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Chapter 1 INTRODUCTION

1.1 BACKGROUND AND MOTIVATION

Since the 1970s, the energy crisis and global warming have been major issues faced by all
developed and developing countries. The building industry accounts for about 40% of total
energy consumption[1]. Global warming has consistently been the main concern of countries
in their development process. It is reported that nearly 30% of the total greenhouse gas (GHG)
productions and 40% of the general energy usage in developing nations is related to the
construction sector([2].

The energy consumption per square metre for buildings needs to be reduced by around
30% by 2030 (compared to 2015) for the global climate ambitions set forth in the Paris
Agreement to be achieved [3]. According to previous studies, improvement in building
performance has a key role to play in reducing energy consumption. It is important that
buildings are designed to provide high performance in various scenarios, including a wide
variability of thermal occupant behaviour [4]. Building performance can be expressed by
different performance indexes, such as energy consumption, occupant satisfaction and
indoor environmental quality (IEQ) [5,6]. Providing a comfortable and healthy indoor
environment is one of the core functions of building energy systems [7,8]. Improving building
performance can not only achieve high energy efficiency but can also improve the level of
occupant thermal satisfaction. The performance of a building can be fundamentally
influenced by the outdoor environment [9]. The effects of weather conditions on design
decisions have been reported in the study by Attia, Hamdy [10]. General building
performance, including energy consumption and thermal comfort, is impacted by
architectural and technical solutions. The thermo-physical properties of a building envelope,
such as thermal conductivity and heat capacity, are vital for indoor thermal comfort and
energy consumption performance [11]. Architectural building design parameters can be
specified by designers and may include restrictions on the indoor air quality, rate of
ventilation, material properties, building shapes, building orientation, etc.

On the other hand, owing to the relentless progress of technology in the field of building
design, we are witnessing the emergence of new phenomena wherein the environment can
be designed and optimized autonomously, primarily through the application of artificial
intelligence. The development of digital tools throughout the last century and the emergence
of highly technological advancements such as Artificial Intelligence (Al), Machine Learning
(ML), Internet of Things (loT), and digital twins have made significant changes and
improvements to the way we work and interact with each other.[12] These advancements
have enabled the consumption and analysis of large amounts of data in a shorter time than
any human ever would be able to do.

In recent years, Al has witnessed remarkable progress, with computing technologies and
intellectual skills progressing at a pace similar to the past 50 years[12]. This rapid evolution
suggests that Al technologies, such as machine learning, are on a trajectory that could surpass



human logic and information processing capabilities, possibly even leading to Al systems with
personalities indistinguishable from humans[12].

Digital platforms and tools have been instrumental in supporting design thinking through
simulation and modeling of design options since the 1960s[*2”]. They have also enhanced
cognitive strategies and skills, including creativity.[13]

Al's historical roots trace back to the mid-20th century, with foundational contributions
from pioneers such as Alan Turing and John McCarthy.[14,15] Today, Al presents itself in
various forms, contributing significantly to multiple sectors, including finance, healthcare,
transportation, energy, smart cities, security, education, and food systems[*8/][*9/][A104].

One of the most promising applications of Al in the urban environment is the development
of smart buildings[15]. Equipped with sensors, subsystems, and automation tools, smart
buildings can monitor and control energy usage efficiently, resulting in reduced energy
consumption and greenhouse gas emissions[16,17]

Al's impact on energy systems extends to predicting future energy demand trends using
historical data and considering key variables like building characteristics and environmental
conditions[18]. Machine learning, a subset of Al, is instrumental in identifying complex, non-
linear relationships between energy demand and various factors[19].

Moreover, Al continues to advance, as exemplified by GPT-4, a large multimodal model that
exhibits human-level performance on professional and academic benchmarks. OpenAl's
ongoing efforts in deep learning have resulted in the co-design of supercomputers and the
stable training of large Al models like GPT-4. These advancements have not only improved
model performance but also contributed to safety and reliability in Al scaling.[20]

In summary, Al's recent developments and trends are revolutionizing the way we approach
various fields, including building design and energy systems. These technologies offer the
potential to drive energy efficiency, enhance decision-making, and create more intelligent
and sustainable built environments.

In a world characterized by relentless change and progress, it is imperative that we
continually seek innovative ways to adapt and evolve. The urgency of addressing global
challenges, such as the ever-looming specter of global warming and the insidious impact of
greenhouse gases, compels us to explore unconventional solutions, particularly within the
realm of building construction. The buildings we inhabit are a central contributor to these
pressing issues.

Contemporary efforts to mitigate the environmental footprint of buildings predominantly
involve the use of software and technology to curb energy consumption and its associated
environmental consequences. This approach has become a universal norm, embraced by
companies worldwide. However, as we embark on this research endeavor, our focus shifts
from merely reducing energy consumption to optimizing it.



To remain in step with the relentless pace of technological evolution, we endeavor to
introduce a pioneering approach. Our aim is to empower building engineers and designers
with a novel method that enables them to make highly efficient design choices in the shortest
possible time frame. The crux of our exploration lies in the pivotal decisions regarding building
structures, particularly the composition of walls and the principles of building physics.

The potential impact of these choices cannot be overstated. The judicious selection of
these elements has the power to dramatically curtail energy consumption within buildings,
with far-reaching implications for our environment. At the heart of our vision is the creation
of thermal comfort within buildings through optimal choices, choices that are not dictated by
human intuition alone but are intelligently guided by artificial intelligence.

Indeed, while artificial intelligence and machine learning systems have made significant
inroads into the realm of software, their full potential remains largely untapped within the
construction domain. We stand at the threshold of a new era, where the dimensions of
harnessing artificial intelligence independently for construction have yet to be fully explored
and defined.

This research, "The Potential of Al Tools to Enhance Building Performance by focusing on
Thermal Comfort: A Comparative Study of Al Designing and Human Design in Building and
Architecture," is driven by the conviction that innovation and progress are the keys to
addressing the challenges of our time. It is our belief that by unlocking the potential of
artificial intelligence in the construction of sustainable, energy-efficient buildings, we can
pave the way for a more sustainable and comfortable future.

1.2 PROBLEM STATEMENT AND RESEARCH QUESTIONS

The central issue at hand is the exploration of the Potential of Al Tools to Enhance Building
Performance with a specific focus on Thermal Comfort. This entails conducting a Comparative
Study between Al-aided Design and Human Design in the realm of Building and Architecture.
The challenge we face lies in unlocking the full potential of these Al tools while overcoming
potential limitations that may restrict our access to diverse resources and various software
solutions. Our primary aim is to chart a new course for effectively integrating artificial
intelligence into the fields of architectural and building engineering.

To address this challenge comprehensively, we have formulated the following research
questions:

What Al tools are currently used in building and architecture design to improve thermal
comfort?

How do Al-designed buildings compare to human-designed buildings in terms of thermal
comfort and energy efficiency?



What are the key factors influencing the adoption of Al tools in building design for thermal
comfort?

1.3 SCOPE AND OBJECTIVE OF THE STUDY

This study operates within the domain of energy analysis and thermal comfort assessment,
with a focus on the integration of extensive software resources and cutting-edge artificial
intelligence. In particular, the research will leverage powerful software platforms such as
Climate Studio or TRNSYS for energy analysis and thermal comfort assessment, along with
advanced Al technologies, including Bing and GPT4. The study will prominently feature GPT4,
one of the world's most potent artificial intelligence models.

The study's primary subject will be a mini-residential building situated in Milan. The
subsequent sections of the research will provide an in-depth exploration of the design
scenario associated with this building.

Objectives:

Effectiveness Assessment: The primary objective is to evaluate the effectiveness of Al-
generated building designs in achieving optimal thermal comfort. The study will rigorously
assess how Al-driven design solutions impact thermal comfort within the selected mini-
residential building in Milan, leveraging powerful Al tools.

Challenges and Barriers Identification: Another key objective is to identify and
comprehensively elucidate the challenges and barriers that impede the widespread adoption
of Al tools within the architectural industry. This investigation will consider factors ranging
from technological constraints to industry-specific resistance, ultimately offering insights into
overcoming these obstacles.

Recommendation Formulation: The study will formulate actionable recommendations for
seamlessly integrating Al tools into the building design process, with a particular emphasis on
enhancing thermal comfort. These recommendations will be grounded in empirical research
findings and industry best practices, serving as a practical guide for architects and engineers
seeking to harness Al for superior building designs.



1.4 METHODOLOGY AND APPROACH

the research aims to evaluate the efficacy of Al-generated building designs in achieving
optimal thermal comfort. Additionally, the study seeks to pinpoint the challenges and
obstacles impeding the adoption of Al tools within the architectural industry. The ultimate
objective is to provide recommendations for seamlessly integrating Al tools into the building
design process, thereby augmenting thermal comfort. The methodology employed in this
study is a mixed-method approach, encompassing both quantitative and qualitative aspects.
The initial phase involves delving into research questions and conceptual frameworks through
an extensive review of library-based resources, including articles and dissertations.
Subsequently, the second phase incorporates the application of various Al tools, utilizing
interviews and simulations, along with energy-efficient software. Ultimately, data gathered
from these investigations will be analysed to yield valuable insights pertaining to thermal
comfort.
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Chapter 2 Overview of Al in Architecture and Building Design

To accomplish our research objectives, we'll begin by exploring the history of artificial
intelligence and the modern methods used in designing buildings and optimizing energy
usage. By grasping these fundamental concepts, we can then delve deeper into the specifics
of artificial intelligence in the upcoming chapters. This foundational knowledge is crucial as it
provides the groundwork for classifying and understanding the various aspects of artificial

intelligence.

Building on this understanding, we aim to introduce an innovative approach to using
artificial intelligence for energy optimization. This new method takes into account the
principles that currently guide design practices. By bridging the gap between historical
perspectives on Al and the contemporary methods in architectural design, we aspire to
contribute to more efficient and sustainable building practices. As we progress through our
research, we anticipate gaining valuable insights that could potentially revolutionize the

integration of artificial intelligence in the realm of energy-efficient architectural design.

2.1 History of Al and Its Role in Architecture

In this case, the idea of intelligence was first introduced by John McCarthy in 1956 at the
academic conference focused on this field. However the exploration, into the possibility of
machines having abilities predates this event. In his work "As We May Think" in 1945
Vannevar Bush proposed a system that aimed to enhance individuals knowledge and
understanding. Five years later Alan Turing delved into the concept of machines imitating
behavior and demonstrating intelligent capabilities, such, as playing Chess as described in his

paper from 1950.[1]

Over the past six decades, significant progress has been made in the development of search
algorithms, machine learning algorithms, and the integration of statistical analysis to enhance
our understanding of the world. However, many of the advancements in artificial intelligence
(Al) often go unnoticed by the general public. Instead of the envisioned scenario of talking
machines guiding spaceships to Jupiter, Al is more subtly employed in tasks such as analyzing

purchase histories and influencing marketing decisions [2].

10



In the subsequent discussion, the history of artificial intelligence and thinking machines

can be categorized into three distinct historical periods, comprising:

Turing Test, Expert Systems and Al Winters

Figure 1 History of Al generated by DALL-E

2.1.1 TURING TEST

In 1950, English mathematician Alan Turing laid the foundation for the field that would
later be termed Al with his paper "Computing Machinery and Intelligence." This was well
before the adoption of the term "Artificial Intelligence" coined by John McCarthy [3]. Turing's

paper posed the fundamental question, "Can machines think?"[1] and introduced the Turing
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test, a method for evaluating whether machines possess thinking abilities. The test, also
known as the "Imitation Game," proposed a practical approach, suggesting that a computer
indistinguishable from an intelligent human would effectively demonstrate machine thinking
capabilities.

In 1950, while serving as the Deputy Director of the computing laboratory at the University
of Manchester, Alan Turing introduced the Turing test in a paper published in the
philosophical journal Mind. Drawing inspiration from the 'Imitation Game,' this test delves
into the question of whether a computer exhibiting behavior indicative of sentience can be
legitimately deemed sentient. Turing sought to replace the vague query, 'Can machines
think?' with a more tangible assessment. The test entails an interrogator attempting to
distinguish between a human and a machine based solely on written communication,
necessitating the machine's proficiency in natural language processing, learning, memory
retention, and common sense understanding. Turing contended that successfully passing this
test would demonstrate a machine's capacity for thought. The paper links this concept to
Turing's earlier efforts in formalizing computability, synthesizing insights from his Turing
machine, Godel's incompleteness theorem, and the broader inquiry into whether the
appearance of sentience falls within the realm of computable problems.[4]

Turing's original paper extensively addresses potential counterarguments challenging the
legitimacy of the Turing test. He anticipates that computers could successfully pass the test
within approximately fifty years, emphasizing that the primary hurdle lies in storage capacity
rather than the complexity of Al software. Turing examines objections grounded in theology,
mathematical considerations derived from Godel's work, and doubts regarding a machine's
capacity to generate original works or experience emotions. "The Argument from
Consciousness" is discussed, emphasizing the challenge of determining whether a machine
genuinely experiences emotions. Turing also tackles "Lady Lovelace's Objection," asserting
that machines can only perform tasks as instructed and cannot generate novel concepts.
While acknowledging potential difficulties, Turing argues that passing the Turing test is just
one aspect of intelligence. Other crucial facets, such as emotional experiences and problem-
solving abilities, may vary between machines and humans. The test specifically assesses text
output during a conversation, leaving broader inquiries about intelligence and thought

unaddressed. Additionally, Turing observes that individuals we consider sentient, such as

12



young children, may not excel in the Turing test, highlighting that success in the test doesn't

necessarily equate to genuine intelligence.[5]

Figure 2 Alan Turing

Several alternatives have been suggested to address perceived limitations in the Turing
test. One such option is the Feigenbaum Test, which shifts the emphasis from casual
conversation to expertise in a specific domain. In this evaluation, a computer is tasked with
demonstrating expertise, solving problems similar to those tackled by expert systems. By
removing the informality of the Turing interrogator, the Feigenbaum Test introduces a more
rigorous problem-solving dimension. Another variation, proposed by Nicholas Negroponte,
co-founder of the MIT Media Lab, focuses on the value of a 'thinking' computer in its ability
to collaborate with humans toward shared objectives. In contrast to the Turing test,
Negroponte's evaluation gauges whether the machine can effectively assist a human,
demanding an enhanced understanding of ambiguous or incorrect human communication.
Both alternatives aim to refine and augment the assessment of machine intelligence,
expanding beyond the original framework of the Turing test.

