do Al 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??”

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, Haslakoglu (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 (Cligen 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 Interview with Prof. Dr. Arzu Géneng Sorgug.
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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" (Ciigen, 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 Avristotle 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).
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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). Babadag and Haslakoglu (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. Schon (1987) examined the relationship between a designer's skill and theoretical
knowledge and focused on the interaction between practice and theory in design. Schon
(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 Schon (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. Schon (1983) reveals that skilled professionals often possess
knowledge that exceeds their ability to articulate it (Schon, 1983, p. 8). This exemplifies the
fundamental and universally valid distinction between practical and theoretical knowledge.
According to Schon (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" (Babadag and Haslakoglu, 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 (Babadag and
Haslakoglu, 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" (Babadag and Haslakoglu, 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; Babadag and Haslakoglu, 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).
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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
Schon (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).

solution

Retrieve

N goal from Develop
goal plan subgoal

Figure 1: A cognitive model of design process

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
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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.
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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
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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 Haglakoglu, 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 Babadag and Haslakoglu (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"(Babadag and Haslakoglu, 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.



21

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 Linked 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).

Farnsworth House(1945-1951)- Mies Van Der Rohe
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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 191" 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" (Keles, 1966). The other
period of housing policy development was the end of World War Il 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 19631967 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
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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)
LAnal Bl Ra™ |
nule o ] it
Db L
|=rrn“\i1:a] 0 b1 H
x  u Constraint-based Automation plan layout (Honda and

" Mizoguchi,1995)

&

Dining

E

Tl F [

N X2 Xl

Fulzurc 3: Sketch : Origi-  Figure 4: Sketch : Ours
nal

Roaesh
movable

i

Figure 5: Room Position-  Figure 6: Room Posi-
ing : our approach tioning : traditional ap-
proach

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 Al
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 Al 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.

Mark D. Gross (1994) Nakatake et al. (1996)
Korf (1977) and Lynes (1977) sker et al. (1987)
2ebaudengo et al. (1996
Alexander (1977) . dengo et gl i ‘) .
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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. lllustrates 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.
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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.
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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)

Slusarczyk (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.
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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

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

Al and artificial neural networks (ANNSs) 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 Al 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).
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Figure 2.14. “How does Al/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 (Al)

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 Al are presented in Figure 2.15.

Artificial Intelligence

Machine Learning
Neural Networks

Deep Learning

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

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

R i
CErEATIN Supervised Learning
Classification Unsupervised

Learnin,
Self Training s

Dimensionality’
Reduction

Low Density
Separation Models

Graph Based Semi Supervised Learning MaChI_ne
Algorithms Learning
Dynamic programming

_ Monte Carlo Methods Reinforcernént Leatning Planning

L 4
Heuristic Methods

Deep Feed Forward Networks

Convolution e Robotics Artificial

Neural Networks

Recurrent
Neural Networks

intelligence

Siamese Neural
Networks

Natural Language
Machine Translation

Y Processing
Content Extraction

Transformers,

Generative
adversarial

Question Answering

networks Gr— ” ”
Information Retrieval Expert

Sentiment Analysis systems,
Text Generation
Topic Modeling Speech
Image Recognition Vision
e

@

Machine Vision

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

Do you have labeled data?
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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).
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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.

Single-layer Neural Network (Shallow) Multi-layer Neural Network

Deep Neural Network

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 (DNNSs), 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, 1). 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



43

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).
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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
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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 LeakyReL U, 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).
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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(I — D(G(z)))]”
(Goodfellow, 2014) (2.1)

Generator loss [D(G(2))]

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(2))

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).”

Encoder-decoder U-Net

r— |:|—:- —> 1 dA—

LE

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.
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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.
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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 O 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 (30x30
picture) represents a 70x70 section of the source image. It is worth mentioning that due to
the input photos being 256256 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 * I1_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 (u) and standard deviation (o) 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 x.

SSIM(x, y) — (2pty+C1) (20, C3) (23)

(u2x+/42y+ cy) (02x+62y+62)

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,X)=1n>((xi—xi)2ni=1 (2.4)
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The equation computes the squared variances between each pixel in the real x and fake X,
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 = 1010g, () 2.5)

msE

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
etal., 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).
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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 - o(tx) — 0.5) + cx by=(2-0(ty)—0.5)+cy bw=pw (2 -o(tw))2 bh=ph (2 -o(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, YOLOVS5 is a great fit for a wide variety of tasks
involving object detection, such as segmentation, and image classification.
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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 YOLOvVS8, was developed by Ultralytics, the

same company that was responsible for developing YOLOvV5. Capability to perform object
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detection, classification, and segmentation tasks is included in the YOLOvV8 model. This
support can be accessed through a Python package as well as a command line interface
(URL-5).
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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).

TN + TP
Accuracy =Ny FP + FN + TP 27
. TP
Precision = TP+ FP 2.8)
TP
Recall =Fn+ 1P (2.9)
precision * recall
F1=2x% —
precision + recall (2.10)

2.4. How Do Al 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 (Ciigen, 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. Godel (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 Al (XAl), 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. Gddel's "Incompleteness Theorem" forms the basis
of this system. Godel'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 Al. 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 box* 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.
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Figure 2.33. Interpretability and explainability of Al (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 Godel'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, Al 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).
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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).
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Figure 2.35. “How Do Al 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.
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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 (GANSs), 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 fagades 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 Al 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.

Machine Learning/Shape Grammar ST —————
Machine Learning/Computervision I

Machine Learning/Constructional Environment I
Machine Learning/CNN
Machine Learning/Eye Tracking
Machine Learning/Generative Design
Machine Learning/GAN
Machine Learning/Material Based
Machine Learning/BIM
Machine Learning/Space Layout Planning
Machine Learning/Urban Studies
Machine Learning/Game Based Leamning
Machine Learning/Energy Performance Based
Machine Learning/ANN
Machine Learning/Robotic

(=]
=
]
w
~
L
o
~
(o]
o

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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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
GANSs and widely in dimensional reduction, regression, classification, and cluster analysis
(Ozerol and Selcuk Arslan,2022) (Figure 2.38).
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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 GANSs 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).
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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).
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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).
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Figure 2.41. AutoALP plan and urban plan layout generation (Liu et al., 2020)
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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).

L]

[ ] ~—0O.
- ) ;
Bedroom 2+ <
Bathroom 1 _ O
User constraints
) Publicarea () Bedroom bl D NONp®
) Bathroom ) Kitchen | .
) Balcony ) Storage - ) )@
1

Figure 2.42. Deep neural network detecting boundaries and interaction with bubble diagrams
(Hu et.al.,2020)
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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).
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(a) Input bubble diagram (b) Generated room masks (c) Generated house layouts
0o | L i
S e | E1- 1 L.

(f) Real floorplan (g) Real room masks (d) User adjustment () Completed design

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).
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Figure 2.44. RFP plan sistemi ve GANS ile iiretilmis 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).
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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).
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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, Al 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 Al 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).
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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 Al algorithm, object detection, it was determined that the Al 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).

Object Detection

:

BBOX Detection

BBOX coordinates of Plan Layouts as
ISON data

:

Plan Layout Creation

] Plan Analysis
Rhino/Grasshopper
From Json data to Geometries

:

Plan Layout Analysis

Rhino/Grasshopper

isovist Analysis
Circulation Path Analysis
Space Syntax Analysis .

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 Al
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. Al 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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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.

Recal Images

o [T 5] | £ Discriminator Loss

— Samplc Data

Random Noise

Output(Fake/Real)

— Sample Data

Generator Loss

I I

Backpropagation

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.

EPOCH 50 EPOCH 150 EPOCH 500

TRAIN 30

TRAIN 29

TRAIN 35

TRAIN 34

TRAIN 41

TRAIN 149

TRAIN 499

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.
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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
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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

100 Epoch 200 Epoch

500 Epoch 1000 Epoch

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
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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

Generator and Discriminator Loss During Training

0 25 50 75 100 125 150 175 200
terations

Real Images Fake Images

Generator and Discriminator Loss During Training

= — 4 é 10
ERGE | NITYR

50 ) 100
iterations.

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.



Table 4.4. Open plan datasets training through DCGAN
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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
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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.
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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)

def Generator():
inputs = tf keras layers Input(shape=[256,256,3])
down_stack =[

downsample(64, 4, apply_batchnorm=False). # (bs, 128, 128, 64)
downsample(128, 4),# (bs, 64, 64, 118)
downsample(256, 4),# (bs, 32, 32,256)
downsample(512, 4),# (bs, 16, 16,512)
downsample(512,4),# (bs, &, 8,512)
downsample(512,4),# (bs,4,4,512)
downsample(512,4),# (bs, 2, 2,512)
downsample(512.4).# (bs, 1, 1,512)

|

up_stack =[
vpsample(512, 4, apply_dropout=True), # (bs, 2, 2, 1024)
upsample(512, 4, apply_dropout=True), # (bs, 4,4, 1024)
upsample(512, 4, apply_dropout=True), # (bs, 8, 8, 1024)
upsample(512,4), # (bs, 16, 16, 1024)
upsample(256,4), # (bs,32,32,512)
upsample(128,4), # (bs, 64, 64,256)
upsample(64. 4),# (bs, 128, 128, 128)

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 ReL U 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)".

input_image | input: | [(None, 236, 256, 3] target_image | input: | [(Nome, 256, 256, 3)]
InputLayer | output: | [[(None, 236, 256, 3)] InputLayer | output: | [{None, 256, 256, 3)]

concatenate 7 | input: | [(Nome, 236, 236, 3), (None, 256, 256, 3)]
Concatenate | output: (None, 256, 256, 6)

)

sequential_17 | input (None, 256, 256, 6)
Sequential output: | (None, 128, 128, 64)

}

sequential 18 | input | (None, 128, 128, 64)
Sequential output: | (None, 64, 64, 128)

!

sequential 19 | input: | (None, 64, 64, 128)
Sequential | output: | (None, 32, 32, 236)

l

zero_padding?d | input: | (Nome, 32, 32, 236)
ZeroPadding?D | output: | (MNone, 34, 34, 256)

conv2d_12 | input: | (None, 34, 34, 236)
Conv2D | output: | (Neme, 31, 31, 512)

batch_normalization_18 | input: | (Neme, 31, 31, 512)
BatchMNormalization output: | (None, 31, 31, 512)

!

leaky re_lu_12 | input: | (Neme 31,31, 512)

LeakyReLU output: | (Nome, 31, 31, 512)

:

zero_padding?d_1 | input: | (Neme, 31, 31, 512)
ZeroPadding?D | output: | (None, 33, 33, 512)

conv2d_13 | input: | (Neme, 33, 33, 512)
ConvlD | output: | (None, 30, 30, 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).

—

HEL

.

Downloading Labelling Process Datasets
Open Plan Layout based on Preparations
Images From Functions-Space of Space Plan
Google and Layout Layouts
Websites(Archdail Segmentation-
y,Divisare vb.) Dividing spaces

and Walls

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)

l.step Ground Truth Image Preparation Input Image Preparation

Labellization Original Plan Layout Image Wall Extraction

Hall/Circulation Interior and Exterior Wall

Room
Kitchen

. Bathroom
We

Terrace

/' Ground Truth y
| 1
' N H Input Image Ground Truth
i Resized Image '
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—_— N >
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i
: o
| F
- :
J :
o

Merged Tmages
3 256%256 resized Datasets
et e s BOTCEBIZC RO oo (512*256)

2Step Labeled Dataset

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)

l,step Ground Truth Image Prcparation Input Image Prcparation

lLabellization Original Plan Layout Tmage Wall Extraction
(without background)
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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)

i-—j
@

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)

Input Image Ground Truth

Lxl

Predicted Image

Input Image Ground Truth

Predicted Image

Input Image Ground Truth
F IS —

Predicted Image

=R

15

Input Image Ground Truth

]

Predicted Image

Input Image Ground Truth

Predicted Image
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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. ldeally, 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




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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Input Image

Ground Truth

Predicted Image

Ground Truth

Predicted Image

Ground Truth

Predicted Image

Input Image

Ground Truth

rril.

Predicted Image

Input Image

Ground Truth

Predicted Image
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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
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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

Input Image Ground Truth Predicted Image

" ey
B o D S

Input Image Ground Truth Predicted Image
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Input Image Ground Truth Predicted Image
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Table 4.14 (Continued). Results of training datasets of open plan 03 datasets

Input Image Ground Truth Predicted Image
m 5 . B |
1] ‘ '
e ; |

Input Image Ground Truth Predicted Image

S

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.



Table 4.15. Loss functions graphs of open plan datasets 01 training results (100 epoch)
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Loss Functions
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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



102

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.
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each different Unit

= . . B
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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)

Input Image
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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)

Loss Functions ~ Graphs Open_Plan Datasets03 Training
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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)

Input Image Ground Truth Predicted Image

Input Image Ground Truth Predicted Image
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Table 4.19 (Continued). Results of training datasets of TOKI house plan 02 Datasets (100

epoch)

Input Image Ground Truth

m

Predicted Image

Input Image Ground Truth

Predicted Image

Input Image Ground Truth

Predicted Image

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 Lossshows 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
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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)

Input Image
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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
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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 Al 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.

No Tags Applied

85 Total Images View All Inages

. Rioe ], =

Dataset Split

67 Images 9 Images 9 Images

TRAIN SET C:) VALID SET a ‘ TEST SET a

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.
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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
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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.



Table 5.2. Confusion matrixes
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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.

terrace 0.4 terrace 0.6
I n 'I.U D

8_png.rf.filb9074f96bf14558af426c06%

bathrobathroom 0.

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

[ SEID

lo7s  88%
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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.
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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
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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).
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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).

JSON Data If there were differences (BBOX shift) between the predicted image
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Figure 5.9. Workflow for tangible plan layouts (prepared by author)

Itis 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 images through pix2pix to plan layout analysis
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Figure 5.12. The process from predicted images 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_|_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.