Alan Turing's initial optimism that a computer would successfully pass the test by the year
2000 has not materialized. Despite extensive efforts from the research community,
advancements in processor technology, and the availability of affordable memory, no
computer has come close to achieving success in the Turing test. It is evident that the
exponential growth predicted by Moore's Law in computational power has not been the
primary catalyst for advancements in Al focused on the Turing test; rather, the primary

hindrance lies in software-related challenges. Software architectures, such as Expert Systems
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(discussed later), emerge as potential solutions as their designs are refined and applied to

various problems, potentially including the Turing test or its derivatives.[1]

Turing test

During the Turing test, the human questioner asks a series of questions to both respondents.
After the specified time, the questioner tries to decide which terminal is operated by the
human respondent and which terminal is operated by the computer.
Human behavior Intelligent behavior

M QUESTION TO RESPONDENTS  ® ANSWERS TO QUESTIONER

Turing

Test

! 1 This shows that not all possible
: intelligent behavior can be shown
' by humans
Computer Human Human
respondent questioner respondent

Figure 3 Turing Test Concept

2.1.2 EXPERT SYSTEMS

Expert systems are computer programs designed to replicate human expertise in specific
knowledge domains, typically comprising three fundamental components: a knowledge
database containing facts and rules representing human knowledge and experience, an
inference engine for processing consultations and determining inference mechanisms, and an
input/output interface for user interactions. According to K. S. Metaxiotis et al [6], expert
systems exhibit characteristics such as the use of symbolic logic over numerical calculations,
data-driven processing, a knowledge database containing explicit content in a particular
knowledge area, and the ability to present conclusions in a user-understandable manner.

As a subset of Al, expert systems emerged in the early 1950s with the development of the
general problem solver by the Rand-Carnegie team, addressing theorem proofs, geometric
problems, and chess playing [7]. Concurrently, John McCarthy invented LISP, a programming
language that later dominated Al and expert systems [8]. In the 1960s and 1970s, expert
systems found increased use in industrial applications, with notable examples like DENDRAL,
XCON, MYCIN, and ACE. PROLOG, an alternative to LISP, emerged in 1972 for logic

programming, particularly in natural language processing.
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Despite their revolutionary potential, the perception of Al, including expert systems, as a
threat to humans led to skepticism in the following years [9]. Key technological challenges for
expert systems include software standards, methodology, knowledge acquisition, handling
uncertainty, and validation [10]. Notably, there is a lack of general standards, adopted
protocols, and infrastructure for expert system software and development, often resulting in
unique systems with limited consideration for interoperability.

A collaborative effort led by the American Association of Artificial Intelligence (AAAI), the IEEE
Computer Society, DARPA, and the US government is actively engaged in recent initiatives
aimed at establishing standards for expert systems. The intention is to reduce the complexity,
costs, and risks associated with development once widely accepted standards are in place,

facilitating the emergence of a new generation of expert system tools.[7]

2.1.2.1 Knowledge Acquisition and Analysis

The process of knowledge acquisition is typically perceived as a means to uncover static
facts about the world and the relationships among various events that humans utilize in
solving real-life problems. However, the problem-solving skills exhibited by humans often
surpass what can be achieved through knowledge collection alone. For instance, humans
acquire complex skills, like walking, through practice and sometimes painful experiences—
knowledge that is not readily available in the form of facts and rules. Attempting to articulate
a set of rules based on this experiential knowledge may often fall short of accurately reflecting
the individual's skill. Additionally, knowledge systems lack the capacity to learn from their
experiences.[10]

The theory of Case-Based Reasoning (CBR), which centers on resolving new problems by
drawing upon solutions from similar past problems, offers a potential solution to the intricate
challenge of managing rules and facts. It achieves this by employing adaptive acquisition of
problem-solving techniques [8]. In contrast, the CYC project, spearheaded by Cycorp Inc.,
focuses on compiling and processing commonsense knowledge, a dimension not addressed
by CBR. There is potential for future expert systems to integrate the commonsense
knowledge gathered from the CYC project with application-specific modules obtained
through CBR. This integration could enhance the overall knowledge acquisition and analysis

process of these expert systems.[11]

15



2.1.2.2 Handling Uncertain Situation

Managing situations characterized by uncertainty poses a challenge for expert systems, as
their capability to produce accurate outputs can be compromised due to imprecise rules and
inputs. The inference engine, which relies on algorithms manipulating knowledge in the form
of decision trees, is not inherently designed to handle uncertainty.[11]

To address this limitation, certain expert systems employed in fields like linear and
nonlinear control, pattern recognition, financial systems, and data analysis incorporate fuzzy
logic. Fuzzy logic serves as a mechanism for dealing with imprecise rules and inputs. In these
systems, fuzzy logic typically involves the use of predefined labels to categorize real-time
inputs. Fuzzy inference is then utilized to compute numerical conclusions based on imprecise
rules, enabling the expert system to navigate and provide solutions in situations characterized

by uncertainty.

2.1.2.3 System Integration

The accessibility of knowledge databases poses a challenge, particularly as expert system
tools commonly rely on LISP, a language that lacks seamless integration capabilities with
applications written in traditional languages. Additionally, many systems face issues with
portability across different hardware platforms. These challenges in system integration can
lead to increased costs and risks associated with expert systems. To address these issues,
there is a need for new system architectures that can facilitate the seamless integration of
external systems and knowledge databases, enabling more efficient and cost-effective
operations.[11]

The aspiration for autonomous "thinking" systems devoid of human intervention has been
a longstanding goal in scientific endeavors. Despite five decades of research, the intuitive
intelligence inherent in human beings appears to still elude the capabilities of "reasoning"
machines. Opinions on the invention of a "thinking machine" vary, with some considering it a
perilous venture bound for failure, while others express optimism. Jeff Hawkins, in his award-

winning book "On Intelligence," predicted the emergence of a mind-machine within 10 years,
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citing the rapid technological advancements from room-size computers to pocket-sized
devices as a reason for an expedited transition in intelligent machines [12].

As previously mentioned, the acquisition of skills like walking in humans involves a process
of trial and practice, constituting what is termed "know-how." Humans gain such skills
through a combination of instructions and hands-on experience. Human learning unfolds
gradually, with no abrupt transition from rule-based knowledge to experience-based know-
how [13]. Beginners typically adhere to rules and instructions, while more adept individuals
consider situational elements, such as discerning an opponent's weakness in chess play.
Proficient users draw upon solutions from past experiences and can intuitively apply them to

the current situation without relying on explicit rules or engaging in rule-based deliberations.

Another facet of human intelligence is evident when human experts consciously engage in
problem-solving tasks, exhibiting a distinct mindset. Using chess as an example, grandmasters
don't perceive themselves merely as manipulating pieces on the board; instead, they view
themselves as deeply immersed in a realm of opportunities, threats, strengths, weaknesses,
fears, and hopes [13]. This heightened level of involvement enables human experts to
approach problems with a different perspective and generate innovative solutions.

The human brain possesses intriguing properties, with Raj Reddy speculating that it houses
around one hundred billion neural cells and potentially performs 200 trillion operations per
second, if not at an even faster rate [14]. In domains like vision, speech, and motor processes,
the human brain outpaces the computing capabilities of 1,000 supercomputers. However, for
simpler tasks like multiplication, it is comparatively less powerful than a four-bit
microprocessor [14]. These intricate processing events occurring in the brain demand minimal
conscious effort from humans and are exceptionally challenging for machines to replicate.
Conversely, machines can excel in certain processes that pose difficulty or impossibility for
human beings. Reddy suggests that if silicon-based intelligence is ever achieved, it might
exhibit distinct attributes.

Hubert Dreyfus and colleagues also questioned whether the human mind can be
materialized into an information processing machine. For instance, humans can mentally
simulate the consequences of removing a large box from under a small box, while a computer

requires explicit information about the boxes' size, weight, frictional coefficients, and how
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each responds to various movements. Human thought involves images rather than explicit,

step-by-step reasoning performed by logic machines [13].

2.1.3 Al WINTER

The history of the Turing Test and Expert systems reveals a pattern of overestimation of Al
progress since its early days, leading to a hype that surpassed actual accomplishments. This
enthusiasm eventually led to what is known as the "Al Winter" in the 1970s. The term,
borrowed from the concept of "Nuclear winter" during the Cold War, suggested a scenario
where mass use of nuclear weapons would generate enough smoke and dust to block out the
sun, resulting in plummeting global temperatures, a frozen Earth, and the extinction of
humanity [15].

During the Al Winter, both commercial and scientific activities in Al experienced a
significant decline. This period, lasting nearly two decades, had a profound impact on the
field, and Al is arguably still recovering from its repercussions. This section aims to outline the
triggers and progression of the Al Winter while seeking to understand the causes and
implications of the historical hype surrounding Al.[16]

In summary, the history of Al outlined in the preceding sections reflects a field grappling
with dual forces — one emphasizing short-term practical applications and the other delving
into broader questions that redefine the very essence of intelligence.

From a practical standpoint, Al has made significant strides over the past five decades,
becoming a well-defined field that has successfully addressed numerous challenges, including
adaptive spam blocking, image/voice recognition, and high-performance searching. However,
when measured against the original aspirations of Al pioneers like Turing and McCarthy, the

lofty goals remain elusive.

The hard problems in Al persist, and progress has been slow. Challenges such as a loss in
funding, waning researcher interest, and the realization that problems become more complex
as understanding deepens have contributed to a sense of stagnation. This, in turn, may have
played arole in the occurrence of the Al winter scenario —a period when practical applications
garnered more attention and resources than ambitious research pursuits. After five decades

of work, a computer that can pass the Turing test remains unrealized, the mass replacement
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of experts with software systems has not materialized, and computers still struggle to
outperform humans in certain strategic games like Go. The journey of Al is marked by
accomplishments but also by the persistent pursuit of grand challenges that continue to
shape its trajectory.

Certainly, this realization doesn't imply surrendering our efforts; rather, it underscores the
need for refining our approach. It has become evident over the years that amassing a vast
knowledge base or achieving rapid logical inferences alone isn't sufficient. The fundamental
challenge in Al lies in teaching a machine to genuinely think. However, to express 'thought' in
a manner comprehensible to current computers, we must first deepen our understanding of
thinking and intelligence.[17]

The pursuit of Al remains an ongoing journey, marked by continuous learning and adaptation,
as we strive to bridge the gap between machine capabilities and the complexities of human

thought.

In Conclusion Looking back at how artificial intelligence (Al) developed over time helps us
understand its role in optimizing building energy. Initially, Al was imagined to do big things
like guiding spaceships, but now it's more about everyday tasks like analyzing purchase
histories. Different phases like the Turing Test and Expert Systems show how Al approaches
have evolved. Expert Systems, aiming to copy human expertise, give us insights into how Al
can learn and handle uncertainties, which are important when using Al to make buildings
use energy more efficiently. The ongoing journey in Al is about constant learning, stressing
the need for a smarter approach to teach machines how to think. This historical look guides
us in using Al to make buildings more energy-efficient by understanding both the challenges

and possibilities.

Turing test invented First Al winter ~ Second AI winter
1980 2012
O ® O ® e O
1950 1973 1988 2019
Boom times Deep learning

revolution

Figure 4 Al History Timeline
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2.2 Current Designing Methods in Architecture

Drawing and physical model creation have traditionally been pivotal instruments in the field
of architecture, aiding architects in their design endeavors. With advancing technology,
computers have become integral tools and methods in the design process. Architects employ
these digital tools to explore, test, and generate ideas, serving as mechanisms for translating
conceptualizations into tangible reality. These approaches provide architects with
comprehensible means to evolve and articulate their thoughts.

Prior to delving deeper, the paper must first establish a clear definition of the term 'design.'
This term, ubiquitous in everyday language, carries distinct and varied meanings for different
groups of individuals. 'Design' functions both as a noun, denoting the final product, and as a
verb, representing the process itself. This paper specifically addresses design as a process,
with a particular emphasis on the methods employed within the design process.

A structural engineer might explain the procedure for determining the dimensions of a beam
in a building assignment. However, an architect developing a new structure could find the
engineer's terminology, particularly the use of the term 'design,' somewhat intricate. The
engineer's approach appears to be relatively precise, systematic, and even mechanical,
whereas architecture appears to be more characterized by creativity, unpredictability, and
spontaneity.

The simplest way to describe the design process is through a generalized design process
map, which consists of three main stages: analysis, synthesis, and evaluations.

Analysis involves exploring relationships, identifying patterns, and classifying objectives. It
is about organizing and structuring the problem. On the other hand, synthesis involves
attempting to move forward and generate solutions in response to the problem. Evaluation
is the critical assessment of proposed solutions against the objectives identified in the analysis
phase.

To illustrate how these functions are interconnected, consider a chess player deciding on
their next move. Initially, the player analyzes the current position of pieces, identifies threats,
and notes unguarded squares. Objectives are then clarified, weighing priorities between
attack or defense and immediate or eventual gains. The synthesis stage involves suggesting a

move, which may emerge as a complete idea or in parts such as moving a specific piece or
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occupying a particular square. Finally, this idea is evaluated against objectives before deciding

whether to execute the move or not [18].

The majority of the architectural process involves extensive and challenging practice.

Achieving a satisfactory solution requires progressing through various stages and engaging in

practical and technical experiments. The final outcome should always be visibly appealing and

reflect the architect's creativity. It is evident that architects express their ideas visually, and

three specific methods—drawings, models, and computer-aided architectural design

(CAAD)—assist architects in their design processes.
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2.2.1 DRAWINGS (SKETCHES)

Throughout history, drawings have served as crucial communication methods. Early
humans expressed themselves through paintings in caves like those in Lascaux, France, and
the walls of Egyptian structures featured intricate paintings. Simultaneously, architects have
employed visual imagery to aid the design process. This imagery takes the form of
construction documents, design drawings, analyses, details, various types of sketches, and
mental images. Architects use drawings to articulate and describe their ideas, ensuring clarity
and understanding in communicating their designs.