131

Table 5.4. Rule Definition for Classification

Rulel

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

Rule3

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"
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_I_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_|_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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This plan could be a house plan/livable | ummmmmmmmmmmm—""" 18
The plan is not a house plan  mumHTITTEOnn—mnm—m 18
NONE  mummmmmmu i - 9
0 2 4 6 8 10 12 14 16 18 20
NONE The plan is not a house plan This plan cou!d be a house
plan/livable
m Toplam 9 18 18
This plan is suitable for accessibility. mm 2
Result_2 Circulation movement is partially... I 6
Circulation movement is continuous IR, 37
0 5 10 15 20 25 30 35 40
Circulation movement is Circulation movement is This plan is suitable for
continuous partially separated accessibility.
W Toplam 37 6 2
Result_3
This plan is a house plan /TS 18
This plan could be a different plan/but... jummmmmmm—Tmm" 2 5
NONE  mmm 2
0 5 10 15 20 25 30
This plan could be a
NONE different plan/but not for This plan is a house plan
long term living
i Toplam 2 25 18
Result_4
This plan could be open house plan | nmm——— ST SSS—_DGSSw=-""-————-—————————————"m—w - 8
This plan could be compact. 6
The hall constitutes the main circulation... mummmmmm 5
NONE 'mmmmmmmmm 6
0 5 10 15 20 25 30
The hall constitutes . .
NONE the main circulation This plan could be = This plan could be
. compact. open house plan
connection.
il Toplam 6 5 6 28
Result 5

This plan is NOT suitable for... mmummmm 4
This plan could not be suitable for... [ummmmm————_:— =SDTTITTTTTTmmm 2 6

0 5 10 15 20 25 30
This plan could not be This plan is NOT suitable
NONE suitable for for accessibility/The spaces
accessibility/spaces are big are divided and have
and complex relationships . separate entrances.

W Toplam 15 26 4




134

Table 5.5. (Continued). Classification results

Result 6
This plan could be unique. 17
NONE Iy nnnmm 28
0 5 10 15 20 25 30
NONE This plan could be unique.
W Toplam 28 17
Result_7
Space quality is very low  smummmmmmmmm 6
Space quality is low /s 4
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0 5 10 15 20 25
NONE .Spa.Cl.E quality |.s.h|gh Space quality is low Space quality is very
in visible conditions. low
W Toplam 20 15 4 6

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.
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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 Al
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 Babadag and Haslakoglu (2021b). According
to Schon (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 (Al) 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), Al 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 (Al) 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
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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.

e 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.

Obiject detection algorithms analyzed the generated plan layouts to see if the spaces divided

by functions in the plan layouts could be detected.

e 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 ',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.

e 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;

e Itis 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.

e 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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e 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.

o Classification algorithms are constantly evolving to get speedy results. However,
looking at the recent studies known as RuleXAl, 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.

e 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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APPENDIX 1. Google Colab_ DCGAN_Python_Code

A DCGAN is a direct extension of the GAN described above, except that it explicitly uses convolutional and convalutional-transpose layers in the
discriminator and generator, respectively. kk was first described by Radford et. al. in the paper unsupervised Representation Learning With
Deep Convolutional Generative Adversarial Networks <https://arxiv.org/pdf/1511.86434.pdf>. The discriminator is made up of strided
convolution <https://pytorch.org/docs/stable/nn.html#torch.nn.Convad> layers, batch norm
<https://pytorch,org/docs/stable/nn. html#torch. nn. BatchNorm2ds _ layers, and LeakyRelU

<https://pytorch.org/docs/stable/nn. html#torch. nn. LeakyRelU> __ activations. The input is a 3x64x64 input image and the output is a scalar
probability that the input is from the real data distribution. The generator is comprised of convoluticnal-transpose
<https://pytorch.org/docs/stable/nn.html#torch.nn.ConvTranspose2d>  layers, batch norm layers, and ReLu
chttps://pytorch.org/docs/stable/nn.html#relus _ activations. The input is a latent vector, z, that is drawn from a standard normal
distribution and the output is a 3x64x64 RGB image. The strided conv-transpose layers allow the latent vector to be transformed into a volume
with the same shape as an image. In the paper, the authars also give some tips about how to setup the optimizers, how to calculate the loss
functions, and how to initialize the model weights, all of which will be explained in the coming sections.

from __future__ import print_function
#Ematplotlib inline

import argparse

import os

import random

import torch

import torch.nn as nn

import torch.nn.parallel

import torch.backends.cudnn as cudnn
import torch.optim as optim

import torch.utils.data

import torchvision.datasets as dset
import torchvision.transforms as transforms
import torchvision.utils as vutils
import numpy as np

import matplotlib.pyplot as plt

import matplotlib.animation as animation
fram IPython.display import HTML

# Set random seem for repreoducibility

manualseed = 999

#manualSeed = random.randint(1, 18888) # use if you want new results
print({“Random Seed: ", manualSeed)

random. seed(manualSeed)

torch.manual_seed(manualSeed)

Random Seed: 9359
<torch._C.Generator at @x7dBac8121278>

v Inputs

Let's define some inputs for the run:

dataroot - the path to the root of the dataset folder. We will talk more about the dataset in the next section

workers - the number of worker threads for loading the data with the DataLoader
batch_size - the batch size used in training. The DCGAN paper uses a batch size of 128
image_size - the spatial size of the images used for training. This implementation defaults to 64x64. If another size is desired, the

structures of D and G must be changed. See here <https://github.com/pytorch/exanples/issues/78>__ for more details
ne - number of color channels in the input images. For color images this is 3

nz - length of latent vector

ngf - relates to the depth of feature maps carried through the generator
ndf - sets the depth of feature maps propagated through the discriminator
num_epochs - number of training epochs to run. Training for longer will probably lead to better results but will also take much longer

Ir - learning rate for training. As described in the DCGAN paper, this number should be 0.0002

betal - betal hyperparameter for Adam optimizers. As described in paper, this number should be 0.5
ngpu - number of GPUs available. If this is 0, code will run in CPU mede. If this number is greater than 0 it will run on that number of GPUs




APPENDIX 1(continued). Google Colab_ DCGAN_Python_Code

163

3,02,2024 15:59 degan_open_plan_dataset - Colaboratory

from google.colab import drive
drive.mount (' /content/drive’)

Mounted at /content/drive

# Root directory for dataset
datarcot = "/content/drive/MyDrive/DCGAN/OPEN_PLANS"

# Number of workers for dataloader
workers = 4

# Batch size during training
batch_size = 128

# Spatial size of training images. All images will be resized te this
# size using a transformer.
image_size = 64

# Number of channels in the training images. For color images this is 3
nc =3

# 5ize of z latent vector (i.e. size of generator input)
nz = 18

# Size of feature maps in generator
ngf = 64

# 5ize of feature maps in discriminator
ndf = 64

# Number of training epochs
num_epochs = 12@@

# Learning rate for optimizers
1r = 8.2085

# Betal hyperparam for Adam cptimizers
betal = 8.5

# MNumber of GPUs available. Use @ for CPU mode.
ngpu = 1

dataroot

" jcontent/drive/MyDrive/DCGAN/OPEN_PLANS *

Dilzenlemnek igin ¢ift tiklayin (veya enter tuguna basin)

# We can use an image folder dataset the way we have it setup.
# Create the dataset
dataset = dset.ImageFolder(root=dataroot,
transform=transforms.Compose([
transforms.Resize(image_size),
transforms.CenterCrop(image_size),
transforms.ToTensor (),
transforms.Normalize((@.5, 8.5, 8.5), (9.5, 8.5, 8.5)),
m
i# Create the dataloader
dataleader = torch,utils.data.Dataloader(dataset, batch_size=batch_size,
shuffle=True, num_workers=workers)

# Decide which device we want to run on
device = torch.device({"cuda:@" if (torch.cuda.is_available() and ngpu > @) else "cpu™)

# Plot some training images

real_batch = next(iter(dataloader))

plt.figure(figsize-{8,8))

plt.axis("off"})

plt.title{"Training Images™)

plt.imshow(np.transpose(vutils.make_grid(real_batch[@].to(device)[:64], padding=2, normalize=True).cpu(),(1,2,8)})

-+
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Jusr/local/lib/python3.18/dist-packages/torch/utils/data/dataloader.py:557: UserWarning: This Dataloader will create 4 worker proces

warnings.warn(_create_warning_msg(
<matplotlib.image.AxesImage at 8x7d89e37bf82e>

Training Images
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v Implementation

With our input parameters set and the dataset prepared, we can now get into the implementation. We will start with the weigth initialization

strategy, then talk about the generator, discriminator, loss functions, and training loop in detail.

Weight Initialization

From the DCGAN paper, the authors specify that all model weights shall
be randomly initialized from a Normal distribution with mean=@,
stdev=0.2. The ~“weights_init’~ function takes an initialized model as
input and reinitializes all conveluticnal, convolutional-transpose, and
batch normalization layers to meet this criteria. This function is
applied to the models immediately after initialization

# custom weights initialization called on netG and netD
def weights_init(m):
classname = m.__class__.__name__
if classname.find('Conv') != -1:
nn.init.normal_(m.weight.data, @.8, ©.82)
elif classname.find('BatchNorm') [= =1:
nn.init.normal_(m.weight.data, 1.8, ©.02)
nn.init.constant_(m.bias.data, @)

Generator

The generator, $G$, is designed to map the latent space vector

($2%) to data-space. Since our data are images, converting

$28 to data-space means ultimately creating a RGB image with the

same size as the training images (i.e. 3x64x64). In practice, this is
accomplished through a series of strided two dimensional convelutional

transpose layers, each paired with a 2d batch norm layer and a relu

https://colab.research.google.com/drive/1 A48QIPzaWYWtkc6edv5T-QOHfp7BhIPE#scroll To=hnfAK3LLWwWO4 &printMode=true
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activation. The output of the generater is fed through a tanh function
to return it to the input data range of $[-1,1]%. It is worth

noting the existence of the batch norm functions after the
conv=transpose layers, as this is a eritical contribution of the DCGAN
paper. These layers help with the flow of gradients during training. An

image of the generator from the DCGAN paper is shown below.

- figure:: [ _zfatic/ime/deean generator.png

:alt: dcgan_generator

Notice, the how the inputs we set in the input section (*nz*, *ngf*, and
*nc*} influence the generator architecture in code. *nz* is the length
of the z input vector, *ngf* relates to the size of the feature maps
that are propagated through the generator, and *nc* is the number of
channels in the output image (set to 3 for RGB images). Below is the

code for the generator.

# Generator Code

class Generator(nn.Module):
def __init__ (self, ngpu):

super(Generator, self).__init__()

self.ngpu = ngpu

self.main = nn.Sequential(
# input is Z, going into a convelution
nn.ConvTranspose2d( nz, ngf * 8, 4, 1, @, bias=False),
nn.BatchNorm2d{ngf = 8),
nnL RelU{ True),
# state size. (ngf*8) x 4 x 4
nn.Conviranspose2d(ngf * 8, ngf * 4, 4, 2, 1, biassFalse),
nn.BatchNorm2d{ngf = 4),
nn.RelU{True},
# state size. (ngf*4) x 8 x 8
nn.ConvTranspose2d( ngf * 4, ngf * 2, 4, 2, 1, bias=False),
nn.BatchNorm2d{ngf * 2),
nn.RelLU{ True),
# state size. (ngf*2) x 16 x 16
nn.ConvTranspose2d( ngf * 2, ngf, 4, 2, 1, biassFalse},
nn.Batchhorm2d{ngf),
nn.RelU({True),
# state size. (ngf) x 32 x 32
nn.ConvTranspose2d( ngf, nc, 4, 2, 1, bias=False),
nn.Tanh(}
# state size. (he) x 64 x B4

def forward(self, input):
return self.main{input)

Now, we can instantiate the generator and apply the weights_init function. Check out the printed model to see how the generator object is
structured.

# Create the generator
nets = Generator{ngpu).to(device)

# Handle multi-gpu if desired
if (device.type == 'cuda') and (ngpu » 1):
netG = nn.DataParallel{netG, list{range(ngpu)))

# Apply the weights_init function te randomly initialize all weights
# to mean=8, stdev=8.2.
netd. apply(weights_init)

# Print the model
print{netc)

Generator(
(rain): Sequential(
(8): ConvTranspose2d(1®, 512, kernel_size=(4, 4), stride=(1, 1), bias=False)
(1): BatchNorm2d(512, eps=le-85, momentum=8.1, affine=True, track_running_stats=True)
{2): ReLU{inplace=True)
(3): ConvTranspose2d(512, 256, kernel_size=(4, 4), stride={2, 2), padding={1, 1), biassFalse}
(4): BatchNorm2d(256, eps=le-85, momentum=8.1, affine=True, track_running_stats=True)
(5): RelU{inplace=True)
(6): ConvTranspose2d(256, 128, kernel_size=(4, 4), stride=(2, 2), padding=(1, 1), bias=False)
(7): BatchNorm2d(128, eps=le-85, momentum=8.1, affine=True, track_running_stats=True)

https:/icolab.research.google.com/drive/1 A48QfPzaWYWtkcBedv5T-QOHp7Bh PE#scroll To=hnfAKILLWwWO4&printMode=true
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(8): ReLU(inplace=True)
(9): ConvTranspose2d{128, 64, kernel_sire={4, 4), stride=(2, 2), padding=(1, 1), bias=False)
(1@): BatchNorm2d(64, eps=le-85, momentum=@.1, affine=True, track_running_stats=True)
(11): RelU(inplace=True)
(12): ConvTranspose2d(64, 3, kernel_size=(4, 4), stride=(2, 2), padding={1, 1), bias=False)
(13): Tanh()

Discriminator

As menticned, the discriminator, $D%, is a bimary classification
network that takes an image as input and outputs 2 scalar probability
that the input image is real (as opposed to fake). Here, $D3 takes

8 IxG4x64 inpul image, processes it through a series of Convad,
Batch¥orm2d, and LeakyRell layers, and outputs the final probability
through a Sigmoid activation function. This architecture cam be extended
with more layers if necessary for the problem, but there is significance
to the use of the strided convolution, BatchMorm, and LeakyRelUs. The
DCGAN paper mentions it is a good practice to use strided convolution
rather than pooling to downsample because it lets the network learn its
own pooling function. Also batch norm and leaky relu functions prosote
healthy gradient flow which is critical for the learning process of both

FG3 and 305,

Discriminator Code

class Discriminator(nn.Module):
def __init__(self, ngpu):

super(Discriminator, self).__init__{)

self.ngpu = ngpu

self.main = nn.Sequential(
# input is (nc) x 64 x &4
nn.Conv2d{nc, ndf, 4, 2, 1, bias=False),
nn.LeakyRelLU(®.2, inplace=True),
# state size. (ndf) x 32 x 32
nn.Conv2d(ndf, ndf * 2, 4, 2, 1, bias=False),
nn.BatchNorm2d{ndf = 2},
nn.LeakyRelU(@.2, inplace=True),
# state size. (ndf*2) x 16 x 16
nn.Conv2d{ndf * 2, ndf * 4, 4, 2, 1, bias=False),
nn.BatchNorm2d{ndf = 4),
nn.LeakyRelLU(®.2, inplace=True),
# state size. (ndf*4) x 8 x B
nn.Conv2d(ndf * 4, ndf * 8, 4, 2, 1, blas=False),
nn.BatchNorm2d{ndf = &),
nn.LeakyRelU(8.2, inplace=True),
# state size. (ndf*B) x 4 x 4
nn.Conv2d{ndf * &, 1, 4, 1, ®, bias=False)},
nn.5igmeid()

de

3

forward (self, input):
return self.main{input)

Now, as with the generator, we can create the discriminator, apply the weights_init function, and print the model's structure,
# Create the Discriminator
netd = Discriminator(ngpu).to(device)
# Handle multi-gpu if desired
if (device.type == "cuda') and (ngpu > 1):
netD = nn.DataParallel{netD, list{range{ngpu)})
# Apply the weights_init function to randomly initialize all weights
# to mean=8, stdev=8.2.

netD.apply(weights_init)

# Print the model
print{netD)

Discriminator(
(main): Seguential(

https:/icolab. research.google.com/drive/1 A48 QfPzaWY'WtkcbedvS T-QOHfR7BhIPE#scrol To=hnfAK3LLWwO4 &printMede=true
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(@): Conv2d(3, 64, kernel_size=(4, 4}, stride={2, 2), padding=(1, 1), bias=False)
(1): LeakyRelU(negative slope=8.2, inplace=True)

(2): Conv2d(e4, 128, kernel_size=(4, 4), stride=(2, 2), padding=(1, 1), bias-False)
(3)}: BatchNorm2d(128, eps=1e-85, momentum=@.1, affine=True, track_running_stats=True)
{4): LeakyReLU(negative_slope=@.2, inplace=True}

{5): Conv2d(128, 256, kernel_size=(4, 4), stride={2, 2), padding=(1, 1), bias=False)
(6): BatchNorm2d(256, eps=le-85, momentum=@.1, affine=True, track_running_stats=True)
(7): LeakyRelLU(negative_slope=2.2, inplace=True)

(8): Conv2d(256, 512, kernel_size=(4, 4), stride={2, 2), padding=(1, 1), bias=False)
(9): BatchNorm2d(512, eps=1e=85, momentum=8,1, affine=True, track_running_stats=True)
(12): LeakyRelU{negative_slope=8.2, inplace=True)

(11): Conv2d(512, 1, kernel_size=(4, 4), stride=(1, 1), bias=False)

(12): Sigmoid()

Loss Functions and Optimizers

With $0% and $G% setup, we can specify how they learn

through the loss functions and optimizers. We will use the Binary Cross
Entropy loss

("BCELoss <https://pytorch.org/docs/stable/nn. htrldtorch,nn, BCELOSS: )

Function which is defined in PyTorch as:

“begin{align}hell(x, y) = L = \{1_1,\dots,1_W\}"\top, \quad 1_n = = ‘\left[ y_n ‘edot ‘leg x_n + (1 - y_n) ‘edot \log (1 = x_n) ‘right]\end{align}

Notice how this function prowides the calculation of both log components
in the objective functien (i.e. $log(D(x))$ and

$log(1-D(G(z)})$). We can specify what part of the BCE equstion to

use with the $y% input. This is accomplished in the training loop

which is coming up soon, but it is important to understand how we can
choose which component we wish to calculate just by changing $y%

{i.e. GT labels).

Next, we define our real label as 1 and the fake label as @. These
labels will be used when calculating the losses of $0% and

$6%, and this is also the convention used in the original GAN

paper. Finally, we set up two separate optimizers, one for $D§ and

one for $6%. As specified in the DCGAN paper, both are Adam

optimizers with learning rate 8.8882 and Betal - ©.5. For keeping track
of the generater’'s learning progression, we will generate a fixed batch
of latent wectors that are drawn from a Gaussian distribution

{i.e. fixed_noise) . In the trzining loop, we will pericdiczlly input
this fixed_neise into $6%, and ever the iterations we will see

images form out of the noise.

# Initialize BCEloss function
criterion = nn.BCELoss()

# Create batch of latent vectors that we will use to visualize
# the progression of the generator
fixed_noise = torch.randn(64, nz, 1, 1, device=device)

# Establish convention for real and fake labels during training
real_label = 1
fake_label = @

# Setup Adam optimizers for both G and D
optimizerD = optim.Adam{netD.parameters(), lr=lr, betas=(betal, 8.993))
optimizerG = optim.Adam{netG.parameters(), lr=lr, betas=(betal, 8.993))

Training

Finally, now that we have all of the parts of the GAN framework cdefined,
we can train it. Be mindful that training GANs is somewhat of an art
form, as incorrect hyperparasmeter settings lead to mode collapse with
little explanation of what went wrong. Here, we will closely follew

Algorithm 1 from Goodfellow’s paper, while abiding by some of the best

https:/icolab. research.google. com/drive/1 A48QPzaWY WikcbedvST-QOHfp7BhI PE#scrollTo=shnfAKILLWwWO4 &printMode=true
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# Training Loop

# Lists to keep track of progress
img_list = []

G_losses = []

D_losses = []

iters = @

print("Starting Training Loop..."}
# For each epoch
for epoch in range(num_epochs):
# For each batch in the dataloader
for i, data in enumerate(dataloader, 8}):

ypn g

% (1) Update D network: maximize leg(D(x}) + leg{l - D{G(z)})

4% Train with all-real batch

netD. zera_grad()

# Format batch

real_cpu = data[@].te(device)

b_size = real_cpu.size(8)

label torch.full{(b_size,), real_label, device=device)
# Forward pass real batch through D

output = netD({real_cpu).view(-1)

# Calculate loss on all-real batch

# Daha sonra label’i Float tiriine doniistirin
label = label.float()

errD_real = criterion(output, label)

# Calculate gradients for D in backward pass
errO_real.backward()

D_x = output.mean().item()

## Train with all-fake batch

# Generate batch of latent vectors

noise = torch.randn(b_size, nz, 1, 1, device=device)
# Generate fake image batch with G

fake = netG{noise)

label.fill_{fake_label)

# Classify all fake batch with D

output = netD{fake.detach()).view(-1)

# Calculate D's loss on the all-fake batch
errD_fake = criterion(output, label)

# Calculate the gradients for this batch
errD_fake.backward()

D_G zl1 = output.mean(}.item{)

4 Add the gradients from the all-real and all-fake batches
errD = errD_real + errD_fake

# Update D

optimizerD. step()

ypn By

4 (2) Update G network: maximize log(D(G(z)))

netG.zera_grad()

label.fill_{real_label) # fake labels are real for generator cost
# since we just updated D, perform another forward pass of all-fake batch through D
output = netD({Fake).view(=1)

# Caleculate G's loss based on this output

errG criterion{output, label)

# Calculate gradients for G

errG.backward()

D_G_z2 = output.mean().item()

# Update G

optimizerG.step()

# Output training stats
if 1 % 58 == 8:
print(’[%d/%d][¥d/%d]\TLoss_D: Z.4f\tLoss_G: %.4F\TO(x): X.4P\ID(G(Z)): X.4f [/ X.af'
% (epoch, num_epochs, i, len{dataloader),
errD.item{), errG.item(), D_x, D_G_z1, D _G_z2))

# Save Losses for plotting later
6_losses.append(errG. item())
D_losses.append(errD.item())

# Check how the generator is doing by saving G's output on fixed_noise
if (iters % 588 == 8) or ((epoch == num_epochs-1) and (i == len(dataloader)-1)):
with torch.no_grad(}:
fake = netG(fixed_noise).detach().cpu()
img_list.append(vutils.make_grid(fake, padding=2, normalize=True))

https:/icolab. research.google.comidrive/1 AdBQIPzaWYWtkcBedv5T-QOHR7Bh PE#scroll To=hnfAK3LLWwO4 &printMode=true
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iters += 1

Starting Training Loop...

[e/1e82][8/2]

[1/1888][8/2]

[2/1008][8/2]

[3/1088][8/2]

[4/1008][8/2]

[5/1888)[8/2]

[6/1888][8/2]

[7/1e88][8/2]

[8/1088][8/2]

[a/1888][8/2]

[18/1888][@/2]
[11/16@8][@/2]
[12/16e8][e/2]
[13/1808][8/2]
[14/1888][8/2]
[15/1868][8/2]
[16/16e8][8/2]
[17/10€8][8/2]
[18/1ee8][@/2]
[1z/1808][8/2]
[28/1808][8/2]
[21/18€8][8/2]
[22/1e88][@/2]
[23/16e8][8/2]
[24/1888][8/2]
[25/18@8] 8/ /2]
[26/1608][8/2]
[27/1808][8/2]
[28/1888][8/2]
[29/1888][8/2]
[38/16e8][e/2]
[31/1828][@/2]
[32/1ee8][@/2]
[33/1e08][8/2]
[34/1808][@/2]
[35/1808][8/2]
[36/1888][8/2]
[37/1880][8/2]
[38/1e00][0/2]
[38/1e@8](@/2]
[40/16e@][e/2]
[41/1808][8/2]
[42/1808][8/2]
[23/18988][8/2]
[44/1608][8/2]
[45/1888][8/2]
[#6/18088][8/2]
[47/1808][8/2]
[48/1808][8/2]
[45/1808][8/2]
[58/1888][8/2]
[51/18e8][8/2]
[52/1888][8/2]
[53/1888][@/2]
[54/166@][8/2]
[55/188a][a/2]
[56/1808][8/2]

v Results

Finally, lets check out how we did. Here, we will look at three different results. First, we will see how D and G's losses changed during training.
Second, we will visualize G's output on the fixed_noise batch for every epoch. And third, we will look at a batch of real data next to a batch of

fake data from G.
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Below is a plot of D & G's losses versus training iterations.

plt.figure(figsize={12,5)})

plt.title{"Generator and Discriminator Loss During Tralning™)

plt.plot(c_losses,label="G")
plt.plot(D_losses,label="p")
plt.xlabel({"iterations")

plt.ylabel("Loss")
plt.legend()
plt.show()

https:ficolab.research.google com/drive/1A48QfPzaWYWtke6edvS T-QOHR7BhIPE#scroll Te=hnfAK3LLWwOA&printMede=true

dcgan_open_plan_dataset - Colaboratory
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APPENDIX 1(continued). Google Colab_ DCGAN_Python_Code

3,02,2024 15:59 dcgan_open_plan_dataset - Colaboratory

Generator and Discriminator Loss During Training

=
35 D

251

20 1

Loss

15 A

10 A

0 250 500 750 1000 1250 1500 1750 2000
iterations

Visualization of G's progression

Remember how we saved the generator’s output on the fixed_noise batch after every epoch of training. Now, we can visualize the training
progression of G with an animation. Press the play button to start the animation.

#EXcapture

fig = plt.figure(figsize=(8,8))

plt.axis("off")

ims = [[plt.imshow(np.transpose(i,(1,2,8)), animated=True)] for i in img_list]

ani = animation.ArtistAnimation(fig, ims, interval=10@@, repeat_delay=10@8, blit=True)

HTML(andi. to_jshtml())
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3.02.2024 16:37

Dataset Augmentation/All data_open_plan - Colaboratory

from google.colab import drive
drive.mount("/content/drive’)

Mounted at /content/drive

!pip install Augmentor

Collecting Augmentor
Using cached Augmentor-g.2.12-py2.py3-none-any.whl (38 kB)

Requirement already satisfied: Pillow»=5.2.8 in fusr/local/lib/python3.18/dist-packages (from Augmentor) (9.4.8)
d: tqdm»=4.9.8 in fusr/local/lib/python3.18/dist=packages (from Augmentor) (4.66.1)
Requirement already satisfied: numpy»>=1.11.8 in jusr/local/lib/python3.18/dist-packages (from Augmentor) (1.23.5)

Requirement already satis

Installing collected packages: Augmentor
Successfully installed Augmentor=8.2.12

import Augmentor
import os

import shutil

from PIL import Image
import numpy as np

Documentation on Augmentor can be found here: https:/github.com/mdbloice/Augmentor

pathA = "/content/drive/MyDrive/open_plan_84/A"
pathé = "/content/drive/MyDrive/open_plan_84/8"

= Augmentor.Pipeline(pathA)

Point to a directory containing ground truth data.

Images with the same file names will be added as ground truth data
and augmented in parallel to the original data.
.ground_truth(pathB)

T H W HT

Add operations to the pipeline:
rotate9d({probability=8.25)
.rotate2?8(probability=8.25)
.flip_left_right(probability=8.25)
.flip_top_bottom(probability=8.25)

TTTOD %

Initialised with 19 image(s) found.
Qutput directory set to /content/drive/MyDrive/open_plan_g4/Afoutput.

19 ground truth image(s) found.

IMAGE_COUNT = 388

p.sample( IMAGE_COUNT)

Processing <PIL.Image.Image image mode=RGBA size=595x1181 at ox7a7684217618>: 100% | 300 300 [66:23<80:08, 12.58 Samples/:

4

>
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3.02.2024 16:37 Dataset Augmentation/All data_open_plan - Colaboratory

from PIL import Image, ImageOps
import os

# Set the path to the folder containing the images to be resized
input_path = '/content/drive/MyDrive/open_plan_R4/A/output’
output_path = '/content/drive/MyDrive/open_plan_84/R2’

# Set the desired output size
size = (256, 256)

# Set the desired border size
border_size = 50

# Check if the output directory exists, create it if necessary
if not os.path.exists(output_path):
os.makedirs(output_path)

# Loop through all the images in the folder
for file_name in os.listdir(input_path):
try:
it Open the image using PIL
image = Image.open(os.path.join(input_path, file_name))

# Resize the image while maintaining the aspect ratio
image.thumbnail(size, Image.ANTIALIAS)

# Create a new image with a white background and paste the resized image onto it
new_image = Image.new('RGB', size, (255, 255, 255))
new_image.paste(image, ((size[@] - image.size[®]) // 2, (size[1] = image.size[1]) // 2))

# Add a border to the image
bordered_image = ImageOps.expand(new_image, border=border_size, fill='white')

# Save the new image with the same file name in the output directory
output_file_path = os.path.join(output_path, file_name)
bordered_image.save(output_file_path)
print(f"Processed and saved: {output_file_path}")

except Exception as e:
print(f"Error processing {file_name}: {e}")
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APPENDIX 4. Google Colab_ Data Preparation for Input and Ground Truth Images of

Pix2pix Algorithm_Python_Code

3,02,2024 16:37 Dataset Augmentation/All data_open_plan - Colaboratory

import os
import shutil

# Kaynak dizini belirtin
source_folder = "/content/drive/MyDrive/open_plan_sd/R2"

# Hedef dizinleri belirtin
newPathA = "/content/drive/MyDrive/open_plan_84/A2/"
newPathB = "/content/drive/MyDrive/open_plan_g4/B2/"

# Hedef dizinleri olusturun
if not os.path.exists{newPatha):
as.makedirs(newPathA)

if not os.path.exists{newPathB):
os.makedirs(newPathB)