Architectural theorist Marco Frascari proposes that drawing serves as a guide for architects
to comprehend architecture as both constructed and construed. He emphasizes that real
architectural drawings are not mere illustrations but pure expressions of architectural
thinking, conveying inherent theoretical aspects [19]. In the realm of architecture, drawings
can be broadly categorized into two types: technical drawings and sketches.

The term 'drawing' is a broad and general term, whereas 'sketching' hones in on a specific
technique. According to the Oxford English Dictionary, a sketch is defined as a brief
description or outline that provides essential facts or points without delving into details.
Sketches document the fundamental features of something and are typically seen as
preliminary or preparatory steps for further development.

Certain architects exclusively rely on sketches for communication with fellow architects or
clients. Sketching is a prevalent method among architects during the conceptual stage of the
design process, serving as a means to translate architectural thoughts onto paper. Many
architects utilize charcoal and soft pencils to accentuate lines, creating expressive yet
ambiguous drawings that allow for allusions and analogies. The choice of materials varies,
with some architects opting for inexpensive tracing paper for quick sketches, while others
take their time with preliminary studies on more expensive papers [19]. In architecture,
sketching is not just a physical process but also a psychological one, facilitating the

transformation of ideas and thoughts into tangible representations.

Goldschmidt sees the activities involved is sketching as being:
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Active sketching (hand) >
passive perception(eye) >

active cognition (brain)

A line or mark created through the physical movement of the hands demonstrates its
capacity to trigger reflective action by capturing the human eye and guiding its attention. This
cognitive process generates associated thoughts, prompting the emergence of new forms
[20]. While sketching is predominantly a physical action involving the hand (active sketching),
numerous psychological processes are integral to the overall experience. Sketches serve as
tangible representations of imagination, emphasizing the significance of sketching in the
creative process. Creative inspiration may be attributed to the expanded associative capacity
of certain individuals, or it may be seen as a result of magic or divine intervention. Regardless,
imagination fosters speculation, allowing the images in the mind and on paper to explore
limitless possibilities [21].

Architects predominantly employ sketches during the conceptual design process to
generate and convey their initial ideas. These sketches can serve as a medium for expressing
emotional or poetic concepts. Freud, in the context of daydreaming, referred to sketching as
'Day Dreaming,' describing it as the creation of a world of fantasy. In this sense, sketches act
as the poetry of drawings, allowing for the discovery of concepts at the project's outset.
Architects continue to use sketches in later design stages, recording important ideas and
testing conceptual forms.

Many architects draw to see and understand, as eloquently articulated by the Italian
architect Carlo Scarpa: "l want to see things, that's all | really trust. | want to see, and that's
why | draw. | can see an image only if | draw it" [22]. Sketching holds particular importance
for many architects, who often find it challenging to think without a pencil in hand. However,
architects need to be cautious not to fall into the trap of becoming overly enamored with
their own drawings, designing the drawing itself rather than the object it represents.

The analogy of Diboutades racing the shadow outline of her departing lover's profile on a
wall serves as a cautionary example. For Diboutades, the outline acted as a memory device,
reminding her of the absent person. Similarly, architectural drawings and sketches rely on a

degree of likeness, a visual imagery conveying conceptual comparisons. This resemblance
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implies an indication for associative memory, suggesting that architectural sketches do not
necessarily require absolute fidelity [22].

Sketches serve as a medium for the creative process, particularly in the realm of conceptual
architecture, offering easily transformable images that play a crucial role in architectural
thinking. They represent the visual reflection of architects' thoughts. Exploring the
representational qualities of sketches reveals both tangible and intangible aspects that
underscore their significance in the design process. Filarete, a Renaissance architect,
emphasized their importance, stating, "Execution teaches many things, and everything
cannot be fully narrated here... everything that is done by the hand partakes of drawing... it
is an unknown and little-appreciated science. You would do very well to learn it, for it would

acquaint you with a thousand delights" [19].

2.2.2 PHYSICAL MODELLING

It is evident that physical models play a crucial role in the architectural design process, with
model making being nearly indispensable in the creation of buildings. Both students and
experienced architects can showcase their individual style not only through drawings but also
in the form of physical models. The use of physical models serves two primary purposes in
various stages of the design process. Firstly, it aids designers in exploring and developing
design ideas at a conceptual level and presenting the final design. Secondly, physical models
provide a means to experiment with design ideas, offering a platform for testing and
advancing concepts related to structures, acoustics, lighting, and energy conservation [23].

Knoll and Hechinger have categorized architectural models into three main types:

1.Topographic Models: These include site models and landscape models, focusing on the
topography and surroundings.

2.Buildings Models: This category encompasses various types, such as urban models,
structural models, single building models, interior models, and construction models.
It pertains to models representing different aspects of buildings.

3.Special Models: This category includes design models and object models, emphasizing
uniqueness and distinctiveness. Additionally, they propose a classification of models

based on the stages of the design process:
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4.Pre-design (Conceptual) Models: These models are created in the initial stages of the
design process, helping to conceptualize ideas.

5.Design Models (Development): Models created during the development stage of the
design process, providing a more detailed representation of the evolving design.

6.Completion Models (Presentation): These models are generated for presentation
purposes, showcasing the final design in a comprehensive and visually appealing

manner [Reference: Knoll, Hechinger.

Pre-design models serve as abstract representations, aiding in the transformation of initial
ideas and sketches into three-dimensional forms. The choice of materials in conceptual
models is crucial, as architects use them to express their design concepts effectively. Design
models, created during the development stage, are experimental in nature, allowing
architects to test visual, spatial, acoustical, and environmental qualities of the building.

Completion models, serving as presentation models, represent the final product with high
detail. Architects aspire to finish their work with intelligence and imagination, considering not
only the specific functionality of rooms but also the overall spatial quality and integration with
the surroundings. Architecture extends beyond plans and sections, emphasizing the
importance of three-dimensional form and shape. Architectural models play a significant role
in conveying design ideas more effectively than pictures or words. A model can be considered
invaluable, offering insights into shadows, massing, intersections, and other design
complexities. Models facilitate the visualization of intricate shapes and new design forms,
enabling architects to study spatial problems more thoroughly and efficiently in three
dimensions compared to traditional drawings.

A drawing, while immediately accessible and capable of quick modifications with new ideas,
focuses on graphic elements like area and line, presenting the spatial concept of a building in
an abstract manner due to its flat nature. This makes visualizing the true nature of the building
challenging. In contrast, a model, especially a conceptual or work model, provides an instant
transformation of spatial ideas into a tangible object, embodying the tectonic elements of
body, plane, and rod" [20].

Architectural scale models serve to address challenges in perceiving a future building,

offering a less ambiguous representation compared to drawings. According to Stanford
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Hohauser, architectural models are an easily understood presentational technique [19]. They
play a crucial role in helping architects gain a clearer understanding of their developing
concepts. While architects are typically adept at spatial thinking, clients often are not. Models
prove helpful in enabling clients to more clearly envision a potential design. They serve as a
direct means of communication, conveying ideas to clients and the public without the need

for explanations involving complicated and confusing drawings.

2.2.3 COMPUTER AIDED ARCHITECTURAL DESIGN (CAAD)

One of the challenges confronting architects today is the increasing complexity of design
tasks. What architects used to resolve intuitively with minimal effort now often requires
specialized expertise from professionals in fields other than architecture. Architects face
pressure to complete their design work quickly, but the complexity and scale of many building
projects now extend over years rather than months. In response to this complexity,
computers have become integral to the design process, offering a different world of
knowledge compared to traditional tools like paper, pencil drawings, and physical models.
This digital realm deals with logic, mathematics, precision, and artificial intelligence, creating

a dialogue between artificial and biological thought processes [23].

While some architects remain skeptical about using computers in the design process, the
reality is that they are a vital component of contemporary architectural practice. Digital
representations are employed at all stages of architectural production, from early conceptual
ideas to construction management. These digital tools assist with structural analysis, tracking
building system performance, and creating presentation renderings. The expansion of the

digital world has led to computers infiltrating every aspect of the design process.

Even in the conceptual stage of design, traditionally associated with hand sketches, digital
tools like Sketch-Up attempt to imitate conceptual thinking. While hand sketches are seen as
representative of an architect's personality and abilities, new digital programs can replicate
the creative impulses of sketches. Digital programs offer the advantage of quickly

manipulating shapes, stretching them, and allowing architects to view them from multiple
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perspectives, inspiring creativity in the design process. The ability to explore shapes from
different angles and perspectives can provide valuable inspiration and contribute to the

overall creative process.
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2.2.4 CONCLUSION

In conclusion, this paper emphasizes the significance of drawings (sketches), physical
models, and computer-aided architectural design as crucial methods in the design process.
These methods assist architects in transferring, developing, testing, and expressing their
ideas. The choice of the working method may depend on the complexity of the design
problem, with computers offering an advantage in dealing with intricate design challenges.
Computer modeling, particularly in 3D, provides benefits in visualizing complex forms and
assessing spatial, lighting, and acoustic qualities mathematically.

However, the paper acknowledges the unique advantages of hand sketches, highlighting
the direct connection between the pencil and paper, offering an intimate and expressive form

of creation. The tactile nature of physical models also serves as an effective communication
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method between architects, their thoughts, and clients. The materiality and sense of touch
make physical models invaluable in experimentation and conveying spatial qualities.

The success of each method depends on various factors such as time, place, and intention.
Kendra Schank Smith's observation that many contemporary architects use both hand and
digital sketches suggests the effective integration of computers in the design process,

particularly in the conceptual stage.

Zaha Hadid's perspective on using multiple methods, including physical models and
sketches alongside computer screens, highlights the diversity of approaches. It emphasizes
that each method offers a different way of thinking and visualizing, with neither weakening
nor strengthening the other, but providing a unique repertoire for the architect. Ultimately,
the choice of method depends on the preferences, needs, and intentions of the architect, as

well as the specific characteristics of the design problem at hand.

2.3 Current Designing Methods in Building Energy Optimization

In this section, our focus shifts to the process of building energy optimization, aiming to
enhance energy efficiency. We will delve into the significance of introducing this optimization
process as the fundamental principles for analyzing building energy. However, it is crucial to
note that in the upcoming chapters, we will bring about modifications to this process. These
alterations will be guided by the integration of artificial intelligence predictions, treating them
as an independent entity with the capacity to influence and enhance the energy optimization
process.

Worldwide, the implementation of Net Zero Energy Buildings (NZEB) is underway [24-26].
The collaborative design process for these structures necessitates appropriate methodologies
and tools. Traditionally, the design of a new building involved assembling a team of experts
from diverse disciplines, including architecture, civil engineering, mechanical engineering,
and electrical engineering. These experts collaborated to sequentially develop each
component and system of the building. However, this multidisciplinary approach lacked a

comprehensive understanding of how each discipline influenced the overall design. In recent
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times, there has been an enhancement in building design approaches, with a shift towards an
integrative design process that encourages specialists to engage in the entire design process
right from the initial meetings. This approach involves assessing opportunities and challenges
collaboratively, aligning with the recommendations of the United States Green Building

Council (USGBC) [27].

Figure 6 NZEB generated by DALL-E

Furthermore, design tools play a crucial role in guiding design teams towards practical and
guantifiable outcomes for design decisions [28]. Notably, energy modeling and optimization
software have gained widespread use [29-31]. In the design process of Net Zero Energy
Buildings (NZEB), energy modeling and optimization techniques are commonly employed to
achieve a net zero energy balance within the given design constraints. Design teams typically
adhere to a quantitative definition of NZEB [32] and invest significant time in meeting this
guantitative goal. The primary challenge lies in determining the optimal combination of
features and strategies to attain the desired result. Various studies have explored
optimization approaches in this context. For instance, Harkouss [33] introduced a simulation-
based multi-criteria optimization of NZEBs, involving building simulation, optimization
processes, multi-criteria decision-making (MCDM), and testing the robustness of the solution.

Conversely, Kapsalaki [30] developed a methodology for optimizing NZEBs from an economic
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perspective, considering the impact of local climate, energy resources, and economic
conditions. The study revealed that the difference between an economically efficient and
inefficient NZEB can be over three times in terms of initial and life cycle costs, emphasizing
the crucial role of optimization. Genetic algorithms have proven effective in evaluating the
energy and thermal performance of building envelopes and other systems [34].

Attia [35] discovered that simple genetic and evolutionary algorithms are highly adaptable,
with an examination of the challenges in integrating these tools into design practices.
However, their widespread adoption is hindered by the difficulty of use and a steep learning
curve. Another factor to take into account is the changing climate, compelling designers to
address variations brought about by climate change, as emphasized by Robert [36]. With the
advent of data-driven technologies such as the Internet of Things (loT), Machine Learning
(ML), and Smart Grid applications, there is an increasing need for enhanced integration and
optimization, as discussed by Bellatreche [37]. Bellatreche presents a data-driven
methodology for designing net zero energy public buildings. Effective design processes for
high-performing buildings hinge on team integration. Although it is generally assumed that
design team integration is crucial for successful building designs, such integration is often
viewed as abstract and challenging to quantify. A theoretical concept that aids in visualizing
integration is interdisciplinarity, defined as the integration of different disciplines working on
a common problem [38]. This approach introduces integrative qualities not inherent in each

isolated discipline [39-41].

The primary distinction between interdisciplinarity and multidisciplinarity lies in the level of
integration. Interdisciplinarity involves a higher degree of integration, fostering in-depth
conversations between disciplines to address common problems from diverse perspectives
and knowledge bases. In the context of building design, limited empirical studies have
explored the design process of Net Zero Energy Buildings (NZEB) from the participants'
viewpoint [42].

Attia [43] delved into the integrated design process of high-performing buildings and
proposed a map outlining each stage of the process, encompassing team competencies and
required expert assistance. This map was shared with design practitioners, and feedback was

gathered through process modeling software. The findings indicated that actual design
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practices often deviate from recommended methodologies, noting a non-sequential process,
selective use of analysis tools, and reliance on external expertise only when necessary.