# Kaynak dizinindeki tim dosyalari kentrol et
for filename in os.listdir(source_folder)
try:
# Dosyanin adina gore ayir ve kopyala
if '_groundtruth_' in filename:
guid = filename[-16:]
shutil.copyfile(os.path.join{source_folder, filename), os.path.join(newPathA, guid))
elif 'A_original' in filename:
guid = filename[-16:]
shutil.copyfile(os.path. join(source_folder, filename), os.path.join{newPathB, guid))
except Exception as e:
print(f"Error processing {filename}: {e}")

# Ayrilan dosyalarin adlarini kontrol et
A_files = [f[:-4] for f in os.listdir(newPatha)]
B_files = [f[:-4] for f in os.listdir(newPathB)]

print("A Filenames Found: ", A_files)
print("B Filenames Found: ", B_files)

A Filenames Found: ['ch9ebfedcs7e’, '6d588F412482', '864972eaZesd', "fc7dc95697c¢9’, 'BaZBRS67ccTe’, "5712c562cEBA’,
B Filenames Found: ["c59eb%esc57e’, '6d5881412482', 'fc7dc95697c¢3', '"BE4972eaZefd’, 'BaZB5S67ccTe’, '5712¢562cBB4A’,

after merging all images now rescalling

import os
from PIL import Image

# Degiskenleri ayarla (gerekirse degistir)

newPatha = “/content/drive/MyDrive/open_plan_84/B2"

newPathB = "/content/drive/MyDrive/open_plan_84/A2"
combinedPath = "/content/drive/MyDrive/open_plan_84/Combined”

# Scaling factor for resizing images
scaling_factor = 8.5 # Adjust this value based on your requirements

for filename in os.listdir(newPatha)
try:
# Construct the file paths for the corresponding images in A_files and B_files
image_path_A = os.path.join(newPathA, filename)
image_path_B = os.path.join(newPathB, filename})

# Open the images using PIL
iml = Image.open{image_path_RB)
im2 = Image.open(image_path_a)

# Scale images
iml = iml.resize((int(iml.width * scaling factor), int(iml.height * scaling_factor)}))
im2 = im2.resize((int(im2.width * scaling_factor), int(im2.height * scaling_factor)))

# Resize iml to Fit half of the final image width
iml = iml.resize((256, 256))

# Resize im2 to fit the other half of the final image width
im2 im2.resize((256, 256))

# Combine images herizontally using PIL

dst = Image.new({'RGB', (512, 256))

dst.paste(iml, (8, @)) # Paste iml at the top-left corner
dst.paste(im2, (256, 8)) # Paste in2 to the right of iml

https:/fcolab. research.google. com/fdrive/1vipVWAzvEnwPq4 TejcB Iflhm4MEdlaDJ#scroll To=p7Mt_xz0uGLb&printMode=true

"ahbd75522dbe’ |
‘abbd75522dbe’

]

47
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APPENDIX 4 (Continued). Google Colab_ Data Preparation for Input and Ground Truth

Images of Pix2pix Algorithm_Python_Code

3.02,2024 16:37 Dataset Augmentation/All data_open_plan - Colaboratory

import os
from PIL import Image

# Degiskenleri ayarla (gerekirse degistir)

newPathA = "/content/drive/MyDrive/open_plan_g4/B2"

newPathd = "/content/drive/MyDrive/open_plan_gaa/a2"
combinedPath "fcontent/drive/MyDrive/open_plan_84/recombined”

for filename in eos.listdir{newPathA):
try:
# Construct the file paths for the corresponding images in A_files and B_files
image_path_A = os.path.join{newPatha, filename)
image_path_B = os.path.join{newPathB, filename)

# Open the images using PIL
iml = Image.open(image_path_BE)
im2 = Image.open(image_path_A)

# Get the original dimensions of the images
widthl, heightl = iml.size
width2, height2 = im2.size

# Ensure both images have the same height

min_height = min(heightl, height2)

iml = iml.resize((int(widthl * min_height / height1), min_height))
im2 = im2.resize((int{width2 * min_height / height2), min_height)})

# Combine images horizontally using PTL

dst = Image.new('RGB", (iml.width + imZ.width, min_height))
dst.paste(iml, (8, 8)) # Paste iml at the left
dst.paste(im2, (iml.width, @)) # Paste im2 to the right of iml

# Save the combined image

combined_filename = "Combined_" + filename

combined_path = os.path.join{combinedPath, corbined_filename})
dst.save(combined_path)

print(f"Combined and saved {filename} to {combined_path}"}
except Exception as e:
print{f"Error processing {filename}: {e}"}

Combined and saved 93762@878c87b.png to [content/drive/MyDrive/open_plan_g4/recombined/Combined _93752878ca7b.png

https://colab. research.google.com/drive/ 1 vipVWAzvEnwPg4 TejcB Iflhm4MEdlaDJ#scrollTo=p7Mt_xz0uGLb&printMode=true

6/7
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3,02,2024 16:39 merging multiple images - Colaboratory
from PIL import Image
import os

# Set the path to the folder containing the left images
left_path = */content/drive/MyDrive/open_plan 2/B2"

# set the path to the folder containing the right images
right_path = '/content/drive/MyDrive/open_plan_2/A2'

# Set the output path for the merged images
output_path = '/content/drive/MyDrive/open plan 2/NEW'

# Loop through all the left images in the folder
for left_filename in os.listdir(left_path):
# Check if the file is an image
if left_filename.endswith('.jpg") or left_filename.endswith('.png'):
# Open the left image using PIL
left = Image.open{os.path.join(left_path, left_filename})

¥ Loop through all the right images in the folder
for right_filename in os.listdir{right_path):
# Check if the file is an image
if right_filename.endswith('.jpg') or right_filename.endswith('.png'):
# Open the right image using PIL
right = Image.open(os.path.join(right_path, right_filename))

# Resize the left image to fit the right

left_width, left_height = left.size

right_width, right_height = right.size

new_left_width = int(left_width * right_height / left_height)
new_left_height = right_height

resized_left = left.resize((new_left_width, new_left_height))

# Create a new output image by pasting the left on the right

output_image = Image.new('RGB', (left_width+right_width, right_height), (255, 255, 255))
output_image.paste(resized left, (8, @))

output_image.paste(right, (new_left_width, 8))

# Save the output image to the specified output path

output_filename = left_filename.split('.')[8] + '_"' + right_filename.split('.")[8] + '.png'

output_image.save(os.path. join{output_path, output_filename))

from PIL import Image
import os

# set the directory where the images are located
img_dir = '/content/drive/MyDrive/open_plan_2/NEW'

# Set the new size for the images
new_size = (512, 256)

# Loop through all the images in the directory
for filename in os.listdir(img_dir):
# Open the image
img = Image.cpen(os.path.join(img_dir, filename))

# Resize the image
img = img.resize(new_size)

# Save the resized image, overwriting the original file
img.save(os.path.join(img_dir, filename))

https:/icolab. research.geogle com/drive/1ks_puFJfonGNvnm4hdPYW3D3D1VS_HPh#printMode=true
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3.02,2024 16:24

Pix2Pix_Model _Training_100 epoch_OPEN PLAN_3 new ground truth - Colaboratory

~  Copyright 2019 The TensorFlow Authors.

Licensed under the Apache License, Version 2.0 (the "License");

> Licensed under the Apache License, Version 2.0 (the "License");

Kodu géster

gpu_info = Invidia=-smi
gpu_infe = "\n'.join{gpu_info)
if gpu_info.find('failed') »= @:

print('Mot connected te a GPU')

else:

print({gpu_info)

[Z sun Nov 19 e9:a@:17 2023

| GPU  Name persistence-M| Bus-Id pisp.A | velatile Uncorr. ECC |
| Fan Temp Perf Puwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. |
| | | MIG M. |
| + + |
| @ Tesla Ta off | espepesa:ee:ed.a off | a |
| n/n 53 P8 1eW /7o | amiB / 15368MiB | a% pefault |
I | | /A |
L e e e R e L e e e e e L T +
e e +

Processes:

GPU GI cI PID Type Process name GPU Memary

|
|
| I ID Usage
|
|

gpu_infe = Invidia-smi
gpu_infe = "\n'.join(gpu_info)
if gpu_info.find{'failed') »= @:

print('Mot connected to a GPU')

else:

print(gpu_info)

Sun Nov 15 @9:48:18 2823

ey

| NVIDIA-SMI 525.185.17 Driver Version: 525.185.17 CUDA Version: 12.8 |
R e P T P
| GPU  Name Persistence=M| Bus-Td Disp.& | velatile Uncorr. ECC |
| Fan Temp Perf Pwr:Usage/Capl| Memory-Usage | GPU-Util Compute M. |
| | | MIG M. |
|

| Tesla T4 off | eecosees:ee:ed.e OFf | a |
| 53C P8 1eW [ 7o | eMiB / 15368MiB | a% Default |
| I | N/A |
B T e n e PP P PP
e +
| Processes: |
| ePu  GI CL PID Type Process name GPU Memory |
| 1D Usage |
[ mmms -
| Mo running processes found |
T T e T +

Ffrom psutil impert virtual_memory
ram_gh = virtual_memory(}.total / 1le9

print('Your runtime has {:.1f} gigabytes of available RAM\n'.format(ram_gb))

if ram_gb < 28:

print('Not using a high=RA&M runtime')

else:

print(’'You are using a high=RaM runtime!*)

Your runtime has 13.6 gigabytes of available RaM

Mot using a high-RAM runtime

from google.colab import drive
drive.mount("/content/drive')

https:/icolab.research.google.com/drive/1XE3n_SmNelUdncgsslLqvOBDkz 1qgCFPyY#printMode=true
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3022024 16:24 Pix2Pix_Model _Training_100 epoch_OPEN PLAN_3_new ground truth - Colaboratory

Mounted at /content/drive
v Pix2Pix

1 View on Tensorblow org b JE an 10 Google Colah O\.‘mw source on GitHub i pownload netebeok

Nate = Additional Notes:

This notebook is an edited version of the Tensorflow 2.X Pix2Pix sample. It's designed te load a formatted dataset from Google Drive, train a
new model, and save a Keras model back to Google Drive in the *.h5" model format.

Most of the original notes and model diagrams have been removed from the notebook so the model can be re-executed faster after re-

connecting to Colab. See the original notebook for better documentation.

The only changes (so far) are in the image loader code, and the model saving. This notebook still saves checkpoints.

import tensorflow as tf

import os
import time

from matplotlib import pyplot as plt
from IPython import display
import numpy as np

# PATH ' feontent fdrive/MyDrive/open_plan_sa'
PATH = '/content/drive/MyDrive/open_plan_84"

BUFFER_SIZE = 488
BATCH_SIZE = 1
IMG_WIDTH = 256
IMG_HEIGHT 256

def load(image_file):
image = tf.io.read_file(image_file)
image = tf.image.decode_jpeg(image)

w = tf.shape(image)[1]

# "w' should be 256:
W= /2

# Reversing to match our image formatting:
input_image = image[:, :w, :]
real_image = image[:, wi, :]

input_image tf.cast(input_image, tf.fleoatiz)
real_image = tf.cast(real_image, tf.floati2)

return input_image, real_image

inp, re = load(PATH+'/recombinedTrain/Combined_Baa7cdeas52e.png')
# casting to int for matplotlib te show the image

plt.figure()

plt.imshow(inp/255.8)

plt.figure()

plt.imshow(re/255.8)

httns-/iealab. research.aooale comidrive/1XE3n SmNelldncassil avOBDkz1a0CFPvY#orintMode=true
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APPENDIX 6. (Continued) Google Colab_ Pix2Pix_Python_Code

3,02,2024 16:24 Pix2Pix_Model _Training_100 epoch_OPEN PLAN_3_new ground truth - Colaboratory

cmatplotlib. image.AxesImage at @x79d87dc9l%86>

100

150

250

T
o] 50 100 150 200 250

100 o

150

200

250

T T T
4] 50 100 150 200 250

https:/icolab. research.google.com/drive/1XE3n_5mNeldncgsslLqvOBDkz 1qCFPyY#printMode=true 3na
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APPENDIX 6. (Continued) Google Colab_ Pix2Pix_Python_Code

3022024 1624 P2Px_Model _Training_100 epoch_OPEN PLAN_3 new ground truth - Colaboratory

def resire(input_image, real image, height, width):
input_image = tf inage.resize{input_image, [height, width],
nethod=tF, Inage, ResizeMethod . NEAREST_WELGHBOR)
real_fmage = ©f.image.resize{resl_imege, [helght, width],
method=1F, inage . ResizeMethod, NEAREST_NETSHBDR )

return lnput_image, real_ivage

def rancom_crop{input_image, real_isage]:
stacked_image = tf.stack{[irput_image, real_image], axis=g)
cropped_ivage = tf.image.randen_cropd
stacked image, sires=[2, IWG_HEIGHT, IWG_WIDTH, 3])

return cropped_inage[8], cropped_inage[1]

# rarnalizing the images to [=1, 1]

def normalire{input_image, real_image):
input_image = (input_image / 127.5) = 1
real_fmage = (real_lmage £ 127.5) = 1
returs Loput_irage, real irage

guf. function()

daf rancom_jitter(irput_image, real_iwage):
& resizing to 286 x 306 x 3

input_image, real_image = resize{input_image, real_image, ZBE, ZRE)

# rancomly cropping to 256 x 156 x 3
input_image, real_image = randor_crop(irput_lmage, real_ivege)

mi{)) » 8.5

E

input_image = tf.image.flip_left_right(input_image}
real_image = tf dmage. Flip_left_right(real imapge)

IF tf.random. ul

B randomn mlerg

raturn input_image, real_image

plt. figure(figsize=(6, 6]}
for 1 in range(£):
ri_inp, ri_re = random jitter{inp, re)
plt.subplot{z, z, i+1)
plt.inshow(ri_re/is5.8)
plt.axisi 'off')
n prirt{ri_inp)
Pl showi )

htipa:ficolab research.geogle.comidrive’ KE3n_SmieUdncgsel Lgwl2Dkez 1 gCF Py Y#printode=trus 418
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3022024 16:24

def load_image_train{image_file):
input_inage, real inspe = load(inage file)

F2Po_Model _Training_100 epoch_OPEM PLAN_3_mew ground truth - Colaboratory

input_image, real_image = randor_jitter{input_inage, real_image)
inpui_image, real_image = normalizelirgui_image, real_inage}

return Lnput_image, real_image

def load image test{image_filej:
dnput_image; real_image = load(image_file)
input_inspe, real dsspe = resize(irput_image, resl image, IMG WEIGHT, IME WIOTH)
input_inage, real _isage = noreslize{ingut_iwage, real _inage)

return Dnpul_image, real image
~ Input Pipeline

train_dataset - tf.data, Dataset, 1ist_flles(PATH+ " /recombinadTraing* . png' )
train dataset = train_dataset.map{leoad image train,
run_parallel calls=t¥.data.ewperimental AUTOTUNE)
train_dataset = train_dataset.shuffleBUFFER_SIZE)
train dataset = traln dataset. batch{BATCH _SIIE)

test_dataset tf.data.bataset, List_Files(PaTH+' freconbinedTest/* .ong' )

test_datasel = test dataset.nap(load image test)
test_dataset = test_dataset.batch{BATCH _STIE)

for example_input, example_target in testi_dataset.take{l}:
printinp.asarray{exanple_input))

[Iro. 1. 1]
1.