In the realm of design teams, it is customary to employ design charrettes, which are
intensive participatory workshops aimed at brainstorming various schemes for a project or
specific aspects within a project [44].

Sutton [45] conducted an investigation into interdisciplinary design charrettes, focusing on
three instances involving students and faculty from diverse disciplines such as architecture,
urban design, community planning, history, and social work. The community members
benefited from the designs generated during these charrettes. The study identified evidence
of team members acquiring new knowledge resulting from the amalgamation of technical and
practical knowledge through effective communication among team members. However, it
also highlighted the need to adapt disciplinary communication tools to incorporate members
from other disciplines in the discussions.

Moreover, certain case studies demonstrate a growing interest in enhancing engineering
design education for undergraduate students by introducing interdisciplinary design and
emphasizing sustainability [46-50].

However, the effectiveness of interactions among team members in the design process of
Net Zero Energy Buildings (NZEB) remains unclear. Specifically, the mechanisms of knowledge
transfer during this process are not well understood. Understanding these interactions could
contribute to the enhancement of design methodologies, design practices, and education in
engineering and architecture. For example, a structural engineer possessing knowledge in
mechanical and electrical engineering may be better equipped to propose a structural system
that synergizes effectively with the building's mechanical and electrical systems compared to
an engineer with limited or no knowledge in those disciplines. We posit that a crucial
prerequisite for a team member from one discipline to bridge gaps with other disciplines is
the acquisition of knowledge from those other disciplines.

This part seeks to illuminate the interdisciplinary interactions occurring throughout the
design process of NZEBs. Specifically, it aims to present an NZEB design methodology
synthesized and adapted from the literature (Section 2.2), utilized as a guideline in the
provided case study. Additionally, interdisciplinary knowledge acquisition at the end of the

design process was measured through a survey, identifying the need for additional training in
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specific areas for each discipline (Section 3.2). The article discusses interdisciplinary
interactions during the design process and presents lessons learned (Section 4.7).

For the current case study, we formulated an NZEB design methodology by drawing upon
approaches documented in the literature [35, 51-53]. This proposed methodology represents
a synthesis of design approaches explicitly tailored to achieve Net Zero Energy Buildings
(NZEB), with a focus on the measurement and verification of performance. We believe this
methodology can serve as a valuable guideline for designing high-performance NZEBs in
various contexts beyond the specific case study presented here.

The case study involved the design of an NZEB at Universidad Centroamericana "José
Simedn Caiias" (UCA) in Antiguo Cuscatlan, El Salvador. The designated building was a 100 m2
laboratory, intended for mixed-use purposes, including a research laboratory, classroom,
technology showroom, and office space. The design process was undertaken by a
multidisciplinary group comprising professors and students from UCA. In this paper, the term
"faculty" refers to the professors. The disciplines involved in the design process included
Architecture (ARC), Civil Engineering (CE), Mechanical Engineering (ME), and Electrical
Engineering (EE). The design timeline spanned from October 5th, 2017, to April 10th, 2018.

In the early stages of the process, the entire design team received an overview of the
developed design methodology by the researchers. However, team members were not
provided with training regarding disciplines outside their own, nor were they trained on the
specific design tools and software relevant to other disciplines. The methodology served as a
guiding framework for the design process, and comprehensive documentation of all design
meetings was undertaken for subsequent analysis. This documentation encompassed
meeting minutes, status reports, photographs, and audio interviews conducted with selected
team members.

From a holistic perspective, a building is perceived as a collection of systems that interact
cohesively throughout its useful life. Each system within a building serves a distinct function,
and its performance can significantly impact other interconnected systems. This interplay
extends to various systems such as electrical, HVAC, hydraulic, envelope or facade, structure,
and circulations, among others. Consequently, the design process for a building necessitates
the involvement of a team of professionals whose collective expertise must be harnessed to

address the challenges inherent in the design project.
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In traditional architectural practice, an architect typically initiates the project with the
creation of a "preliminary project," serving as the foundation for subsequent engineering
developments. However, in the context of designing high-performance buildings, it is
imperative to have the project's inception orchestrated by a team of experts, each specializing
in different building systems, fostering interdisciplinary collaboration.

The design process for the NZEB El Salvador laboratory followed a unique approach,
commencing with charrette-type team meetings, as per the guidelines of the American
Society of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE). These sessions
involved collaborative efforts from both participating students and faculty across diverse
disciplines [30]. For the NZEB building at UCA, this process spanned seven months, with the
initial three months dedicated to site analysis, preliminary research, and the assessment of
construction technologies. The subsequent four months were focused on implementing the
integrative design methodology. Regular meetings were conducted by the design team to
discuss progress and make critical design decisions, incorporating collaborative tools such as
Building Integration Modeling software throughout the process [54]. Weekly planning
reviews and design product evaluations ensured timely completion of design documents
(executive project) and the necessary information for obtaining construction permits. The
design process unfolded in three distinct phases, as illustrated schematically in Figure 1.
¢ Phase I: Generation of Initial model;

* Phase Il: Iterative optimization process;

® Phase lll: Generation of technical and legal documents.
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2.3.1 Phase I: Generation of Initial Model

2.3.1.1.Establishment of Owner Project Requirements (OPR): This phase outlines the
specific requirements for the building's use [53].

2.3.1.2. Environmental and Site Study: Conduct geotechnical and topographic studies to
comprehend the site and its surroundings.

2.3.1.3.Architectural Program (AP): Systematize spaces and their characteristics in this
phase.

2.3.1.4.Base Model Development: Create the initial volumetric sketch for solar incidence
analysis and verify the building's site location.

2.3.1.5.Establishment of Basis of Design (BOD): Define technical assumptions, perform
calculations, review codes, select equipment, and design systems to meet OPR. Validate the
base model against energy efficiency and comfort standards like ASHRAE 90.1 [55].

2.3.1.6.Validation of Architectural Base Model: Confirm the architectural base model's

validity in alignment with the established Basis of Design.

2.3.2 Phase ll: Iterative Optimization Process

2.3.2.1.Energy Simulation: Utilize energy simulation to estimate annual energy
consumption for the architectural base model with OPR and BOD specifications.

2.3.2.2.0ptimization Sub-Process 1: If needed, iterate through steps 7 to 9 to validate and
optimize the architectural base model. If necessary, return to step 6 of Phase I.

2.3.2.3.0ptimization Sub-Process 2: Further iterations if required, leading to the validation
of the optimized model.

2.3.2.4.Validation: Validate the final architectural base model with the optimized Basis of
Design.

2.3.2.5.Finalization of Design Documents: Conclude the design process by generating
comprehensive design documents.

2.3.2.6.Submission for Permits: Submit the finalized design for obtaining necessary

construction permits.
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2.3.2.7.Energy Simulation: Utilize thermal characteristics of building envelope systems, the
number of users, assumed electric loads, and schedules as inputs to estimate thermal load
and energy consumption [35, 56].

2.3.2.8.Lighting Simulation: Input luminaire type and natural lighting specifications
(fenestration percentage), outputting lighting load and consumption [35, 56].

2.3.2.9.Airflow Simulation: Input fenestration percentage, outputting load and
consumption related to ventilation.

2.3.2.10.Generation of Optimized Energy Loads Model: Iterative process ensuring
compliance with required energy performance or improvement over ASHRAE 90.1 standard
[35, 56].

2.3.2.11.Potential Renewable Energy Use Simulation: Dependent on building location,
surroundings, geometry, and the defined net zero energy goals [35, 56].

2.3.2.12.Structural Simulation: Verify proposed structural system compliance with safety

parameters, ensuring stresses and deformations adhere to acceptable values.

2.3.3 Phase lll: Generating Technical and Legal Documents

2.3.3.1.Calculation of Electric Loads: Based on equipment demand.

2.3.3.2.Calculation of Hydraulic Installations: Considering delivered pressure, sewage, and
rainwater collection systems.

2.3.3.3.Structural Calculation: Derived from the structural simulation process and
validated architectural model.

2.3.3.4.Building Plan Printing: Essential for the application of legal construction permits.

2.3.3.5.Technical Specifications: Complement construction plans, detailing applied
building technologies and providing evidence for certification requirements [42].

2.3.3.6.Construction Program: Comprising a planning document for construction works,
outlining the duration of activities, considering financial resources and human talent
management.

2.3.3.7.Budget: Computed from the detailed work volume of the supply plan, direct unit

cost per work, and indirect costs derived from the works program.

36



The collaborative design team, comprised of both professors and students, diligently
followed the methodology step by step. This collaborative effort facilitated the effective
transfer of knowledge essential in an integrative design process. In this particular case, twelve
design iterations were required to finalize the optimized load model, successfully achieving a
net-zero energy balance in accordance with the Bases of Design (BOD) and Owner Project

Requirements (OPR).

Upon concluding the design process, all necessary environmental and construction licenses
and permits were secured, marking the transition to the commissioning stage before the

installation of measuring instruments [52].

2.4 Conclusion

In short, the story of Al shows how it keeps going despite challenges, how progress happens
step by step, and how it's crucial to develop Al responsibly so that it follows ethical rules and
what society values. The Al journey is ongoing, with both achievements and a realization that
we must keep advancing thoughtfully and ethically. By looking at the past and considering the
best ways to use energy, these lessons can be the basic ideas for bringing energy into the case

study.

Figure 7 Elsalvador NZEB Laboratory
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Chapter 3 Al Applications in Building Performance Enhancement

In this section, we will conduct a detailed classification of various types of artificial
intelligence models, specifically those applied in the energy optimization of buildings.
Additionally, we will introduce diverse types of software that can contribute to advancing
your objectives in this context. The aim is to equip you with comprehensive information that
can be effectively utilized in the subsequent chapter to formulate innovative solutions by

leveraging this knowledge.

3.1 Introduction to Al Application

3.1.1 Current State of Al in construction

When approached as a scientific discipline, Al offers avenues for solving intricate problems
that demand intelligent insights. Its presence in modern societies takes various forms.
Machines are designed to recognize specific patterns within datasets, enabling the analysis of
data through algorithms. Al operates through experiential learning, reinforcing its capabilities
over time. Additionally, Al plays a central role in the Internet of Things (loT), facilitating crucial
network connections among mobile phones, residential buildings, vehicles, homes, offices,
appliances, and relevant service providers. In contemporary applications, Al is extensively
utilized across diverse sectors such as finance, healthcare, transportation, energy, smart
cities, security, education, and food systems [1-3].

Recent strides in computer and communication technologies have paved the way for the
integration of Al into urban energy transitions. Intelligent control, facilitated by computer
simulations, has automated energy management across various urban environments. The
expanding role of Al in urban planning is driven by its broad potential and capacity for
sustaining autonomous operations. While some in the general public still view Al as a concept
confined to science fiction, Al systems are already a tangible reality in modern infrastructure.
Advancements in Al have addressed urban challenges related to impulsiveness, uncertainty,
mismatch, complexity, and evolution. Al technologies provide automated tools for designing,

analyzing, simulating, controlling, diagnosing, and supplying reliable energy within urban
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neighborhoods. These tools effectively allocate energy resources, manage supply and

demand, and ensure the efficiency and cost-effective operation of the grid.[22]

Al has proven to be highly suitable for governing urban energy systems with flexibility,
leveraging real-time data [4,6]. It demonstrates notable capabilities in autonomously
managing the grid, optimizing energy consumption, and efficiently balancing supply and
demand. Additionally, Al contributes to the automatic maintenance of energy infrastructure,
reducing peak loads, and enhancing grid stability [7-9]. Through the use of energy demand
and supply forecasts, Al-based prediction models optimize dispatch, minimizing the
operational costs of power generation. This enables power plants to meet demand and
operate effectively within the constraints of the power network across changing conditions
[10].

Furthermore, Al, coupled with big data (BD), is instrumental in optimizing demand response
and end-use energy efficiency. This optimization results in reduced energy bills for premises,
offering an effective solution through the integration of Al and data-driven approaches
[11,12].

Al plays a pivotal role in addressing challenges related to the development of energy-
efficient buildings. It enhances the rate of energy savings, facilitates on-site generation,
detects and minimizes operational faults, and ensures sustained energy savings [13]. The
advantages of pursuing optimal energy savings are further realized by incorporating advanced
reporting, onboard visualization diagnostics, and cloud connectivity. Managing multiple
control systems in buildings often introduces complexities and increased costs. Therefore,
embracing a digital transformation mindset during the implementation of Al solutions can
reduce operational costs while maximizing the overall energy performance of the building.

Case studies, as discussed in , underscore the impact of Al in ventilation control strategies
and integrated air pre-heaters, resulting in approximately 26% energy savings in commercial
buildings in the US. The subsequent section delves into the applications of Al in enhancing
energy efficiency in both individual buildings and integrated communities. .[14]

One of the most promising applications of Al in urban energy systems is the emergence of
smart buildings. Smart buildings are outfitted with a multitude of sensors, subsystems, and
actuators, boasting advanced automation, monitoring, and control tools that can be

harnessed for energy-saving objectives. The resulting reductions in energy consumption go
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hand in hand with simultaneous decreases in greenhouse gas emissions. Research has
demonstrated that the potential impact of smart buildings extends to urban areas,
contributing to environmental protection, lowering operational costs for buildings, and
conserving energy [15-18].

The concept of a smart building epitomizes modern infrastructure, incorporating
automated control systems and leveraging data to optimize the building's performance and
the comfort level of its occupants [19]. This entails the creation of a cyber-physical system
(CPS) that seamlessly integrates the cyber world. This integration involves combining sensing
devices, controllers, and metering components with the physical world, encompassing
various electric appliances and electronic devices

The smart building concept is grounded in the recognition that advantageous outcomes
arise from the free interactions between the cyber and physical worlds. With technological
progress, the integration of Al technologies in smart buildings becomes increasingly
prominent. Advancements in the development of smaller, more energy-efficient sensors and
communication procedures, coupled with parallel progress in hardware and software
technologies, provide simpler means for evaluating, monitoring, and interacting with the
environment [20]. This ongoing evolution consistently enhances efficiency, leading to lower
operating and maintenance costs, reduced energy consumption, and simultaneous

improvements in the comfort and safety conditions for building inhabitants [21].
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While the utilization of artificial intelligence in buildings has proven effective in achieving
optimal energy control, often viewed as an active solution, this research takes a distinct
approach. Here, an endeavor has been made to curtail energy losses through the exploration
of a novel passive method. Consequently, understanding various types of artificial intelligence

becomes crucial, and these will be elucidated in subsequent discussions Y

3.1.2 Machine Learning Models

The concept of the building management system (BMS) suggests that Al has the potential
to significantly enhance not only the efficiency of buildings but also the overall living
experience in them. Smart buildings and smart homes play essential roles in smart grids, with
demand-side management (DSM) being a crucial component of the smart grid (SG) concept.
DSM, in the context of smart grids, involves the development of diverse and flexible strategies
to ensure grid stability. The aim is to overcome challenges faced by traditional grids through
strategic planning and active control of electricity demand loads [22,23]. Al plays a prominent
role in automated energy systems that integrate demand response programs (DRPs) and learn
from human behavior to reduce user discomfort, determining the necessary level of human-
controller interaction [24].

The Al-based approach anticipates future trends in energy demand by leveraging historical
data. This method takes into account the influence of key variables, including building
characteristics and environmental conditions, in a structured process consisting of four main
steps: "(1) data collection, (2) data pre-processing, (3) model training process, and (4) model
testing" [25].

Machine learning (ML) is inherently introspective and adaptable, allowing for the evolution
of superior performance. It necessitates the development of interfaces that enable societies
to scrutinize the behavior of Al systems and allow the system to account for its operational
procedures. The progress in Al is significantly driven by the abundance of data available
through the Internet and advancements in sensory technology, particularly in conjunction
with ML and its subset, deep learning. Given that self-improvement through evolution is a
fundamental principle of machine learning systems, considerable progress has been made in
various Al research areas.

Machine learning (ML) can be characterized as the process by which machines learn from

algorithms designed to enable them to respond to new input from their environment. ML
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allows for the identification of non-linear relationships, such as the correlation between
energy demand and other relevant factors, through mapping functions from a training
dataset (supervised learning) or any form of the dataset (unsupervised learning). It can also
involve making a sequence of decisions in an uncertain or complex system [26].

Supervised learning, a type of machine learning, involves pre-training algorithms with a
dataset of input-output values. The algorithm is then expected to produce a correct output

when presented with a different input (distinct from the training dataset) in the model.
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3.1.2.1 Decision Trees

A decision tree is a machine learning model wherein classification decisions are divided into
sets of choices based on the features of the input parameters, considered individually. This
process initiates from the base feature and progresses in a manner resembling a tree branch.
The construction of a tree involves dividing the root node (source set) into branch nodes (sub-
sets). This division is determined by a set of rules derived from the properties of the set and
the target classification [27]. Decision tree models have found application in various areas
within smart energy buildings, including predicting the risk of a blackout [28] and energy

storage planning, as well as energy management in buildings [29-31].
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3.1.2.2 Random Forest

An extension of machine learning is the random forest, which handles both classification
and regression tasks by incorporating multiple decision trees to enhance prediction accuracy.
Random forest employs bagging (bootstrap aggregation) as a general procedure to reduce
the variance of a decision tree algorithm. Bootstrapping involves estimating a quantity from
a data sample. The random forest algorithm is implemented by creating a new bootstrap
sample of the training set and utilizing it to train a decision tree. Features are randomly
selected at every node of the decision tree, applying Gini impurity (a measure of the likelihood
of an incorrect classification of a new instance of a random variable) only on that set of
features. The process is repeated until the tree is complete, and this is done for multiple trees
in the forest. The random forest model finds widespread use in building energy systems,

particularly in predicting hourly energy consumption [32,33].
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3.1.2.3 Wavelet Neural Network

The wavelet neural network is a machine learning model that integrates the principles of
wavelet analysis and neural network architecture. Rooted in the generalization of the Fourier
transform (FT) and the windowed Fourier transform (WFT), the wavelet concept has proven
useful in predicting time series data. This model has been applied, for example, in the
prediction of time series data for hybrid renewable residential micro-grids, with the
simultaneous optimization of system cost and the battery state of charge [34,35].
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3.1.2.4 Naive Bayes

The Naive Bayes learning model is grounded in the Naive Bayes theorem [36], which
calculates the probability of a guess when provided with prior knowledge. This learning model
has found widespread application in addressing building energy problems. For instance,
Prasetiyo et al. employed a Naive Bayes classifier in their analysis of building energy efficiency
datasets [37], while Bayindir et al. utilized it for predicting photovoltaic energy [38]. In
another study, Lin et al. applied this method to predict HVAC energy consumption using

hourly data [39].
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3.1.2.5 Artificial Neural Networks (ANNs)

Artificial neural networks (ANNs) are extensively employed in modeling non-linear
processes and find utility across various applications, including natural language processing,
decision-making, classification, dimension reduction, regression problems, clustering,
anomaly detection, and computer vision. ANNs have been widely utilized for forecasting
electricity consumption as well as predicting cooling and heating loads in buildings.

A "deep neural network" is a subtype of deep learning models, representing an artificial
neural network with multiple layers. This concept revolves around modeling the hierarchical
characteristics underlying the patterns used for data prediction. This is accomplished by

constructing modules that consist of multiple layers of information for processing.
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Artificial neural networks (ANNs) are integrated with building information models (BIMs)
to assess thermal comfort. The approach involves forecasting indoor climate, with a specific
focus on temperature and humidity, and providing recommendations for optimizing savings
on interior energy consumption [40,41]. Real-time monitoring is facilitated through the use
of the ANN method. One notable advantage of this method is its ability to detect non-linear

relationships between input and output datasets.
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Deep learning (DL) is an artificial neural network method designed to model hierarchical
characteristics in data prediction patterns by stacking multi-layer information processing
modules. Examples of deep learning architectures include convolutional neural networks
(CNN), radial basis function (RBF) networks, restricted Boltzmann machines (RBMs), and
recurrent neural networks (RNNs). The DL method has proven effective in estimating the

power consumption of individual appliances in the distribution system [42,43].
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3.1.2.6 Regression

Multiple linear regression (MLR) is a machine learning model rooted in statistical linear
regression, commonly employed in predicting the monthly heating and cooling demands of
residential buildings. Support vector machines (SVM) are typically utilized for data
classification, aiming to find a function from the obtained target for all training data,
incorporating information on weather conditions, relative humidity, and solar radiation
intensity [44,45]. Both MLR and SVM methods, however, exhibit room for improvement in
prediction accuracy and robustness when dealing with highly non-linear energy demand
functions.

In comparisons, Li et al. assessed predictions of hourly cooling load in a building using SVM
against several artificial neural network (ANN) models [46]. In another study on non-
residential buildings, Massana et al. applied SVM along with MLR and ANNs to predict short-
term thermal loads [47]. The results indicated that the enhancement in energy use prediction
with SVM outperformed other Al-based prediction methods. Moreover, the trade-off
between prediction accuracy and computation speed was shown to be superior with SVM
compared to MLR and ANNSs.

Logistic regression, based on the logistic function (sigmoid function), is primarily employed
as a classification model. It finds widespread use in events or issues requiring predictions of
the probability of occurrence. For instance, Wang et al. utilized logistic regression to analyze
the impact of significant factors on the energy consumption when heating rural buildings in

China [48].

3.1.2.7 Genetic Algorithm (GA)

Genetic Algorithm (GA) is a heuristic search technique extensively utilized in Al-based
models due to its ability to handle the non-linear characteristics of smart buildings. It proves
effective in solving both unconstrained and constrained optimization problems. GA finds wide
application in various scenarios, such as scheduling residential loads to minimize total energy
costs in dynamic pricing schemes [49]. It is also employed in determining optimal energy
consumption for maintaining comfortable thermal conditions by selecting the optimal range

of indoor temperature setpoints [50]. For instance, Manzoor et al. developed an intelligent
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energy management strategy using a Demand Response (DR) program to schedule household
loads, aiming to minimize electricity costs based on a hybrid of GA and the teaching-learning-

based optimization algorithm [51].
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3.1.2.8 Fuzzy Logic (FL)

Due to their simplicity, fuzzy logic control models have gained broader adoption compared
to models using conventional configuration control logic (CCL). The Adaptive Network-Based
Fuzzy Inference System (ANFIS) is a machine learning model that integrates the forecasting
approach of fuzzy logic with the capabilities of a neural network. In this hybrid configuration,
each learning model complements the weaknesses of the other, resulting in improved results
and overall performance. ANFIS, when used in conjunction with wireless sensor networks, is
applied to forecast demand load based on changes in indoor and outdoor climate conditions

of buildings [52-54].
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3.1.2.9 Particle Swarm Optimization

Particle swarm optimization (PSO) is a meta-heuristic optimization technique developed
based on the flocking behavior and social cooperation observed in birds and fish. The PSO
algorithm utilizes a swarm of particles navigating a multi-dimensional search space to find the
optimal location [55]. Each particle represents a potential solution and is influenced by the
experiences of both its neighbors and itself. PSO is employed in hybrid configurations with
machine learning techniques to achieve optimal solutions. Examples include the hybridization
of PSO with the genetic algorithm for estimating energy demand [56], as well as its
combination with differential evolution (DE) for transmission expansion planning [57]. PSO
has been hybridized with ant colony optimization (ACO) to study energy demand in Turkey
[58] and to conduct techno-economic analyses of hybrid renewable energy systems in Japan
[59,60].

Hidden Hidden Hidden Hidden
layers layers layers layers

Inputs

Graph 12 PSO Optimization

52



3.1.2.10 K-Nearest Neighbor

K-nearest neighbor (KNN) operates by memorizing the training set and predicting the label
of a new instance based on the labels of its closest neighbors in the training set. KNN finds
widespread use in building energy management systems and in demand analyses of energy

consumption in residential buildings [61,62].
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3.1.2.11 Principal Component Analysis

Principal components analysis (PCA) is a machine-learning model employed for
dimensionality reduction, which involves mapping a function from a higher-dimensional
space to a lower-dimensional space. Sun and Sun (2017) utilized the PCA method to predict
carbon dioxide emissions with a regularized extreme learning machine. PCA has also been
applied to enhance the residential load disaggregation of energy [63] and to determine and

analyze electricity consumption in China [64,65].
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3.1.2.12 Hybrid Models

Hybrid models leverage multiple machine-learning techniques, incorporating data pre-
processing and optimization tools to enhance predictive accuracy. These models are
increasingly applied in various domains, including day-ahead predictions of power generation
in hybrid renewable energy systems and microgrids [66,67], as well as the forecasting of

energy consumption in buildings [68].
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Recent studies have concentrated on comparing data-driven models with physics-based
models, assessing machine learning against statistical techniques, examining group methods,
and analyzing the effectiveness of machine learning in predicting building energy usage. A
comprehensive review by Runge and Zmeureanu in 2019 covered studies published since
2000 that utilized artificial neural networks for forecasting building energy use and demand,
focusing on applications, data, forecasting models, and performance metrics [69]. In 2012,
Zhao et al. published a review that emphasized the primary approaches for energy prediction
and forecasting in buildings, comparing machine learning, statistical, and physics-based
models. Their findings indicated that machine learning-based models demonstrated superior
accuracy and flexibility compared to statistical models like support vector machines [70].

In a comparison conducted by [71] between machine learning-based models and
conventional methods, it was noted that current conventional methods lack flexibility in

dealing with non-linear patterns, especially in forecasting building electrical consumption.
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[32] explored the application of hybrid models in building energy prediction, emphasizing the
role of ANN models and their enhanced performance compared to single prediction models.
A review by Wei et al. in 2018 focused on data-driven approaches for both prediction and
classification in buildings, highlighting the diverse practical applications of ANN models,
including energy load forecasting, current building energy performance assessment, and
prediction of energy-saving potential through retrofit strategies [72]. Seyedzadeh et al. in
2018 provided a comprehensive review of the four main machine learning approaches,
including artificial neural networks, support vector machines, Gaussian-based regressions,
and clustering, commonly applied in forecasting and improving building energy performance
[26].

Al empowers software applications to analyze extensive datasets, identifying patterns,
detecting anomalies, and making precise predictions. This capability of Al creates additional
revenue opportunities for smart buildings.

One consistent challenge associated with variable energy sources, such as renewable
energy, is their unreliability. Power generated from weather-dependent sources like solar and
wind can fluctuate due to unpredictable weather conditions, potentially destabilizing the
power supply. To address this, Al-based approaches utilize data from local satellites and
meteorological stations, extracting information on weather conditions like wind speed,
temperature, lightning density, and humidity. This enables precise hour-ahead estimations,
aiding in balancing energy supply and demand in smart buildings equipped with hybrid micro-
grids.

While building automation and energy management systems have been in use for some
time, their focus has traditionally been on monitoring and providing alarm capabilities.
However, the increasing convergence of smart buildings emphasizes the need for a central
analytics platform to derive more comprehensive insights from combined data. Al plays a
crucial role in monitoring, collecting information, controlling, evaluating, and managing
energy consumption in buildings. It helps control energy usage, reduce consumption during
peak hours, identify and signal problems, and detect potential equipment failures before they
occur.

Al-based approaches leverage machine learning (ML) algorithms to enable active customer
participation in demand response programs while ensuring data security through the use of

blockchain technology. The energy-intensive heating, ventilation, and air-conditioning (HVAC)
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systems in buildings contribute significantly to overall energy consumption. Al-driven district
heating introduces a valuable flexibility element to the evolving energy system in smart cities.
For instance, multiple smart buildings can efficiently connect their heat pumps to a shared

heat exchanger loop buried in the ground, enabling adaptive and automated district heating.

In scenarios like arid areas, interconnected communities can share power and water grids,
driven by power generation from sources such as distributed solar power fields and water
supply from desalination plants. Al plays a crucial role in the integrative design of these
communities, predicting future energy and water demands, optimizing asset utilization, and
providing insights for efficient designs that can be scaled up or down based on evolving needs.

In the context of the ongoing decarbonization, decentralization, and the integration of
novel technologies, various entities such as utilities, independent power producers (IPPs), and
other energy companies are turning to Al to effectively manage the imbalance between
energy demand and supply. The deployment of Al, in conjunction with technologies like big
data, cloud computing, and the Internet of Things (loT), facilitates the active management of
electricity grids by enhancing the accessibility and integration of renewable energy sources
within buildings.