[
-
-
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+ Build the Generator

= The architecture of generator is a modified U-Met,

= [Each block In the encoder is (Conv == Batchnorm = Leaky RelU)

= [Each black in the decoder is (Transposed Conv -> Ratehnorm - Dropout{applied 1o the first 3 blecks) = Rel L))
th

weader and decoder (as in U-Net)

= Thieriz are skip conn
OUTPUT_CHAMKELS = 3

& @t _function()
def downsample(filters, size, apply_batchrormsTroe):
initializer = tf.randon_normal_initializer{®., 8.82)

regult = tf. keras.Sequentiall)
Fesult, add(
if.keras, layers, ConrwaD{Filters, size, strldes=1, paddinmg="sae",
kemp'._l sitializer=initializer, Jge_hug,--'g'_ge] ]

if apply_batchnorm:
result.add (tf . keras. layers.BatchNormalizatiang))

result.add(tf.keras, layers. LeakyRelU{) )

return result
down_podel = downsampled3, £)
down_result = down_model (tf.expand_dinsiirg, 8))
print {dows_result.shape)

(3, 128, 128, 3)

& @ef_function()

def wsample(filters, size, apply_dropout=rFalse):
Initiallzer = tf.randor_normal_lnitializer(®., &.82)
Fesult = oF, keras, Sequentiall)
result, add(

Tf.karas. layers . ComvaDTranspose(Filters, size, strides=2,
paddirg="sare’,
kermel_initializer=initializer,
uwse_bias=False))

result.add(tf. keras. layers. BatchNarmalization())

if apply_drapout :
result.add{ Cf keras, layers . brapout(8,5))

resdlt. add(tf. keras, Layers. Rell()}

rETUrT rRsult

up_medel = upsample(3, 4)
up_result = up_model {down_result)
print {up_result.shape)

(1, 56, 256, 3)
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# gef.function()
def Generator():
inputs = tf.keras,layers. Input(shapes[256,256,3])

cown_stack = |
downsanple{s4, 4, apply_batchnorn-False), & (bs, 123, 123, 64)
dosnsanple(128, 4), # (bs, 64, 64, 128)

downsanple(256, 4), & (bs, 32, 32, 256)
doansanple(512, &), # (bs, 16, 16, 512)
doansanple(512, 4), # (bs, &, 8, 512)
dosnsanple(S12, 4), # (bs, 4, &, 512)
downsanple(Si2, 4), ¥ (bs, 2, 2, 512)
domrsanple(512, 4), ¥ (bs, 1, 1, 512)

1

vp_stack = [
upsample(512, 4, apply_dropout=True), # (bs, 2, 2, 1824)
upsaaple(512, 4, apply dropout«True), # (bs, 4, 4, 1824)
upsample(512, 4, apply_dropout=True), # (bs, 8, 8, 10822)
upsample(512, &), & (bs, 16, 16, 1823)
upsample(256, 4), ¥ (bs, 32, 32, 512)
upsemple(128, 4), & (bs, 64, 64, 256)
upsaaple(s4, 4), & (bs, 128, 128, 128)

]

initializer = tf.randor_normal_initializer(®., @.92)

last = tf keras.layers.ConvZOTranspose(CUTPUT_CHANNELS, 4,
stridese«2,
padding='sare’,
kernel_initializersinitislizer,
activations'tanh') # (bs, 256, 256, 3)

x = irputs

# Downsanpling through the model
skips = [)
for down in cown_stack:

x = down{x)

skips.append(x)

skips = reversed(skips[:-1])
# Upsampling and establishing the skip commections
for up, skip in zip{up_stack, skips):

x = up(x)

x = tf.keras,layers.Concatenate()([x, skip))

x = last(x)

return tf.keras.Model{inputssinputs, outputssx)

generator « Generator()
# tf . keras.utils.plot_podel(generator, show shapes<True, dple-8e)

gen_ocutput = generator(inp[tf.nesaxis,...], training«False)
plt.inshow(gen output(a,...])

WARNING :matplotlid, insge:Clipping input data to the valid range for imshow with RGB dats ([@..1] for floats o~ [9..255] for integers

enatplotlib, inage, AxesTnage at 8x79cR7cofar7a>
Qo
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+ Generator boss

o It iz a sigmoid cross entropy loss of the generated images and an array of ones.

e The gagar also incldes L1 loss which is MAE (mean abselute error) between the generated image and the target image,

o This allows the generated image 1o become structurally simillas to the target image.

& The formuda to caleulate the total generator bess = gan_loss + LAMBDA =11 _loss, where LAMBDA = 100. This value was decided by
The avthors of the paper,

The training procedure for the generator is shown bellow:
LAM3DA = 188
def generater_loss{disc_gemerated output, gen_output, target):

gan_loss = less_sbject{tf.ores_like(disc_generated_cutput), disc_generated_cutput}

# mean aosclute errcr
11_loss = tf.reduce_pean{tf.abs{target = gen_putput)}

total_gen_losi = gan_loss + (LAMBOA * 11_Jloss)

reture total_gen_loss, gan_loss, 11 loss

« Build the Discriminator

= The Discrirninater is a PatehGAN,
= [Each block in the discriminater s (Conv - BatchMorm = Leaky ReLU)
= The shape of the outpat after the last layer is (bateh_size, 30,20, 7)
= Each 20630 patch of the outpul dassiies o 70x70 portion ol the inpul image (such an archilectune is called @ PalchGAN)
= [Discriminator receives 2 inputs.
o Input image and the targel image, which it shoul classify as real.
o Input image and the generated image (output of generator), which it should classify as fake.
& We concatenate these 2 inputs together in the code (tF.concat([irg, ter], axis=-1))

def Discrinmimator():
dnitializer = ©f, random _rormal _initializer(®., @.82)

inp = tf.keras. layers.Input(shape=[ 256, 236, 3], name="input_inage")
tar = tf.keras. layers.Input(shape=[256, 255, 1], name='target_image')

x = tf.keras.layers. concatenate{[inp, tar]) # (bs, 256, 258, channels*2)

downl = downsssple(dd, 4, Falsejix) & (bs, 128, 128, 6&4)

eownd = downsasplel(l28, 4)j{downl) ® [bs, 64, 64, 128}

cownd = downsamplel 256, 4)(dewn?) ¥ (bs, 32, 32, 256}

zara_padl = tF keras . layers ZeroPadding2D(){down3) £ (bs, 34, 34, 255)

conw = tf. keras. layers ConviO{512, 4, strides=1,
kernel_initializer=initializer,
use_biaszsFalse){zero_padl) # (be, 31, 31, 512)

batchroral = tF.keras, layerd, batchiornal Lzationd J{cany)

leaky_relu = tf.keras,dayers,LeakyRelU{] (batchrorai)

Tero_padi = tf, keras.layers.ZeroPadding2{){leaky_relu) # (bs, 33, 33, 513)

last = tf.keras.layers.ConviD{l, 4, strides=1,
kornel_initializer=initializer)(zerc_padl) # (bs, 28, 28, 1)

returs tF. keras Model{inputs=[inp, tar], cutputs=last)

discrimdnator = Discriminator(})
tf weras.utils . plot_podel{discrinirator, show _shapes=Truee, dpi=sad)
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mpul_image | iapul Noee, 236, 156, 31 darget_mnage | inpui [{Mene, 256, 158, 3]
| Iapuillaer | smtpe Prams, 236, 256, 31 Inpuilaps | output
sy -
- T
|c_r:||..!rnir_." input | [[Pieee, 156, 756, 3), (Mene, 156, 256, 3]
| Concatreate | sirpeet J Mase, 756, 756, &)
| sequential_{7 | gt | {Noae, 236, 256, 6) |

| Sequential | wipt | (Mane, L0, 128, 6d) |

sngpaintal 1B | inger
{Home, 64, 64, 128)

Sequential | outpui

(ars, 128, 178, 64) |

[ mnrential_t% | irpee- | {Nireae, 61, 6, 178)
| Sequential | st J [Niose, 32, 32, 256) |

[(oemo_padding2d | iaput | Home. 32, 32 2560
| ZeraPacing?D | sonps | ieme, 34, 34 356)

Lapat
SRpuL

{Nome, 34, 34, 236)

[ Caze2b {Paae, 31, 31, 813

baich_sormalizabom_IB | inpot | (Poone, 31, 31, 513)
BunckMermalzsnon outpat | (Mane, 31, 31

(Lot _ye_in_12 | mpun: | (Boace, 31,30, 5124 |
LeayRelU | outpue: | (Thoem, 31,31, 517)

[ zwro_pacdicg?d | | inger | (Paew, 31,31, 513) |
ZeraPacinglD | ougpue: | (Mane, 33, 33, 513 |

cotd_13 | eput [ {Nose, 3, 33, 517)
Conv1D | swput | (Naow, 30, 3, 1)

disc_put = discriminrator([inp[tF. newaxis, .. ], ger_output], trainiag=False)
Pl AnshoW(disc_put[@, .. ., =1], vEln=-=28, weax=28, cmap=‘RoBu_r"}
plt.colarkar])

<matpletlib. colorbar. Calarbar at Bx72dErchbaalds

o3 20
15
5
1n
o ]
15 L
-5
20
=10
25 _15
1]

loss_abject = tf keras. logses. BlnaryCrossentropy{ frar_loglts=True)
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def discriminator_loss(disc_real putput, disc_gererated putput):
real_loss = loss_object{tf.ones like{disc_real output), disc_real output)

generated_loss = loss_object{if,zeros_like(disc_generated_output), disc_penerated tutput)
total_disc_loss = real_loss + gerarated loss

return total_disc_less
~ Define the Optimizers and Checkpoint=saver

generator_pptimizer = tf.keras.cptimizers.sdam(2ee=d, beta_1=8.5)
discrimdnator_potimizer = tf.keras.optinizers.Adan(2e-4, beta 1=8.5)

checkpodnt_dir = °.ftraining_checkpoints 188"

checkpoint_prefix = as.path. join{checkpoint_dir, "ckpt™)

checkpoint = tf.train.Checkpoint{generator_pptimlzersgenerator_optinizer,
diserimirator_pptimirersdiscrininator_sptinizer,
pEnerataorsganeratonr,
discrimirator=dizcrininator)

~ Generate Images

Wirtte & function 1o plot some images during training.

= ‘We pass images from the test dataset to the generator,
= The generator will then translate the Input image Intoe the output.
= Last step s 1o phot the predictions and vailal

Hote: The training=True is intentional here since we want the batch statistics while running the maodel on the test dataset. if we use
training=False, we will get the accumulated statistics lamed frem the training dataset {which we doen't want)

def generate_images(model, test_input, tar):
prediction = model(test_inmput, training=True)
plr.Flgure(Flgalire={15,15})

cisplay _list = [test_input[@], tar[@], prediction[@]]
title = ['Input Image', "Grourd Truth®, 'Predicted Image” )

far 1 in range{3):
plt.subplot(l, 2, 1+1)
plt.title{title[i])
# petting the pixel walues between [@, 1] to plet it.
plt.imshow{display_list[i] * 8.5 + @.5)
ple. axis'off )
plt. shawi]}

for example_input, example_target in test_dataset.take(1}:
penerate_inages(generator; exanple_input, example_target)

httpa:ficolab.research.goegle.comidrive’ XE3n_SmielUdnegsslLgwl3Dkz 1gCF Py Y #printMode=trus
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Input Image Ground Truth Predicted

Input Image Ground Truth Predicted

Input Image Ground Truth Predicted

v Training

For each example input generate an output
The discriminator receives the inputmage and the generated image as the first input. The second input is the inputmage and the

target_jmage.

Next, we calculate the generator and the discriminator boss,

Then, we calcuate the gradients of loss with respect to both the generator and the discriminator variables(inputs) and apply those to the
optimizer.

Then kg the kesses to TensorScard.
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EPOCHE = 128

Impart datetine
log _dire"logss”

summaey_writer = tF, summary. create_flle_writer|
log dir & *fit/* & datetime.datetine,nowl).strfting(“XvEnEc-XHEMIS "))

BEf, function
def traln_step(input_image, target, epoch):
with tf . GradientTape() as pen_tape, tf.GradientTape(} as disc_tape:
pgen_output = generator{input_image, training=True}

disc_real_putput = discrininator{[imput_image, target], training=True)
disc_generated _putput = discrininator([input_image, gen_output], training=True)

pen_total loss, ger_gan _loss, gen 11 _loss = geperator_loss{disc_gemeraled_pwtput, gen_putput, target)

disc_loss = discriminator_loss(disc_real _putput, disc_gererated_output)

generater_gradients - gen_tape.gradient{gen_tatal_loss,
generator.trainable_wariables)
discriminator_gradients = disc_tape.gradient{disc_loss,
dizcrininator.trainable variables)

generator_optisdrer. apply_gradients{zip{generator_gradients,
geserator. nable_warlables})
diserinlnator_sptinlzer.apply_gradients(zipl{discrininator_gradients,
diserininatos, trainable_variables))

wWith surmary_writer,as default():
tf .sumnary . scalar{"gen_total_loss®, gen_tctal_loss, step=spoch)

tf . sumnmary . scalae( " gen_gan_lass', gen_gan_loss, stepsepach)
tf .summary . scalar{“gen_11_loss®, gen_l1_lcszs, step=epoch)
tf csummary . scalar{ “disc_loss', disc_loss, step=spoch)

The actual tramning loop:

= |terates over the number of epochs.

= (neach epoch it clears the display, and runs generate_images io show its progress.
= On each epoch it iterates over the training dateset, printing & . for each example.