The combination of advanced Al-based technologies allows for the development of
customer-centric solutions that can adapt to changing customer needs. Al systems have the
capability to automatically provide recommendations and leverage predictive analytics to
enhance equipment operation and maintenance (O&M) strategies. This predictive approach
not only improves the overall efficiency of equipment but also helps anticipate potential

downtimes, thereby extending the lifespan of equipment in buildings.

3.1.3 Conclusion
Al-based prediction methods indeed hold significant promise in achieving high prediction

accuracy, especially when well-trained models are utilized. The ease of data acquisition and

loading further contributes to the convenience of establishing prediction models. However,
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there are notable limitations associated with Al-based approaches in the context of building

energy efficiency.

One challenge is the lack of an explicit relation between physical building parameters and
model inputs. This absence makes it difficult to extrapolate building energy performance
when there are changes in the building's design or operation. Additionally, Al-based
approaches rely on extensive training data for model establishment and maintenance of
prediction quality. This implies that models need to be retrained whenever changes are made

to the building's envelope, systems, or operations.

To integrate Al-based methods effectively into building energy efficiency practices, there is a
need to simplify both the type and the number of input parameters. One potential avenue
forimprovement is incorporating occupancy information into prediction models. Factors such
as the number and types of occupants, as well as their activities, play a crucial role in a

building's energy consumption.

Building trust in Al systems is paramount for their successful deployment. Establishing good
practices and threat-driven procedures can enhance trust in Al systems. While there is
ongoing discussion about the interpretability of Al models, the main challenges lie in ensuring
the resilience, accuracy, and reliability of these systems. Addressing these challenges may
involve introducing standardized tests to assess the robustness of Al technologies,
considering factors such as the data used for training, the mathematical model employed,

and the specific context of use.
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3.2 Al Software in Construction

3.2.1 Overview of artificial intelligence in architecture

Artificial Intelligence (Al) stands as a pivotal branch of computer science and has gained
significant attention in recent years. It encompasses a diverse range of research goals, aiming
to emulate tasks performed by the human brain, spanning areas such as robotics, natural
language processing, and image recognition. Various algorithms, including deep learning,
spatial syntax, and adversarial networks, contribute to the advancement of Al in architecture
[73]. As Al continues to evolve and enhance its capabilities, its applications will expand across

diverse fields.

While the adoption of Al in the construction industry started relatively late, the potential
impact it holds on the construction sector should not be underestimated. The integration of
Al technologies is expected to bring about transformative changes, optimizing processes and

introducing new possibilities within the construction domain.

3.2.2 The Significance of the application of Al in architecture

The application of Al in architecture is considered significant for several reasons, including:

3.2.2.1 Improving Efficiency:

Presently, many domestic buildings rely on conventional drawings and Computer-Aided
Design (CAD) drawings, which, despite being cost-effective, often suffer from errors in early
coordination and lack of attention to construction precautions. This leads to a low level of
efficiency, with common issues arising from material-related mistakes during construction
[74]. The integration of Al addresses these challenges by automatically generating multi-style
layouts based on keywords, facilitating discussions and studies between designers and
stakeholders without the need for redraws due to client dissatisfaction [75]. Furthermore, in

construction, employing an Al + robot + Internet of Things (IoT) approach involves extracting
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data from numerous on-site videos, utilizing deep learning, and subsequently enhancing on-

site construction management, resulting in a substantial improvement in overall efficiency.

3.2.2.2 Risk Reduction:

In the realm of building construction, there are numerous hidden risks stemming from
improper operations and non-compliance with safety regulations. Examples include workers
not wearing safety helmets as required, laxity in drawing reviews, size errors, and overlooked
embedded parts [74]. The incorporation of Al serves to mitigate these risks by conducting
daily analyses of project screens, extracting parameters, comparing them with the
parameters of the original planned construction model, identifying errors, and issuing
warnings. Simultaneously, Al utilizes cameras to verify whether workers adhere to safety
protocols, inputting relevant parameters for correct safety helmet usage. Through Al deep
learning, the system learns the accurate appearance of wearing a hard hat in various postures,
allowing for real-time analysis and comparison of captured images to ensure proper helmet
usage by workers [76]. This proactive approach significantly reduces the occurrence of errors

and enhances overall safety measures on construction sites.

3.2.3 Combination of Al and BIM

One notable application lies in the intelligent filling of component libraries and the
generation of 3D models. Al plays a crucial role in collecting components, intelligently
classifying them, and extracting characteristic parameters for efficient organization. This
involves the aggregation of components into a library, with Al leveraging intelligent

classification methods to compare and categorize parameters effectively [75].

In the initial stages of design, CAD is traditionally used for creating two-dimensional
drawings. With the integration of Al and Building Information Modeling (BIM), designers can
import these CAD drawings into the BIM model. Al recognition functions come into play by

extracting primitives for various elements like toilets, bedrooms, and kitchens. This process
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involves identifying and categorizing each primitive based on the Al's recognition capabilities
[77]. The synergy between Al and BIM streamlines the design process, enhances efficiency,

and contributes to the creation of accurate and detailed 3D models.

For instance, when identifying the two-dimensional layout of a toilet, the Al utilizes the
existing component library to automatically incorporate the toilet component into the design.
This process is repeated for various components, gradually completing the three-dimensional
model of the entire toilet. Subsequently, the Al extends this approach to the entire house,
achieving an automatic transformation from two-dimensional to three-dimensional
representation. Simultaneously, the entire three-dimensional model undergoes testing to
identify any potential inconsistencies or irrationalities. The final step involves the designer's
confirmation of the 3D model, leading to the creation of the ultimate and validated model for
the architectural design. This automated process not only accelerates the transformation

from 2D to 3D but also ensures the integrity and coherence of the overall architectural model.

3.2.4 Al assist in building layout planning

Leveraging big data and deep learning, the system imports a diverse set of two-dimensional
house plan diagrams. Each appearance within these diagrams is assigned general keyword
positioning. Through algorithms, Al deeply learns from these diagrams, employing space
syntactic algorithms. Users can then input relevant keywords to generate various
arrangement schemes, such as comfortable or modern designs. The concept of comfort,
defined as optimizing space to its maximum potential, is translated into a computer algorithm
to find the optimal result [75]. Customers can select from these schemes, choosing the most
suitable one, and subsequently modify and enhance it. The selected two-dimensional drawing
design is then imported into Building Information Modeling (BIM), where a 3D model is
automatically generated, completing the process seamlessly and efficiently [78]. This
approach not only streamlines the design selection process but also harnesses the power of

Al and deep learning for optimal and personalized architectural solutions.
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3.2.5 Al auxiliary electromechanical arrangement.

Mechanical and electrical issues often pose significant challenges during later stages of
construction. Addressing most of these problems in the early design phase can substantially
enhance construction efficiency. Traditional two-dimensional drawings and Computer-Aided
Design (CAD) may fall short in clearly expressing the intricacies and potential clashes between
mechanical and electrical pipelines. The integration of Building Information Modeling (BIM)

for electromechanical simulation collision experiments proves invaluable in this regard.

BIM facilitates the combination of architectural, structural, electromechanical, and
decorative elements, enabling precise identification of collision locations and quantities. This
information allows for the modification of any unreasonable placements and ensures the
reservation of relevant maintenance space. Furthermore, within the BIM model, pre-
installation is conducted, aligning pipe sleeves according to national standards in terms of
verticality, size, and shape. This process completes casing hole reservations and
simultaneously generates cross-sectional drawings. Consequently, even the most complex
holes can be systematically displayed on the drawing, providing a comprehensive and

organized representation of the construction plan [74].

Simultaneously, with the contemporary emphasis on green environmental protection and
low energy consumption, the integration of energy-saving and consumption-reducing
technologies becomes imperative in the realm of mechanical and electrical aspects. Meeting
the requirements of future green Al buildings necessitates advanced techniques. The
Backpropagation (BP) neural network algorithm, a key component of artificial intelligence, is

particularly noteworthy.

The BP neural network algorithm excels in presenting input and output algorithms as linear
problems. By incorporating momentum factors, it effectively shortens the training time and
proves more adept in addressing local convergence issues. To enhance the collection and
collation of information on electrical and gas systems in buildings, an energy-saving model is
developed. This model relies on the BP neural network algorithm to evaluate and visualize

the overall energy-saving effect. The evaluation method is not only more efficient but also
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involves setting weights more scientifically. This approach ensures that the energy
consumption of the building can be effectively controlled post-completion, aligning with the

principles of green construction and sustainable energy practices [79].
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3.2.6 The use of Al in building construction

The integration of artificial intelligence (Al) in housing construction, coupled with intelligent
systems, has significantly elevated the efficiency and quality of building construction. By
combining Al with Building Information Modeling (BIM) and the Internet of Things (loT) for
on-site construction management [74], a range of targets can be precisely identified through
sensors, utilizing corresponding intelligent technology. Terminal monitors oversee the entire

construction site.

Sensors and monitoring cameras perform edge Al calculations based on collected
information, comparing the results with safety data. Any deviations beyond the safety data
range trigger alarms for prompt rectification, markedly reducing the likelihood of accidents
on construction sites. The terminals also issue relevant information instructions, such as

construction guidelines [80].
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Daily monitoring using cameras and drones captures the appearance and structure of the
building, and Al processes this construction data to obtain the actual construction progress.
This information aids in further planning of the construction timeline. Simultaneously, each
information instruction is collected, functioning similarly to a black box. This repository of
stored information is crucial; if issues arise during future construction, the stored information
can be revisited to identify corresponding reasons for the challenges encountered [76]. This
comprehensive Al-driven approach ensures enhanced safety, efficiency, and accountability

throughout the construction process.

3.2.7 O&M management of Al in buildings

Operation and maintenance encompass the presence of equipment and personnel on-site,
including on-site operational and maintenance staff, as well as remote engineers. These
engineers are capable of configuring artificial intelligence-based intelligent algorithms on a
cloud platform. They utilize data collected by sensors to make informed decisions. For
instance, during the summer when employees enter the office, sensors detect their presence
and issue instructions to cool the air conditioning. However, if the temperature sensor does
not register a temperature drop, an alarm is triggered to the terminal. The terminal then
issues instructions to identify the specific error, and ultimately dispatches the appropriate on-

site operation and maintenance personnel for resolution [81].
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3.2.8 GPT-4
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Figure 12 GPT-4

GPT-4, the latest milestone in OpenAl's endeavor to scale up deep learning, was brought
into existence by us. A large multimodal model, GPT-4 accepts image and text inputs while
emitting text outputs. Although it is less capable than humans in many real-world scenarios,
human-level performance on various professional and academic benchmarks is
demonstrated by it. For instance, a simulated bar exam is passed by GPT-4 with a score
ranking around the top 10% of test takers; in contrast, GPT-3.5's score was situated around
the bottom 10%. Over a span of 6 months, GPT-4 was iteratively refined by us, drawing
lessons from our adversarial testing program and ChatGPT. The outcome is our best-ever
results, albeit far from perfect, in terms of factuality, steerability, and the refusal to deviate
outside of guardrails. [82]

Over the past two years, our entire deep learning stack underwent reconstruction, and in
collaboration with Azure, a supercomputer tailored to our workload was co-designed from
the ground up. GPT-3.5 was trained a year ago as an initial "test run" of the system. During
this phase, we identified and addressed several bugs, enhancing our theoretical foundations.
Consequently, the training run for GPT-4, which occurred a year later, was remarkably stable,
representing our first large model whose training performance could be accurately predicted
in advance, at least from our perspective. As we persist in prioritizing reliable scaling, our
focus is on refining our methodology to enable us to anticipate and prepare for future
capabilities well in advance, a factor we deem crucial for safety. GPT-4's text input capability

is being released through ChatGPT and the API. To extend the availability of the image input
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capability, we are closely collaborating with a yet-to-be-disclosed entity. Additionally, we are
open-sourcing , our framework for the automated evaluation of Al model performance,
allowing anyone to report deficiencies in our models to contribute to guiding further
improvements.[83]

In a casual conversation, the distinction between GPT-3.5 and GPT-4 may be subtle.
However, the contrast becomes evident when the complexity of the task reaches a sufficient
threshold—GPT-4 is characterized by greater reliability, creativity, and the capacity to

manage significantly more nuanced instructions compared to GPT-3.5.[82]

3.2.8.1 Capabilities.

In a casual conversation, the distinction between GPT-3.5 and GPT-4 can be subtle, but it
becomes apparent when the task complexity reaches a sufficient threshold. GPT-4 exhibits
greater reliability, creativity, and an enhanced ability to handle nuanced instructions

compared to GPT-3.5.[84]

To comprehend the variance between the two models, various benchmarks were
employed, including the simulation of exams originally designed for humans. Testing utilized
the most recent publicly available exams or involved the purchase of 2022-2023 editions of
practice exams, with no specific training conducted for these assessments. While a minority
of the problems in the exams were encountered by the model during training, the results are

considered representative.[82]

A significant number of existing machine learning benchmarks are written in English. To
gain an initial understanding of capability in other languages, the MMLU benchmark—a suite
comprising 14,000 multiple-choice problems across 57 subjects—was translated into various
languages using Azure Translate (refer to the Appendix). In 24 out of 26 languages tested,
GPT-4 surpasses the English-language performance of GPT-3.5 and other large language
models (LLMs) like Chinchilla and PaLM. This superiority extends to low-resource languages

such as Latvian, Welsh, and Swahili.[83]
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3.2.8.1.1 Visual inputs

A prompt of text and images can be accepted by GPT-4, aligning with the text-only setting,
allowing users to specify any vision or language task. This involves generating text outputs,
such as natural language or code, based on inputs that include interspersed text and images.
Across various domains, encompassing documents featuring text and photographs, diagrams,
or screenshots, GPT-4 demonstrates similar capabilities as observed in text-only inputs.
Moreover, it can be enhanced with test-time techniques originally developed for text-only
language models, such as few-shot and chain-of-thought prompting. It is important to note

that image inputs remain in a research preview phase and are not yet publicly available.[84]

3.2.8.1.2 Steerability

Each aspect of the plan outlined in our post about defining Al behavior, including
steerability, has been under active development. Departing from the conventional ChatGPT
personality characterized by fixed verbosity, tone, and style, developers (and soon ChatGPT
users) now have the ability to define their Al's style and task by providing directions in the
"system" message. System messages offer APl users a substantial degree of customization for
tailoring the Al experience within specified limits. Continuous improvements are underway in
this area, although it's important to acknowledge that the adherence to bounds, particularly
in system messages, may not be flawless. We encourage you to explore this feature and share

your feedback with us.[82]

3.2.8.1.3 Limitations

Despite its capabilities, GPT-4 shares similar limitations with earlier GPT models. Notably,
it remains not fully reliable, occasionally "hallucinating" facts and making errors in reasoning.
Caution is advised when utilizing language model outputs, especially in high-stakes contexts.
The specific protocol, whether involving human review, grounding with additional context, or
avoiding high-stakes applications altogether, should be tailored to the requirements of a

particular use-caseq82]
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Although the issue persists, GPT-4 notably mitigates hallucinations compared to previous
models, which themselves have seen improvement with each iteration. In our internal

adversarial factuality evaluations, GPT-4 achieves a 40% higher score than our latest GPT-3.5.