= [t saves a checkpolnt every 20 epochs,

daf Fit(traim_dc, epachs, test_ds):
far spach in range(epochs):
start = time.time()

display. clear_putput{wait=True)
for exsrple_input, exsnple_target in test ds. take(l):

penerate_imapes(generator, exanale_laput, exsmple_tasget)
peimt{"Epoch: ", epoch)

# Tratn
far n, (input_image, target) im train_ds.onumerated):
print(".', end="")
if {n+l) X 180 == a:
print(}
traln_step{input_ilnage, target, epoch)
print{]

# saving (checkpolmt) the smedel every 1B epachs
& 1f {epoch 4 18] == B:
#  checkpoint.save(file_profix = checkpoint prefix)

prirt {'Time taken for epoch {} is {} sechn' . format{epoch + 1,
time.time(}=start) )
checkpolnt.save(file prefix = checkpodnt_prefix)
 Hew save method for BS format:
® Uacoanent For Tralning in Celab Instamces:
I'E_rﬂr\ - ',.'rmmnf.fdﬂ\.-pJ'Ng,-rm*.w_.fﬂppr_p_'.ar_ﬁ!..ffm-mud'
h5_name = "generator_model _6a3_pdgesldalsies_@61728.n5"
generator, save{hS_dirshS_nama)

Mo mun the training leop:

Fit(train_gdataset, FROCHS, test_dataset)
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gt imoge Grsund Thigh Fredicied inage

Epach: 1@8

Xloag _pxt tensorboard
Xtensorboard == logdir {log_dir}

Q, Filer runs (regex) O Fiher tage {regex)
kum @ K pinaed

§ HEE023771 094930

dl‘:::uss n o r
- l
llz r” |
: "WH\W |

Hll'l' '..M I HMH

¥ Clear any Logs frem previous runs
rm -rF LS legss

& Zave the model back to Goople Drive:
generator, save] ' foontent/drive/Mybeive/open_plan_ 84/ generator_model 887 _epochs_188.h5")
WARNING: tensorflowiCompiled the loaded model, DUt the complled metrics have yet to be bullt, “mocel.compile metrics” will be empty o

L] *
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hiE_dir = 'Sfeontent/drive/MyDrivefopen_plan_84"
hi_name = "penerator_model 683 861628 hs'
generator, save (k5 _dir+hs_name)

WARNING: tensorflow:Conplled the loaded model, but the compiled metrl

4

~ Restore the latest checkpoint and test

11z {checkpodnt_dir}

checkpoint  ckpt=1,data=00000=cF=00801 ckpt=1, Index

¥ restoring the latest checkpoint in checkpelnt _dir
checkpolnt.restore(tF,. rale. latest _checkpoint{checkpoint dir)}

ctansord Low. python  checkpednt .. checkpolnt . CheckpodntloadStatus at @x?
v Generate using test dataset

¥ Run the tralped model on & fes examples from The Test dataser
#® far imp, tar in test_dataset.takel{1@)
* generate_images(generator, lnp, tar)

% This warksl @

P2Po_Modal _Training_100 epoch_OPEN PLAN_3 new ground truth - Colaboratony

cs hawve yet to be bullt, “model. compile_metrics”

Ad4R3T Tandd

gererator. save( ' foontent/drive/MyDrive/open_plan_3/generator_model B82_epachs 188, k5" )

WARNING: tensorflow:Conpiled the loaced model, but the compiled metri

4

# Recreate the exact same model, including its weignts and the optimizer

€5 have yet to be built., "model.conpile metrics

new_model = tf keras.rodels.load rodel("/content/drive/MyCrive/open_plan_84/generator_swodel 882 _epochs_188_a5')

# Show the model architecture
rew_model, summacy (]

WARNING: tensorflow:Ne training conflguration foumd in the save file,

50 the model was *not® corplled. Complle it manually,

Model: “rodel”
Layer (type) Output Shape PFaran 8  Connected to
imput_1 (Tnputl a_-fn:; -------- [{More, 235, 235, 3)] ; --------- []
sequentlal_2 (Sequential) (Hone, 128, 138, &4) 30T2 ["dnput_Y[a][a]"]
sequentlal 3 (Sequential)  (hone, 84, 64, 128) 131584 ['sequential_2[8][8]"]
sequential 2 (Sequential) (Wone, 32, 32, 258} 525312 ["sequential _3[8][8]"]
sequential 5 (Sequential)  (Wone, 16, 16, 512} 2eeazaR ['sequential_afal[e]']
sequential_§ (Sequential)  (Wone, &, 8, 512) A196352 [ 'sequential_S[81[8]']
sequential 7 (Sequential) (hone, 4, 4, 512) A196352 ["sequential _G[a][@]"]
sequentlsl B (Sequential) hane, 2, 2, 512) 2196352 [ sequentinl _F[a][@]"]
sequentlal 9 (Sequential)  (hone, 1, 1, 512) 2196352 [ 'sequential_A[a1[8]1"]
sequential 18 (Seguential) (Wone, I, 2, 512) 4196352  ['seguential_s[a][e]’]
cancatenate (Concatemats)  (Wong, 2, 2, 1824) a [*sequential_18[B][@]",
'seguential_plal[e]']
sequential 11 (Seguertial) (wone, 4, 4, 512) 8398656 [ 'concatenate[@][e]")
cancatenate 1 {Concaterate (Mone, 4, 4, 1824) a [ seguential li[B][8]",
] 'sequential _F[a][a]"]
sequertial 12 {Seguertial) (Mone, B, 8, 512) Basgese [ 'concatemate_1[B][@]°]
cancatenate 2 (Concatenate (Mone, 5; 8, 1824) a ['seguential_1z[B][a]",
] "seguential g[a1[@]"]
sequential_13 (Sequentfal) (Wone, 16, 16, 512} BISIELE ['concatenate_2[8][8]"]
concatenate 3 (Cancatenate (Wone, 16, 15, 1824) a ["sequential _L3[@][e]",

i

‘sequential _S[a][@]"]
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sequential 14 {Seguertial)

cancatenate d {Cancatonate

)
sequentlal 15 {Seguential)

cancatenate 5 {Cancatenate

3
sequentisl 16 {Seguential)

concatenate G {Concatenate

Pix2Po_Model _Training_100 epoch_OPEN PLAMN_3_new ground truth - Colaboratory

{mong,

(Nane,

{Mone,

(Nane,

{Wane,

{Kane,

for inap, tar in test_dataset.take{S):
pererate_images (new_podel, Lap, tar)

32, 3z, 256)

32, 32, 51%)

B4, 2, 124)

G4, B2, 254)

128, 128, &4)

128, 128, 128}

4195378

a

lodoesy

a

2hdape

['concatenate_3[&][8]"]

‘seguontial_l4[e][e]’,
‘seguential_afa][e]’]

['concatenate_A[@][8]"]

'sequential 1s[B][@]",

tsaguential _3[@1[8]"]
[ 'concatenate_S[8][8]"]

[ "sequential_ls[8][a]",
tsequential _2[#][8]"]
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APPENDIX 6. (Continued) Google Colab_ Pix2Pix_Python_Code

3.02,2024 16:24 Px2Px_Model _Training_100 epoch_OPEN PLAN_3_new ground truth - Colaboratory

et mage arind Tren Predicted irnage

L]
3 Theh Fredcted Inage

m
gt Image sreund They Predcted Inage
ngret Image sreund Trey Fredicted Image
pot Image Graund Then Fredicted Image

https:/icolab.research.google.comidrive/' XE3n_SmNeUdncgsslLgqvO2Dkz 1oCFPyY#printMode=true 16/18
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APPENDIX 6. (Continued) Google Colab_ Pix2Pix_Python_Code

3.02,2024 16:24 Px2Px_Model _Training_100 epoch_OPEN PLAN_3_new ground truth - Colaboratory

rost Image Greund Than Predicted Inage

..... e wdcted I
" edicted |
" edcted
o]
edcted Inage
—
t mage areund Thes Fredcted Inags
e edicted Inaoe

htips:/icolab.research.google.comidrive/ XE3n_SmNeUdncgsslLquO8Dkz 1qCFPyY#printMode=trus 18/18
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APPENDIX 6. (Continued) Google Colab_ Pix2Pix_Python_Code

3.02,2024 16:34 Pix2Pix - Load Saved Model_.h5 file.ipynb - Colaboratory

# Use the Geogle Colab tools to connect to Geogle Drive. If you're running this notebook locally, you should download your “.h3" model ar

import tensorflow as tf

from google.colab import drive
drive.mount('/content/drive’)

Mounted at /content/drive

# The path to the .h5 checkpoint that was saved after the training loop:
MODEL_PATH = */content/drive/MyDrive open plan 2/generator model 882_epochs_16@.hs "'

# Locatien of the image you want to test with. The images should be an REE .png or .jpg file, scaled to 256x256 pixels
INPUT_IMAGE_PATH = '/content/drive/MyDrive/open_plan_84/B2f8@1bada7des.png’

model = tf.keras.models. load_model (MODEL_PATH)

WARNING:tensorflow:No training configuration found in the save file, so the model was *not* compiled. Compile it manually.

model . summary ()

-
sequential_3 (Sequential) (None, 64, 64, 128) 131584 ["sequential_2[@][@]"]
sequential_4 (Sequential) (Ncne, 32, 32, 256) 525312 [*sequential_3[e][@]"]
sequential_5 (Segquential) (Nene, 16, 16, 512) 2859208 [ "seguential_afe][a]"]
sequential_6 (Sequential) (Mone, 8, &, 512} 4196352 ["sequential_s[e][@]"]
sequential_7 (Sequential)  (None, 4, 4, 512) 4196352 [ 'sequential_s[e][@]"]
sequential 8 (Sequential) (None, 2, 2, 512} 4196352 ["sequential_7[@][@]"]
sequential_9 (Sequential) (Nene, 1, 1, 512) 4196352 ["seguential_g[@][a&]"]
sequential_18 (Sequential) (MNene, 2, 2, 512} 4196352 ["sequential_s[e][a]"]
concatenate (Concatenate)  (None, 2, 2, 1824) ] ["sequential_le[e][e]',

"seguential_g[e][@]"]
sequential_11 (Sequential) (MNone, 4, 4, 512) 8356656 ["concatenate[@][8]"]
concatenate_1 (Concatenate (None, 4, 4, 1824) a ["sequential_11[@][ae]"',
b ‘sequential_7[e][@]"]
sequential_12 (Sequential) (MNone, 8, 8, 512) 8398656 ["concatenate_1[®][@] "]
concatenate_2 (Concatenate (None, 8, 8, 1824) 2] ["sequential_12[&][a]',
) “sequential_s[@][@]"]
sequential_13 (Sequential) (Nene, 16, 16, 512) 8398656 [ “concatenate_z[@][e] ]
concatenate_3 (Cencatenate (Nene, 16, 16, 1824) 2] | "sequential_13(8][8]",
)] "sequential_S[e][@]"]
sequential_14 (Sequential) (Mone, 32, 32, 256) 4195328 ["concatenate_3[@][e]']
concatenate_4 (Concatenate (None, 32, 32, 512) a [*sequential_14[e][a]',
b ‘sequential_s[e][@]"]
sequential_15 (Sequential) (None, 64, 64, 128) 1849288 [ "concatenate_4[@][8] ']
concatenate_5 (Concatenate (None, 64, &4, 256) 2] ["sequential_15[a&][a]"’,
b "sequential_3[e][@]"]
sequential_16 (Sequential) (Meone, 128, 128, 64) 262480 [*concatenate_5[@][6]']
concatenate_6 (Concatenate (None, 128, 128, 128) =] ["sequential_l&[@&][@]"',
b "sequential_z[e][®@]"]
conv2d_transpose_8 (Conv2ZD (None, 256, 256, 3) 6147 ["concatenate_&[a][@]']
Transpose)

Total params: 54425859 (287.62 MB)
Trainable params: 54414979 (287.58 MB)
Non-trainable params: 10888 (42.58 KB)

https:ifcolab.research,google.com/drive/1jwXNaJraTVkPtx_TVADrzwCR4b2BaxuS#scrollTo=B6Fr3saJrkb2&printMode=true 13




APPENDIX 6. (Continued) Google Colab_ Pix2Pix_Python_Code

194

3.02,2024 16:34

img = tf.lo.read_file(INPUT_IMAGE_PATH)
img = tf.io.decode_png{img, channels=3)

img = tf.image.convert_image_dtype(img, tf.float32)
img = tf.image.resize(img, (256, 256), antialias=True)

img.shape

TensorShape([256, 256, 3])

import matplotlib.pyplot as plt

# Assuming 'img' is already defined
plt.imshow{img}

plt.axis('off")

plt.show()

input_image = tf.expand_dims{img, axis=[@]})

input_image.shape

Tensorshape([l, 256, 256, 3])

# prediction = model.predict{input_image)
prediction = model(input_image, training=True)

prediction

<tf.Tensor: shape=(1, 256, 256, 3),
array([[[[.9997685 , ©.9999188 ,

®
[0.9999953 , ©.99998844, B.
8

[0.9999811 , ©.99982953,

Pix2Pix - Load Saved Model_.h5 file.ipynb - Colaboratory

dtype=float32, numpy=

.9999677 ],
9999923 ],
.99399356],

cees
(1. , 1. s 1. 1
[@.99999564, B.99999546, 1. s
[©.9978524 , ©.9985728 , ©.997842 1]]
[[8.9999973 , @.99999917, 9.99999917],
(1 , 1. , 1. 1,
1 , 9.99999576, 1. 1,
[1. , 1. , 1. 1.
[1. s 1. , 1. s
[#.9999921 , @.99998% , @.99998145]]
[[®.999998 , @.09900857, 8.99999%96 |,
(1. 2 1. . 1. 1.
[1- , 1. , 1. 1.
1. , 1. . 1. 1.
[1. sl s 1. .
[@.99999714, #.99999666, @.9999989 ]]
i
[[@.9999989 , 1. s 1. 1.
! s 1. s 1 1.
1 . L s 1 1,
, 1. . 1. 1
(1. s L s 1. 1
[0.9999151 , 9.99996644, 8.99987644]]
[[8.999999@5, 8.99999964, 1. 1,
(1. s 1e s L. 1,

2

https://colab.research.google . com/drive/1jwXNaJr3aTVkPbe_TVADrzwCR4b2Baxu5#scrollTo=B6Fra35saJrkb%&printMode=true
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(1. ,
[.9999725 ,

‘s

. 9993966
. 9999957
.9999955

5

=

. 99909964,
.99999%4 ,
. 99963844,

prediction.shape

@ =

N1

8.
a.
8.