The model is susceptible to various biases in its outputs, and while progress has been made
in addressing these biases, there is still work to be done. As outlined in our recent blog post,
our objective is to imbue Al systems with reasonable default behaviors that reflect a broad
spectrum of users' values. We aim to permit customization within expansive bounds and seek

public input on determining the limits of those bounds.[83]

GPT-4 generally lacks knowledge of events that transpired after the majority of its training
data was cut off in September 2021, and it does not possess the ability to learn from its
experiences. There are instances where it may make simple reasoning errors that seem
incongruent with its demonstrated competence across various domains, or it can exhibit
excessive credulity by accepting obvious false statements from users. Furthermore, it may
encounter challenges in addressing difficult problems, similar to how humans might, such as

inadvertently introducing security vulnerabilities into the code it generates.[84]

GPT-4 is prone to confidently making incorrect predictions without thoroughly verifying its
work when there is a likelihood of error. Interestingly, the base pre-trained model
demonstrates high calibration, meaning its predicted confidence in an answer generally aligns
with the probability of being correct. However, this calibration is diminished through our

current post-training process.[84]

3.2.8.2 Risk&Miitigations

GPT-4 has undergone iterative improvements to enhance its safety and alignment
throughout the entire training process. These efforts encompass a range of initiatives,
including the careful selection and filtering of pretraining data, rigorous evaluations involving
expert engagement, enhancements to model safety, and the implementation of monitoring

and enforcement measures.[82]
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While GPT-4 shares similar risks with its predecessors, such as the potential for generating
harmful advice, faulty code, or inaccurate information, its expanded capabilities introduce
new areas of concern. To assess the scope of these risks, we collaborated with over 50 experts
from diverse domains, including Al alignment risks, cybersecurity, biorisk, trust and safety,
and international security, to subject the model to adversarial testing. The insights gained
from this engagement allowed us to evaluate the model's behavior in high-risk areas that
necessitate expert evaluation. Feedback and data obtained from these experts have directly
influenced our efforts to mitigate risks and improve the model. For instance, we have
collected additional data to enhance GPT-4's capacity to refuse requests related to

synthesizing dangerous chemicals.[83]

In the RLHF (Reinforcement Learning from Human Feedback) training of GPT-4, an
additional safety reward signal has been incorporated to mitigate harmful outputs, as per our
usage guidelines. This involves training the model to decline requests for content that falls
within defined safety boundaries. The reward signal is determined by a GPT-4 zero-shot
classifier, which assesses safety-related prompts based on safety boundaries and completion
style. To avoid the model refusing valid requests, we compile a diverse dataset from various
sources, including labeled production data, human red-teaming, and model-generated
prompts. The safety reward signal, with positive or negative values, is then applied to both

allowed and disallowed categories.[82]

These mitigations have resulted in significant improvements to many of GPT-4's safety
properties compared to GPT-3.5. Specifically, the model's inclination to respond to requests
for disallowed content has decreased by 82% compared to GPT-3.5. Moreover, GPT-4 adheres
to our policies regarding sensitive requests (e.g., medical advice and self-harm) 29% more

frequently than its predecessor.[83]

In general, our interventions at the model level have raised the difficulty of eliciting
undesirable behavior, but it remains possible to do so. Furthermore, certain "jailbreaks"
persist, allowing the generation of content that violates our usage guidelines. As the "risk per
token" of Al systems escalates, achieving exceptionally high levels of reliability in these
interventions becomes crucial. Currently, it is essential to supplement these limitations with

deployment-time safety techniques, such as monitoring for abuse.[84]
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GPT-4 and its successor models hold the potential to exert substantial influence on society,
both positively and negatively. We are actively engaging with external researchers to enhance
our understanding and assessment of potential impacts, as well as to construct evaluations
for hazardous capabilities that may emerge in future systems. In the near future, we will be
sharing more insights into our considerations regarding the potential social and economic

impacts of GPT-4 and other Al systems.[82]

3.2.8.3 Training Process

Similar to its predecessors, the GPT-4 base model underwent training to predict the
subsequent word in a document. The training process involved utilizing publicly available
data, such as internet data, along with data that we have licensed. The dataset comprises a
web-scale corpus containing both correct and incorrect solutions to mathematical problems,
instances of weak and strong reasoning, self-contradictory and consistent statements, and a

diverse representation of various ideologies and ideas.[83]

When presented with a question, the base model has the capacity to produce responses
that can vary widely and may diverge from the user's intent. To bring its responses in line with
user intent while operating within defined boundaries, we employ a fine-tuning process

known as reinforcement learning with human feedback (RLHF).[84]

It's noteworthy that the model's capabilities are predominantly derived from the pre-
training process. Interestingly, RLHF does not enhance exam performance; in fact, without
active intervention, it can degrade performance. The steering of the model is accomplished
through the post-training process, where prompt engineering is essential to inform the base

model about the nature of the questions it should address.[82]

3.2.8.3.1 Predictable scaling

The GPT-4 project has placed significant emphasis on constructing a deep learning stack
with predictable scalability. This focus arises from the practical challenge of conducting
extensive model-specific tuning for very large training runs like GPT-4. To address this, we

developed infrastructure and optimizations that exhibit highly predictable behavior across
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various scales. As a demonstration of this scalability, we successfully forecasted GPT-4's final
loss on our internal codebase (which is not part of the training set) by extrapolating from
models trained using the same methodology but with 10,000 times less computational
resources.[83]

Accurately predicting future machine learning capabilities is regarded by us as an important
aspect of safety that is not given nearly enough attention relative to its potential impact
(though efforts across several institutions have been encouraging). Our efforts to develop
methods that provide society with better guidance about what to expect from future systems

are being scaled up, and it is hoped that this becomes a common goal in the field.[83]

3.2.8.4 OpenAl Evals

OpenAl Evals, our software framework designed for the creation and execution of
benchmarks to evaluate models such as GPT-4, is being open-sourced. Its purpose is to inspect
the performance of models on a sample-by-sample basis. The development of our models is
guided by Evals, with a focus on identifying shortcomings and preventing regressions. Users
have the capability to employ it for monitoring performance across different model versions,
which will now be released regularly, as well as for adapting product integrations. An
illustrative example includes the utilization of Evals by Stripe to complement their human
evaluations, measuring the accuracy of their GPT-powered documentation tool.[83]

Due to the open-source nature of the code, the support for implementing custom
evaluation logic is facilitated by Evals. Although it allows the creation of new classes, our own
experience has shown that many benchmarks tend to follow a limited set of "templates." As
a result, we have incorporated the most useful internal templates, which includes one for
"model-graded evals." Surprisingly, GPT-4 demonstrates its capability to assess its own work
using this template. The most effective approach in building a new evaluation will typically
involve instantiating one of these templates and providing the necessary data. We look
forward to witnessing the diverse applications others can develop using these templates and
Evals in a broader sense.[82]

The aspiration is for Evals to serve as a platform for the sharing and crowdsourcing of
benchmarks, encompassing a diverse range of failure modes and challenging tasks. As a

guiding example, we have introduced a logic puzzles eval consisting of ten prompts where
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GPT-4 encounters failures. Evals is designed to be compatible with the implementation of pre-
existing benchmarks. To illustrate this compatibility, we have included several notebooks that
implement academic benchmarks, along with a few adaptations integrating (small subsets of)

CoQA.[82]

3.2.9 Discussion on the future application of Al in architecture

The proposal and advancement of Al architecture not only rely on the evolution of digital
technology and the Internet but also hinge on the transformation of individuals' architectural
concepts. As people come to recognize the advantages of Al-driven structures, they will
progress toward Al development and continually refine business models to align with Al
requirements until an exemplary business model emerges. The true advent of the Al
architecture era occurs when the benefits of Al are maximized, surpassing profits achievable

through traditional models.[83]

Currently, numerous Al systems assess and determine the subsequent steps based on data
extracted by sensors. In the design of Al-assisted structures, reliance on approximate features
extracted through extensive data aids in judgment and learning. However, numerous
uncontrollable and observable factors persist, despite the current advanced level attainable.
Future developments in Al technology will lead to enhanced accuracy, encompassing the
extraction of visual parameters imperceptible to the human eye. Al will extract architectural
designs capturing the essence of sunlight, analyze images to extract implicit sunlight
parameters for comprehensive analysis and learning, and precisely articulate human

sentiments digitally [11].[82]

This represents only one trajectory for the future evolution of Al. As Al technology
continues to advance, applications will become more extensive, contributing to faster and

more efficient lifestyles for individuals.[83]

3.3 Conclusion

As discussed in this chapter, the prevalent use of artificial intelligence today primarily

centers around energy management within buildings and serving as an information analyzer.
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This involves predicting information to regulate and optimize energy usage in building
environments. Upon delving into various types of artificial intelligence, a noteworthy
discovery has emerged — a category known for its learning capabilities and problem-solving
prowess, commonly recognized as deep learning and machine learning. Notably, GPT-4 stands
out among these, representing a completely autonomous artificial intelligence. GPT-4
possesses the unique ability to think independently, solve complex problems, respond to
gueries much like a human, and offer solutions across diverse fields. Additionally, in the event
of errors in its solutions, GPT-4 exhibits the capacity to self-correct through continuous
learning processes.

The pressing question that arises is whether this artificial intelligence possesses the
capability to offer solutions for enhancing building energy efficiency. The subsequent chapter
will unfold a novel solution and application of this artificial intelligence, addressing the
potential for its role in optimizing building energy systems. Stay tuned for an exploration of
how this advanced technology can contribute to innovative approaches in the realm of

building energy improvement.
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Chapter 4 Comparative Study of Al Designing and Human Designing

Based on the analysis conducted in preceding chapters, pivotal insights have been
gleaned to propel us towards our objectives. By synthesizing these findings into a novel

framework, we aim to advance our goals effectively.

1. History of Artificial Intelligence:

Central to this exploration is the Turing Test, a landmark concept wherein artificial
intelligence engages in dialogue with a human judge. Success is achieved when the judge
cannot discern between human and machine. An innovative approach could involve
reversing the test, tasking the judge with presenting scenarios for both humans and Al to
design, thereby probing their creative capacities.

2. Methodology of Design:

Drawing from investigations into energy optimization, the trajectory observed in El Salvador
emerges as a pertinent paradigm to inform environmental design methodologies directly.

3. Utilization of Al Software:

Among the diverse array of software discussed, Building Information Modeling (BIM) stands
out for its ability to automate the design process significantly, revolutionizing the field.

4. Al Models:

An integral aspect of this study revolves around elucidating various Al models, all falling under
the umbrella of machine learning. Deep learning, in particular, warrants thorough

examination due to its capacity to analyze vast datasets comprehensively.
In light of the derived insights, the progression of this research endeavor can be effectively

visualized through the following diagram, encapsulating the performance trajectory

succinctly.
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In this section, we present a case study on energy design and touch upon the subject of
thermal comfort and wall envelopes. The passive design involves manipulating various
parameters, with the focus on altering the wall layering in a specific geographic location while
keeping other factors constant. The author conducts this design experiment, analyzes the
outcomes based on ASHRAE's energy standard, and publishes the results regarding thermal
comfort. Subsequently, the identical scenario is presented to the GPT-4 artificial intelligence,
aiming to derive the optimal solution for high thermal comfort using the available
information. Finally, a comparison is made between the thermal comfort results obtained

from the initial design and the solution generated GPT-4 artificial intelligence.
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4.2 Introduction to Comparative Study

Unthinkable is the act of contemplating without the element of comparison. According to
Swanson (1971), scientific thought and research become inconceivable in the absence of
comparison. The tradition of employing comparison in the study of human science, history,
and culture has a historical lineage dating back to Greek Antiquity, remaining unbroken and
fortified over time. Modern-day factors, such as heightened communication, technological
progress, and the escalating trend of internationalization, have propelled comparative
research, particularly cross-national comparison, into the spotlight. Consequently,
contemporary human and social sciences are replete with instances of comparative
approaches [1]. Researchers engage in comparing cases, utilizing statistical methods for
constructing and adjusting quantitative comparisons. They juxtapose cases against
theoretically derived pure cases and evaluate cases' values on relevant variables against
average values to assess covariation. Comparison serves as the foundation for asserting
empirical regularities, as well as for appraising and interpreting cases based on substantive
and theoretical criteria. In this expansive context, comparison assumes a pivotal role in
contemporary empirical social science[2]. social research is inherently comparative,
emphasizing the practice of comparing the relative effects of variables across cases and
directly comparing cases.[3] Ragin and Rubinson (2009) underscore that comparative

research is more of a perspective or orientation than a distinct research technique.[4]