-99999267,

.9998953 ,
. 593959564,
»999995964 ,

9999997 ,
9999995
99968934,

TensorShape([1, 256, 256, 3])

import matplotlib.pyplot as plt

plt.imshow({prediction[@,
plt.axis{"off')
plt.show(}

i)

a

]

=

= e

]

Pix2Pix - Load Saved Model_.h5 file.ipynb - Colaboratory

1.
1
. 1,
,99999535]],

.9999523 ],
1
N

1

»
.9999617 ]]]), dtype=float3z)>

WARNIMNG:matplotlib. image:Clipping input data to the wvalid range for imshow with RGE data ([@..1] for floats or [8..255] for integer
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Custom Training with YOLOv5

In this tutorial, we assemble a dataset and train a custom YOLOvS5 model to recognize the objects in our dataset. To do so we will take the
following steps:

* Gather a dataset of images and label our dataset

* Export our dataset to YOLOvS
Train YOLOvS to recognize the objects in our dataset

» Evaluate our YOLOVS model's performance

* Run test inference to view our model at work

Upload Annotate Train Deploy
S = y : t 4
@ ¢

AT A

v Step 1: Install Requirements

#clone YOLOWS and

lgit clone https://github.comfultralytics/yolovs # clone repo
%ed yolovs

Xpip install =-gr requirements.txt # install dependencies

%pip install -g roboflow

import terch
import os
from IPython.display import Image, clear_output # to display images

print(f"Setup complete. Using torch {torch.__wersion__} ({torch.cuda.get_device properties(8).name if torch.cuda.is_available() else 'CPU

Cloning into 'yolows'...

remote: Enumerating objects: 16878, done.

remote: Counting objects: 100% (22/22), done.

remote: Compressing objects: 188% (21/21), done.

remote: Total 16878 (delta &), reused 9 (delta 1}, pack-reused 16855
Receiving objects: 108% (16878/16878), 14.64 MiB | 21.95 MiB/s, done.
Resolving deltas: 186% (11@838/11838), done.

Jeontent /yolovs

196.6/198.6 kB 3.5 MB/s cta 6:88:84

3.6/3.6 MB 13.8 MB/s eta @:00:08

645.8/645.8 kB 18.1 MB/s eta ©:80:80

62.7/62.7 kB B.5 MB/s eta 8:00:88

ERROR: pip"s dependency resolver does not currently take inte account all the packages that are installed. This behaviour is the sou
imageio 2.31.6 requires pillow<l@.1.8,>=8.3.2, but you have pillow 18.1.8 which is incompatible.
63.3/63.3 kB 1.2 MB/s eta @:00:08

178.7/178.7 kB 6.9 MB/s eta @:908:8a

5E.8/58.8 kB 7.7 MB/s eta @:00:08

49.1/45.1 MB 13.3 MB/s eta 9:80:88

67.8/67.8 KB 8.4 MB/s eta 8:66:88

72.2/72.2 kB 9.2 MB/s eta @:08:88

54.5/54.5 kB 7.4 MB/s eta @:088:88

Setup complete. Using torch 2.1.8+culld (Tesla T4)

Wk

1 r

from roboflow import Roboflow
rf = Roboflow(model_format="yolov5", notebock="ultralytics”
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all

Epach GPU_mem
93/99 1.596
Class

all

Epoch GPU_mem
94/99 1.596
Class

all

Epach GPU_mam
85/93 1.596
Class

all

Epoch GPU_mem
96/99 1.596
Class

all

Epoch GPU_mem
97/93 1.596
Class

all

Epoch GPU_mem
98,/99 1.596
Class

all

Epach GPU_mem
93,99 1.5%6
Class

all

box_loss
a.82844
Images

9

box_loss
@.82845
Images

9

bax_less
a.82685
Images

]

box_loss
@.82785
Images

9

box_loss
©.82691
Images

9

box_loss
@.82883
Images

g

box_loss
@.82886
Images

9

YOLOv5-Custom-Training,ipynb adh not defterinin kopyasi - Colaboratory

48

obj_loss
B.86971
Instances
48

obj_loss
@.86645
Instances
48

obj_loss
B.BGETI
Instances
48

obj_loss
B.B5789
Instances
48

obj_loss
B.BE548
Instances
48

obj_loss
B.BETIE
Instances
48

obj_loss
B.B6724
Instances
48

188 epochs completed in @.843 hours.
Optimizer stripped from runs/train/expd/weights/last.pt,
Optimizer stripped from runs/train/expd/weights/best.pt,

Validating runs/train/expd/weights/best.pt...

Fusing layers...

8.502

cls_loss
B.82189

P
8,582

cls_loss
8.82265
P

a.587

cls lass
B.82384
3

@,514

cls_loss
8.82218

P
8.515

cls_loss
8.82148
P

a.517

cls_loss
8.82182
P

8.51%

cls_loss
8.820%3
P

8.516

8.553

Instances
B6

[

8,554

Instances
56

R

8.558

Instances
67

[

8,564

Instances
52

R
8.566

Instances
43

R

B.57

Instances
61

R

B.569

Instances
58

R

@.568

14, 4ME
14, 4ME

Model summary: 157 layers, 7037895 parameters, @ gradients, 15.8 GFLOPs

Class

all
bathroom
nall
kitchen
living room
room
terrace

WC

Images
]

BB W W W e

Results saved to runs/train/expd

Instances
48

3

11

[

W o

P
8.508%
8.212
a.508
a.484
a.27
8,524
1

8.563

R
532

a.
B.667
a.
a.

v Evaluate Custom YOLOv5 Detector Performance

8.399

Size
416
mAP 58
a.4

Size
416

mAPS5@

e.485

size
416

mARS5E

a.4

mAPSE
8.4

size
416
mMAPSE
B 483

mAPS8
B.481
8.235

B.62
8.392

8,22
B.647
B.257
B.437

Training losses and performance metrics are saved to Tensorboard and also to a logfile.

@.278

108% 5/5 [@@:80<00:88, 5.56it(s]
mMAPSE=25: 188% 1/1 [GG:BB(EE:&IH,
8.278

108% 5/5 [@9:90¢08:88, 5.11it/s]
MAPS@-35: 186% 1/1 [80:88<E8:80,
8.281

1ee% 5/5 [@a:9lc<él:@a, 4.52it/s]
mMAPSE-95: 188% 1/1 [88:88<ea:a8,
8.8

108% 5/5 [09:00¢00:88, 5.85it/s]
MARS@=55: 186% 1/1 [80:0@<E8:80,
8.274

108% 5/5 [89:00<00:80, 6.87it/s]
MAPS@-35: 186% 1/1 [#0:88<E8:88,
a8.371

106% 5/5 [00:00¢00:88, 6.91it/s]
MAPSE-05: 186% 1/1 [80:0B<RE:A8,
8.27

1eek 5/5 [@9:00<00:88, 6.78it/s]
mAPSE-55: 186k 1/1 [86:80<88:00,
@.267

3.960%/5]

4.32it/s]

3.81it/s]

6.24it/s]

8.53it/s]

7.14it/s)

B.45it/s]

mMAPS@-95: 188X 1/1 [ee:ee<ed:0e, 11.32it/s]

@.284
@.168

8.31
@.289
a.124
a.559
@.226
@.309

If you are new to these metrics, the one you want to focus on is maP_s. 5 - learn more about mean average precision here.

# Start tensorboard

# Launch after yeu have started training

# logs sawve im the folder "runs”

%load_ext tensorboard
#tensorboard --logdir runs

hitps:ficolakb research.google com/drive/1FgFkMKYysvT_0Oio1E2kpXBn5kGOaB9qF#scrollTo=R2wGvjd4Z_22&printMode=true

35
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3,02,2024 16:06 Y OLOv5-Custom-Training,ipynb adh not defterinin kopyasi - Colaboratory

The tensorboard extensien is already leaded. Te reload it, use:
%relead_ext tensorboard
keusing TemsorBeard on port e6eee (pid 2564), started @:87:42 age. (Use 'lkill 2584" to kill it.)

Q Filter runs (regex) Q Filter tags (regex) Al Scalars Image  Histogram ¢ Settings
e A - s -
I Run ® Fi_curve 2 cards Settings X
- o
[ wainfexp B GENERAL
" Herizental Axis
B2 trainfexpz . sten .
2 trainfexp3 O Enable step selection and data tabl
(Scalars only)
2 traindexps O . Range 5
D ink by step 99
PR_curve 2 cards A Card Width
PR_curve o |—='o,
SCALARS
train/expd Step 49
Smoathing
Pracitics facsl Earoe —_— 0,6
M Toalip sorting method
Alphabetical - ]
o |
H
H _— Igriore outliers in chart scaling
v
| G Pariition nen-meonatenic X axis &
5
T HISTOGRAMS
Mode
Offset -
PR_curve o |'=’Q - -

v Run Inference With Trained Weights
Run inference with a pretrained checkpoint on contents of test/images folder downloaded from Roboflow.

Ipython detect.py --weights runs/train/exp/weights/best.pt --img 416 --conf 8.1 --source {dataset.location}/test/images

detect: weights=["runs/train/exp/weights/best.pt’], source=/content/yolovs/layout=names=4/test/images, data=data/cocol2B.yaml, imgs:
YOLOVS &7 vw7.B-247-gife2fde Python-3.18.12 torch-2.1.84cull8 CUDA:@ (Tesla T4, 15182MiB)

Fusing layers...

Model suemary: 157 layers, 7837895 parameters, # gradients, 15.8 GFLOPs

image 1/9 fcontent/yolovs/layout=names=4/test/images/11_png.rf.alBB3850balcfibo2bsfa330607754d1. Jpg: 352x416
image 2/9 fcontent/yolovs/layout=names=4/test/images/13_png.rf.b71c58afe828cecladad?arfedessecl, jpg: 326x416 2 halls,
image 3/9 fcontent/yolovs/layout=names=4/test/images/15_png.rf.bc2bledb3izfizzazdbifadcSanadsal. jpg: 328x416 1 bathroom, 3 halls, 7

& halls,
2
1
image 4/9 [fcontent/yolovs/layout-names-4/test/images/16_png.rf.c9d574eci4bi@8de55cedd256avbdctc, jpg: 256x416 1 bathroom, & halls, 2
1
2
B
4

living room:

5
5 living rooms

image 5/9 /fcontent/yolovS/layout-names=-4/test/images/17_png.rf.%acfe9818cai8c313f3bbadefaisale. jpg: 320x416 1 bathroom, 3 halls, &
image 6/9 fcontent/yolovS/layout-names-4/test/images/1%_png.rf.241e1d325FR37730501ec7717d7fbd27. jpg: 2882416 2 kitchens, 9 living ro
image 7/9 fcontent/yolovS/layout-names-4/test/images/13_png.rf.6658a2657cbdefbeB5aB6c3d2d6dBE8b. jpg: 168x416 bathrooms, 14 halls,
image 8/9 fcontent/yolovs/layout-names=4/test/images/2@_png.rf.835Bd3b2ebdelel 38aadBfafserazsed. Jpg: 416x224 4 bathrooms, 13 halls,
image /9 fcontent/yolovs/layout-names=4/test/images/7_png.rf.c878874cf146fa7e684257765F4bbbo7 . jpg: 288x416 1 bathroom, 5 halls, 3 ]
Speed: 8.3ms pre-process, 34.4ms inference, B.6ms NMS per image at shape (1, 3, 416, 416)

Results saved to runs/detect/exp

4 »

from google.colab import drive
drive.mount('fcontent/drive")

Mounted at /content/drive

hitps:ficolab. research. google.com/drive/1 FgFRMKY ysvT_Oio1E2kpXBnSkGOaB9qgF#scrollTo=R2wGvjd4Z_92&printMode=true 415
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v Install YOLOv8
. YOLOVS is still under heavy development. Breaking changes are being introduced almost weekly. We strive to make our YOLOVE notebooks
work with the latest version of the library. Last tests took place on 27.01.2023 with version YOLOvS.0.20.

If you notice that our notebook behaves incorrectly - especially if you experience errors that prevent you from going through the tutorial - don't
hesitate! Let us know and open an jssue on the Roboflow Notebooks repository.

YOLOvE can be installed in two ways-from the source and via pip. This is because it is the first iteration of YOLO to have an official package.

# Pip install method (recormended)
Ipip install ultralytics==8.8.28

from IPython import display
display.clear_output()

import ultralytics
ultralytics.checks()

Ultralytics YOLOvE.8.20 < Python=3.18.12 torch=2.1.8+cull8 CUDA:® (Tesla T4, 15182MiB)
setup complete (2 CPUs, 12.7 GB RAM, 26.9/78.2 GB disk)

a

Git clonme method (for development)

%cd {HOME}
lgit clone github.com/ultralyticsf/ultralytics
#od {HOME}/ultralytics

Ipip install =e .

= W ow oW

£

from IPython import display
display.clear_output()

£

®

import ultralytics
ultralytics.checks()

3

from ultralytics import YOLO

from IPython.display import display, Image

> CLIBasics

L. 1 hilcre gizli

v Custom Training

%ed [HOME}
Iyolo task=detect mede=train model=yoclov8s.pt data={dataset.location}/data.yaml epochs=19@ imgsz=80@ plots=True

fcontent

Downloading ptfpe:/feithub, com/ultralyiice/ascete/reloaces/download /ve, 8,0/ volovls, ot to yolovBs.pt...
180% 21.5M/21.5M [@0:08<88:00, 267MB/s]

Ultralytics YOLOVB.8.2@ ‘.-‘ Python=3.18.12 torch=2.1,8+cull8 CUDA:® (Tesla T4, 15182MiB)

yolo/engine/trainer: task=detect, mode=train, model=yclov8s,yaml, data=/content/datasets/layout=names=-4/data.yaml, epochs=18@, p
Downloading bttps:/fultralytics.com/assets/Arial .ttf to /roct/.config/Ultralytics/Arial ttf. ..

18e% 755k/755k [@@:ee<ed:88, 119MB/s)

htips:/icolab.research.geogle.com/drive/1 T3pustHOZLOKEJGU_pzyQuS4QBC13umS#scrollTo=4uVjPugBsimx&printMode=true 2/8
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3,02,2024 16:09 train-yolov8-object-detection-on-custom-dataset(|layout estimation) - Colaboratory

2823=11-23 28:13:31.271168: E tensorflow/compiler/xla/stream_executor/cuda/cuda_dnn.cc:9342] Unable to register cubDWN factory: A
20323-11-23 28:13:31.271231: E tensorflow/compiler/xla/stream_gxecutor/cuda/cuda_fft.cc:689] Unable to register cuFFT factory: At
2023-11-23 20:13:31.271278: E tensorflow/compiler/xla/stream_executor/cuda/cuda_blas.cc:1518] Unable to register cuBLAS factory:
2823-11-23 28:13:33.167317: W tensorflow/compiler/tf2tensorrt/utils/py_utils.cc:38] TF=TRT Warning: Could not find TensorRT
Overriding model.yaml nc=88 with nc=18

from n params medule arguments
8 -1 1 928 ultralytics.nn.modules.Conv [3, 32, 3, 2]
1 -1 1 18568 ultralytics.nn.modules.Conv [32, &4, 3, 2]
F -1 1 29856 ultralytics.nn.modules.C2f [84, 64, 1, True]
3 -1 1 73984 ultralytics.nn.modules,Conv [84, 128, 3, 2]
4 -1 2 197632 wltralytics.nn.modules.C2f [128, 128, 2, True]
5 -1 1 295424 ultralytics.nn.modules.Conv [128, 256, 3, 2]
[ -1 2 788488 ultralytics.nn.modules.C2f [256, 256, 2, True]
7 =1 1 1188672 wultralytics.nn.modules.Conv [256, 512, 3, 2]
8 =1 1 1838888 ultralytics.nn.modules.C2f [512, 512, 1, True]
9 =1 1 656896 wultralytics.nn.modules.SPPF [512, 512, 5]
18 -1 1 8 torch.on.modules.upsampling.Upsample [Mone, 2, ‘nearest’]
11 [-1, 8] 1 8 ultralytics.nn.modules.Concat [1]
12 =1 1 591358 wltralytics.nn.modules.C2f [768, 256, 1]
13 =1 1 8 torch.nn.modules.upsampling.Upsample [Mone, 2, 'nearest’)
14 [=1, 4] 1 8 wultralytics.nn.modules.Concat [1]
15 =1 1 148224 ultralytics.nn.modules.C2f [384, 128, 1]
16 -1 1 147712 wultralytics.nn.modules.Conv [128, 128, 3, 2]
17 [=1, 12] 1 8 ultralytics.nn.modules.Concat [1]
18 -1 1 493956 ultralytics.nn.modules.C2f [384, 255, 1]
1% -1 1 598336 ultralytics.nn.modules.Conv [256, 256, 3, 2]
28 [=1, 2] 1 8 ultralytics.nn.modules.Concat [1]
21 -1 1 196%152 ultralytics.nn.modules.C2f [768, 512, 1]
22 [15, 18, 21] 1 2119918 ultralytics.nn.modules.Detect [18, [128, 256, 512]]

Model summary: 225 layers, 111389472 parameters, 11139454 gradients, 28.7 GFLOPs

Transferred 349/355 items from pretrained weights

optimizer: SGD(1r=8.81) with parameter groups 57 weight{decay=8.@), 64 weight{decay=8.@81), 63 bias

train: Scanning /content/datasets/layout-names-4/train/labels... &7 images, 3 backgrounds, & corrupt: 186% 67/67 [@8:80<88:08, 5
train: New cache created: /content/datasets/layout-names=-4/train/labels.cache

albumentations: Blur(p=8.81, blur_limit=(3, 7)), MedianBlur(p=e.@1, blur_limit=(3, 7)), ToGray(p=8.81), CLAHE{p=8.81, clip_limit
val: Scanning /content/datasets/layout=names=-4/valid/lavels... 9 images, 4 backgrounds, @ corrupt: 188% 9/5 [88:88<80:88, 3424.8
val: Mew cache created: fcontent/datasets/layout-names=4/valid/labels,cache

WARNING 4 Box and segment counts should be equal, but got len(segments) = 4, len(boxes) = 48. To resolve this only boxes will b
Image sizes 8@@ train, 8@e val

Using 2 dataloader workers

Logging results to runs/detect/train

Starting training for 188 epochs...

Epoch GPU_mem  box_loss  cls_loss  dfl_loss Instances Size
1/188 6.69G 1.319 4.581 1.392 62 200: 190% 5/5 [@0:17<82:88, 3.43s/it]
Jusr/local/lib/python3.1@/dist-packages/torch/optim/1lr_scheduler.py:136: UserWarning: Detected call of "lr_scheduler.step()” bef
wanninae warnl "Natartad 311 AL “1r crhadular cranf V" hafara antimizan cranl i "

Ils {HOME}/runs/detect/train/

args.yaml train_batch@. jpg train_batchdsl. jpg
events.out.tfevents.1768776415. def5c451d894 .3815.8  train_batchl. jpg train_batchd52. jpg
results.csv train_batchi.jpg weights
results.png train_batchd58.jpg

Yed FLNMEY
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APPENDIX 8. Google Colab_ Yolov8_Python_Code

3022024 18:09 train-yolovE-object-detaction-or—custom-dataset{layout estimation) - Colaboratory
feantant
rainvtos rainc_ican Taiaid e sl metriouinec s
t i 1 [ ey s ™
i l 12 e
o
18 L 13 o4
1 1a L B
s
e a ol L]
an .
T = H = 3 = : = 3 =
valtea_jan walirin_loan waliel_jean e U AP [ e
r L} 14 s o
L4
l . 14 ol 0l
12 13 a1
L+
- ' 11 .
11 a1 [t
s ! ¥ H "'I 18
. - - - . - LTR - LR -
Xcd {HOME}

Image(filename=Ff' {HOME }/runs/detect/trainftrain_batchase. jpg", width=gag)

feantent

~ Validate Custom Maodel

%o {HOWE}
Iyole task=detect mode=val mocel={HMME} runs/detect/traln/welghts hest pt data-{dataset. lecation}/data, yanl

foantent

2B23mlladd 20:53:50.5282006: E tensorflow/compiles/=la/strean_executor/cuda/cuda_gnr.cci9342] Urable to register culSN factory: Atter
2823mlle23 29:33:50.928158: E tensorflow/compilersxla/strean_executor/cudascuda_vft.cc:585] Unable to register cufFFT factory: Attemg
2823-11-25 2A:33:50.528197: E tensorflosfconpiler/slafstresr psecutor/cuda/cuda_blas.cco1518] Unable to register cuBLAS factory: ati
2023-11-23 28:33:51.200482: W tensorflow/compiler/tFfitensorrt/utils /py_utils,cci38] TF-TRT Warring: Could not find TensorfT
Ultralytics YoLOwS.@. 28 47 Fython=3.18.1% torche?. 1. @+culll CUDW:@ (Tesla T4, 1510@MiB)

Model surmary (fused): 168 layers, 11139454 paraneters, @ gradients, 28.5 GFLOPS

val: Scapning foontent/datasets/laycut=names=d/valid/labels. cache. .. 9 Inages, 4 backgrounds, B corFupt: 1BE% 949 [@@:8@<i, Fitis]
WARKING & Box and segment courts should be equal, but got len(segments) = 4, len(bexes) = 48, To resclve this only bosmes will be u

https:ficolab.ressarch.google comidrive! TapustHOZLOKEIGU_pzyluS4QBC 1 3umS#scrnol To=4uv| PulBelmx&printMode=true A8
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APPENDIX 9. Rule_Based Classification

12,02,2024 12:05 class_rules - Colaboratory

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

import ipywidgets as widgets

from IPython.display import display

# Google Drive baglantisini gerceklestirme
from google.colak import drive
drive.mount{’fcontent/drive’)

# Excel dosyasinin yolu
excel_file_path = '/content/drive/MyDrive/ANALIZ SONUCLARI.x1sx'

# Excel dosyasini oku
df = pd.read_excel(excel_file_path)

Mounted at /content/drive

print(df.columns)

Index([ 'PlanID’, *Room’, 'Bathroom ', "Hall', "Kitchen', “Living_room’,
‘Terrace®, ‘Wc', ‘Special _room', ‘Spaces_l_Common_Place’,
"Continous Circulation', °Partially Circulatien', “Path',
"PathBranches', "wisibility', 'Enclosureness', 'Interlocking Spaces'],
dtype="object')

class house_plan:
def rule_81_rcom _based(row):

if row[ 'Room"] == 8 or row[ 'Bathroom "] == 8 or row['Kitchen'] == @:
return "The plan is not a house plan"

elif row['Room"] »= 1 and row['Bathroom '] > @ and row['Kitchen"] »>= 1 and row['Living_room"] »= 1:
return "This plan could be 3 house plan/livable”

else:
return "NOME™

class circulation_path_relationship:
def rule_©2_circulation_based(row):

if row['Continous Circulation'] == 1 and row[ 'Partially Circulation'] == @ and row['Path’] == 1 :
return “Circulation movement is continuous®

elif row[ "Continous Circulation'] == & and row[ 'Partially Circulation'] » &:
return "Circulation movement is partially separated”

elif row['PathBranches'] <= 42:
return "This plan is suitable for accessibility.”

else:
return "The plan does not exist”

class functional_diversity:
def rule_B3_functional _based(row):
if row["'Room’] »= 1 and row['Bathroom '] »>= 1 and row["Kitchen'] »= 1 and ['Living_room'] »= 1
return "This plan is a house plan"
elif row[ 'Room'] >= 1 and row["Bathroom '] >= 1 and row[ 'Kitchen'] >= 1 and ['Living_room’] »= 1 and ['Terrace’] »=1 :
return "This plan could be a house plan/livable”
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 Lliving"
else:

return "MONE®

class SpaceRelationship:
@staticmethod
def rule_B4_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_1_Common_P1
return "The hall constitutes the main circulation connection.”
elif row['Hall"] >= 1 and row['Path’'] == 1:
return "This plan could be compact.”
else:
return "NOME"

hitps:/icolab. research.google com/drive/ TulTadnW1x34K_bDhmxVFGnJMnsdSbuQ_?authuser=1#scrol To=70moTvg7Mfl&printMode=true 1/6
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APPENDIX 9. (Continued) Rule_Based Classification

12,02,2024 12:05 class_rules - Colaboratory

return “Tnis plan 1s NOT sultable for accessibllity/The spaces are divided and have separate entrances.”

else:
return "MONE™

def rule_@86_spacelayout_based(row):

if row['Interlocking Spaces'] »= 1 and row['Enclosureness'] < 3:
return "This plan could be unique."”

elif row['Interlecking Spaces'] == @ and row['Enclosureness’'] ¢ 3:
return "This plan could be unigue."

else;
return "MONE™

class VisibleQuality:
g@staticmethod
def rule_87_spacelaycut_based(row):
if row[ 'Visibility'] »>= 8.5 and row['Enclosureness'] <= 2:
return "Space quality is high in visible conditions.”
elif row[*wisibility*] < ©.5 and row['Enclosureness'] > 2 and row[ "Enclosureness’]< 5:
return "Space quality is low"
elif row[ 'Wisibility®] < 8.5 and row['Enclosureness'] == 5:
return "Space quality is very low"
elee:
return "NONE"

# Kurallar: uygula

df["Result_81'] = df.apply(house_plan.rule @1 room_based, axis=1)

df["Result_82'] = df.apply(circulation_path_relationship.rule_82_circulation_based, axis=1)
df["Result_83'] = df.apply(functicnal diversity.rule_83 functional_ based, axis=1}

df [ "Result_84'] = df.zpply(SpaceRelationship.rule_84_spacerelation_based, axis=1)
df["Result_@5'] = df.apply(space_layout_relationship.rule_85_spacelayout_based, axiss1)
df["Result_86'] = df.apply(space_layout_relationship.rule_86_spacelayout_based, axis=1)
df[*Result_87'] = df.apply(visibleQuality.rule_87_spacelayout_based, axis=1)

# Siniflandirma sonug¢lariny ghster
print(df[["Result_81', ‘Result_82', 'Result_83*, 'Result_84', ‘Result_85°, ‘Result_86', 'Result_87']])

Result_@1 -
=} This plam could be a house plan/livable
1 The plan is met a house plan
2 The plan is not a house plan
3 This plan could be a house plan/livable
4 This plam ceuld be a house plan/livable
5 This plan could be a house plan/livable
6 The plan is not a house plan
7 The plan is not a house plan
8 This plam could be a house plan/livable
a This plam could be a house plan/livable
18 NONE
11 This plam could be a house plan/livable
12 The plan is met a house plan
13 This plan could be a house plan/livable
14 NOME
15 NOMNE
16 This plan could be a house plan/livable
17 The plan is mot a house plan
18 NONE
19 This plam could be a house plan/livable
28 This plam could be 3 house plan/livable
21 NONE
22 NOME
23 This plan could be a house plan/livable
24 The plan is not a house plan
25 This plan could be a house plan/livable
26 The plan is not a house plan
27 The plan is not a house plan
2B The plan is mot a house plan
29 The plan is not a house plan
kL The plan is not a house plan
31 This plam could be a house plan/livable
32 This plam could be a house plan/livable
33 This plam could be 3 house plan/livable
34 The plan is not a house plan
35 The plan is not a house plan
35 This planm could be a house plan/livable
37 NOME
3B The plan is not a house plan
39 The plan is not a house plan
48 This plan could be a house plan/livable
4l NONE
42 The plan is mot a house plan
43 The plan is mot a house plan
44 NOME

Result_@2
] Circulation movement it continuous

hitps:ficolab, research, google.com/drive/ TutTadnW1x34K_bDhmxVFGnIMnsdShuQ_Pauthuser=1#seroliTo=70moTvgTMi&printMode=true 36
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12,02,2024 12:05

1 Circulation
Circulation
Circulation
Circulation

Circulation movement

movement is continuous
movement is continuous
movement is continuous
rmovement is continuous
is partially separated
Circulation movement is continuous
Circulation movement is continuous
Circulation movement is continuous
Circulation movement is continuous

LN N EWN

# simiflandirma sonuclarini Excel dosyasina kaydet

class_rules - Colaboratory

df[['Result_01', 'Result_82', 'Result_@3', ‘'Result_@4', ‘Result_@85', ‘'Result_06', 'Result_87']].to_excel('/content/drive/MyDrive/Sinifl

import seaborn as sns
import matplotlib.pyplot as plt

# Siniflandirma sonug¢larini al

classification_results = df[['Result_01', 'Result_02', "Result_@3', 'Result_04', "Result_85', 'Result_06', 'Result_@7']]

fig, ax = plt.subplots(figsize=(12, 8))

for column, classifications in classification_results.items():
sns.lineplot(x=df.index, y=classifications, label=column)

ax.set_xticks(df.index) # Tim x degerlerini gister
ax.set_xticklabels(df['PlanID'], rotation=45, ha='right’)

plt.title('Siniflandirma Sonuglari’)
plt.xlabel('Plan ID")
plt.ylabel('Siniflandirma Degerleri’)
plt.legend()

plt.show()

This plan could be 3 bouse planfivabls
Tha plan i nat a house plan

NonE

Circulation mowvernent & coatinuous.

Creulation movement is partialy segarated

This plan i suitable for sccessbity

This plan i 3 house plan

This plen could be o dferent plasvbut mot far fang term Ining

The he mae

This plan could be compact

Sinflandirma Degerten

This plan could be open house plan

This plan could not ba suitable far accessbilityspaces ar big and complax relationships
This plan & NOT suitsble for accessibiity/The spaces are divided and have separate entrances.
Thes plan could be unigue.
space quality 1s low
Space quality i very low

Space qualty is Ngh in visbie conditions

# PlanID'leri x ekseni etiketleri olarak kullan

Sinflandima Sonuglan

— ks\l‘ll_ul ‘
—— Result 02 [ | " l
— Resut 03 | ‘

— resmo T\ | | I
— Result 03

—— Result 05

M AT
| ]| ‘

e
A

Mesult_ 07

B Y
Plon 1D
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APPENDIX 10. Pix2pix Generation, Object Detection and Analysis Results

Plan Analysis
[ bixopix Generation Otjest Deection 1 T BBOX-Space Layout Space Syatax Analysis Circulation/Path Analysis _ Visioility AnalysisTsovity 1
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