A comparative study is a methodology that examines phenomena and subsequently
juxtaposes them to identify both the points of divergence and similarity.[5]
A comparative perspective highlights shortcomings in research design, facilitating the
enhancement of research quality by enabling researchers to identify and address weaknesses.
The essence of comparative research lies in scrutinizing the similarities and differences among
various units of study.[6]
Comparative analysis involves the depiction and elucidation of similarities and differences in
situations or outcomes across a broad spectrum of social units, encompassing regions,
nations, societies, and cultures. This definition encapsulates various traditions, including

cross-cultural analysis in anthropology, cross-societal analysis in sociology, cross-national
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analysis in political science, comparative historical analysis in history, and psychological
analysis.[7]

Comparative research or analysis is a comprehensive term encompassing both quantitative
and qualitative comparisons. Social entities can be examined along various lines, including
geographical or political dimensions, leading to cross-national or regional comparisons.[8]
Comparative analysis can be categorized into three main types: quantitative, qualitative, and
fuzzy. Quantitative comparative analysis is variable-oriented, focusing on variables and their
relationships. Qualitative comparative analysis is case-oriented, emphasizing in-depth
examination of individual cases. Fuzzy comparative analysis is collection-oriented,
considering sets of data with imprecise boundaries or ambiguous distinctions.[9]

The comparative research method can be characterized as a research methodology that
involves the examination of aspects within social science or life across various cultures or
countries. It constitutes a qualitative approach or analysis, employing methods such as case
study analysis to elucidate the similarities and differences between entities or countries. In
the comparative research method, researchers integrate theoretical concepts with data
collection to provide a comprehensive understanding of the subject under investigation.[10]
Causality represents a significant challenge in comparative research. In the context of
causality in comparative research, investigators concentrate on discerning the causes behind
the differences and similarities observed in two statements or groups of individuals.
Determining the precise cause in comparative research can be prone to errors, primarily
stemming from the lack of a common scale for evaluating both cases.[11]

Comparison, on one hand, frequently operates as a comprehensive analytical framework,
acting more as a research design than a distinct research method. On the other hand, it is so
deeply ingrained in many research methods that it becomes challenging to identify it as a
separate and independent method. As a result, Stausberg's article on comparison found its
place in the Handbook not under "methods" but under "methodology," positioned alongside
articles discussing epistemology, feminist methodologies, research design, and research

ethics.[12]
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4.3 Thermal Comfort and Criteria in Building Energy

Several research studies, ranging from references [13-22], have concentrated on the
themes of thermal comfort and energy efficiency. The global research community has
increasingly directed its attention to the field of thermal comfort in recent years, likely
influenced by heightened public discussions on climate change. The evaluation of overall
thermal comfort and indoor environmental quality extends beyond physical parameters
alone. The dynamic responses of the human body, encompassing physiological and
psychological aspects, interact with various environmental factors such as light, noise,
vibration, temperature, and humidity [23]. This complexity is exemplified by the specialization
of existing standards dedicated to studying and enhancing specific environmental aspects like
thermal conditions, lighting, and acoustics. ISO 7730-2005 [24], ASHRAE 55-2013 [25], and EN

15251-2007 [26] are widely used international standards for assessing thermal environments.

Despite the challenges associated with comprehensively evaluating environments,
including thermal, visual, and acoustic aspects, numerous studies address this subject. In their
literature review, Frontczak and Wargocki [27] conducted an analysis of key factors
influencing indoor environmental conditions, user characteristics, building design, and
outdoor climate conditions, all of which significantly impact comfort and satisfaction within
indoor spaces. The nine studies examined by the authors encompassed diverse locations,
involving adults in both controlled environments and real-world settings [27]. Seven of these
studies emphasized users rating thermal comfort as the most crucial factor for enhancing
satisfaction with indoor environments [27]. The researchers underscored the significance of
empowering users with controls over indoor conditions to enhance thermal comfort.
Additionally, it's noteworthy that differences exist in thermal acceptability between users in
naturally ventilated buildings and those in air-conditioned buildings, with the former

exhibiting greater tolerance for indoor thermal conditions [27].

ASHRAE 55 [25] defines thermal comfort as "that condition of mind that expresses
satisfaction with the thermal environment and is assessed by subjective evaluation."

Consequently, the majority of studies in this field are conducted while individuals are awake,
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engaged in activities, and capable of responding to questionnaires. Nevertheless, there is also
research focused on thermal comfort during sleep 28-30], and the literature contains concise
reviews on thermal comfort in sleeping environments [31]. Further studies have explored the
connection between indoor climate and sleep quality [32-37], asserting that the optimal
thermal conditions for a restful night's sleep differ from those outlined in ASHRAE 55 [32].
Notably, research suggests that, particularly in the summer, indoor temperatures during sleep
may need to be higher than the levels recommended by ASHRAE 55, a finding that could
potentially lead to reduced energy consumption [33].

Broadly, thermal comfort is categorized based on the environment type: outdoor, semi-
outdoor, or indoor. Concerning indoor thermal comfort, the current discourse primarily
revolves around two distinct approaches. The first approach is the traditional steady-state
model, developed by Fanger in the 1970s [38], designed for air-conditioned spaces and
grounded in a heat balance model of the human body. Fanger's model [38] aims to predict
the average thermal sensation of a group of individuals and their corresponding percentage
of dissatisfaction with the thermal environment, expressed through the indices Predicted
Mean Vote-Predicted Percentage Dissatisfied (PMV—-PPD). PMV is computed using six
variables: metabolism, clothing, indoor air temperature, indoor mean radiant temperature,
indoor air velocity, and indoor air humidity. The PMV method served as the foundation for
the ISO 7730 [24] and ASHRAE 55 [25] standards and continues to be applied in practice. More
recently, the model has been expanded to encompass non-air-conditioned buildings in warm
climates [39].

The second commonly employed approach for assessing thermal comfort is the adaptive
model, grounded in the adaptive principle [40], which posits that "If a change occurs such as
to produce discomfort, people react in ways that tend to restore their comfort." In other
words, users actively engage with their thermal environment, in contrast to the passive
nature of the PMV method. The adaptive model is derived from field studies conducted in
naturally ventilated buildings by Nicol and Humphreys [41], Auliciems [36], de Dear, Brager,
and Cooper [42], as well as de Dear and Brager [43]. Through these field studies, linear
regressions were established, linking indoor operative temperatures (acceptable ranges) to
prevailing outdoor air temperatures. This implies that comfort temperatures vary based on
the outdoor climate, with higher outdoor temperatures allowing for higher indoor

temperatures. This represents a paradigm shift compared to Fanger's theory.
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4.3.1 ASHRAE 55

Standard 55-2004, “Thermal Environmental Conditions for Human Occupancy,” is a revision
of Standard 55-1992. The standard specifies conditions in which a specified fraction of the
occupants will find the environment thermally accept- able. The revision is a consensus
standard that has undergone public and ASHRAE review; it incorporates the relevant research
and experience gained since the 1992 revision. Such changes include the addition of the
PMV/PPD calculation methods and the concept of adaptation. The standard is intended for
use in design, commissioning, and testing of buildings and other occupied spaces and their
HVAC systems and for the evaluation of thermal environments. Because it is not possible to
prescribe the metabolic rate of occupants, and because of variations in occupant clothing

levels, operating setpoints for buildings cannot be practically mandated by this standard. [44]

The designer may choose, in agreement with the owner or owner’s representative (e.g.,
owner’s agent, developer, or equivalent), the level of thermal comfort and appropriate
exceedance. The selected design criteria will influence the HVAC system design and may also
influence the building design. This standard may also be used for evaluation of exist- ing
thermal environments in buildings, during experimental conditions, and for the development

and testing of products.

4.3.2 1SO13786

ISO 13786:2017 specifies the characteristics related to the dynamic thermal behaviour of a
complete building component and provides methods for their calculation. It also specifies the
information on building materials required for the use of the building component. Since the
characteristics depend on the way materials are combined to form building components, ISO

13786:2017 is not applicable to building materials or to unfinished building components.[45]

The definitions given in I1ISO 13786:2017 are applicable to any building component. A
simplified calculation method is provided for plane components consisting of plane layers of

substantially homogeneous building materials.[45]
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Annex C provides simpler methods for the estimation of the heat capacities in some limited
cases. These methods are suitable for the determination of dynamic thermal properties required
for the estimation of energy consumption. These approximations are not appropriate, however,

for product characterization.[45]

4.3.3 EN 15251

The Energy Performance of Buildings Directive (EPBD) was adopted in 2002 with the
intention to improve the energy efficiency of buildings. It was inspired by the Kyoto Protocol
which commits the EU countries to reduce carbon emissions and mitigate the impact of

climate change.[46]

As part of the EPBD implementation, the European Standardization Organization (CEN)
created EN 15251, a standard specifying the design values of the indoor thermal comfort. This
standard defines four categories of buildings according to the occupants’ level of
expectations, and the recommended design criteria depend on them. For example, category

Il refers to the normal level of thermal comfort expectations [46]:

The two metrics that are important for this code are PMV (Predicted Mean Vote) and PPD
(Predicted Percentage of Dissatisfied). These metrics depend on several parameters related
to indoor climate (air temperature, mean radiant temperature, air velocity, relative humidity)

and people (physical activity, metabolic rate, clothing).[46]

The PPD index is used to calculate the expected number of thermally dissatisfied occupants
according to the PMV. For instance, the comfort zone for the category Il (‘Normal level of
thermal comfort expectation’) is defined by limiting the PMV between —0.5 and 0.5, with less
than 10% of occupants being unsatisfied with the indoor environment. The following table
contains the recommended criteria according to the building category, as specified in the EN

15251 standard [46]
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4.4 Methodology of Comparative Study

In this phase of our discussion, we will delve into the intricacies of effectively crafting the
scenario description for the subject. Our focus remains on a thermal zone situated within a
specific climatic context. Employing the advanced capabilities of TRN Sys software, we
embark on the creation and analysis of a master case using Simulation Studio. The
comprehensive output obtained includes operational temperatures meticulously recorded on

an hourly basis over the course of a year.

The initial dataset undergoes a rigorous evaluation in accordance with the EN 15251
standard, which serves as a benchmark for assessing thermal comfort levels. Following this
assessment, we apply the criteria outlined in the ISO 13786 standard to introduce variations
in the building materials. This step aims to quantify and understand the impact of these

material changes on the operative temperature within the thermal zone.

Taking our investigation a step further, we turn to the cutting-edge capabilities of GPT-4
artificial intelligence. Presenting the same thermal scenario to this advanced Al system, we
seek its recommendations for optimal wall materials. The response generated by GPT-4 is
seamlessly integrated into the TRNSIS software, allowing us to derive operative temperature

outputs.

The subsequent phase involves subjecting these outputs to the scrutiny of the EN 15251
standard once again. This meticulous process ensures a comprehensive evaluation of the
thermal comfort level resulting from the incorporation of Al-suggested materials. The final
step of our methodology involves a comparative analysis, where we juxtapose the achieved

thermal comfort level with our original design parameters.

This rigorous and systematic approach enables us to draw meaningful conclusions
regarding the effectiveness of the Al-informed design modifications. Through this
multifaceted process, we gain valuable insights into the interplay of building materials,
operative temperatures, and thermal comfort, ultimately refining and optimizing our design

based on a holistic understanding of the subject scenario.
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4.5 Case Study Introduction

4.5.1 Location and Information

The Building Energy Efficiency Pilot (BEE Pilot) is situated within the Politecnico di
Milano Lecco campus. It serves as a platform for the integration of multiscale
modeling, testing, and numerical analysis to advance the development of the Multi-
layer Dry nZEB Enabler Envelope Solution (nEES). Through this initiative, innovative,
pioneering, and optimized solutions are being developed to enhance building energy
efficiency. The geographical position of Bolzano factors in the prevailing weather
conditions.

The weather patterns in Bolzano are influenced by its specific location.

Figure 13 POLIMI NZEB LABORATORY
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4.5.2 Drawings

In this section, the plan and the Vertical Section of our project has been shown in Figure 2

and 3, and as it is presented, there are 3 Main Thermal zones which are connected.

Thermal Zone 1 || Thermal Zone 3

Thermal Zone 2

Thermal Zone 1

Thermal Zone 2

Thermal Zone 3

Thermal Zone 2 Thermal Zone 3

Thermal Zone 1
Thermal Zone 2

Thermal Zone 3 ‘

Figure 14 Plans and Sections of Thermal zones

In this segment, Zone 3 will be examined, characterized by three exterior walls, one
interior wall, an inclined roof featuring an opening, and an exterior floor.

4.6 Human design in Case Study

The building under scrutiny is situated in Lecco, Italy, and comprises various structural

elements such as vertical walls (CV1), Party Walls (PV1), internal slabs (CO1), and Roofs
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(CO2). Depending on the prevailing weather conditions and the geographical location,

certain sections of the building meet the prescribed criteria adequately, while others fall

short.

Below are outlined the foundational cases along with their corresponding technical

diagrams. Subsequently, utilizing the EN ISO 13786 Excel file, the dynamic parameters of the

building envelope have been computed and are presented below.

4.6.1 Vertical walls (CV1)

thermal
conductivity |
[W/m.K]
1 Wool wool 0.065
0SB (oriented strand
2 0.15
board)
3 Rock wool 0.033
OSB (oriented strand
4 0.15
board)
5 Wood wool 0.065

gross

density r

[ke/m?]

400

1000

70

1000

460

spec. heat
capacity C
[1/keg.K]

2100

1600

1030

1600

2100

layer

thickness d

[m]

0.035

0.015

0.16

0.015

0.025

Total
thicknes
s
[em]

25

U [W/m2K] 0.16

Df 0.288
Internal areal heat capacity [kJ/m2K] 26.047
Periodic thermal transmittance [W/m2K] 0.047
® [h] 11.34

Table 1- vertical wall material
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4.6.2 Internal Panels (CO1)

i | heat layer  Total
erma Bross spec. hea thickness thick
conductivity | density r capacity C d ness
[W/m.K] [ke/m?] [/kg.K]
[m]  [cm]
1 ‘ Wooden flooring 0.2 400 1800 0.015
2 ‘ Wool wool 0.065 400 2100 0.025
3 0SB (oriented strand board) 0.15 1000 1600 0.015 23
4 ‘ Rock wool 0.033 70 1030 0.16
5 0SB (oriented strand board) 0.15 1000 1600 0.015
Parameters
U [W/m2K] 0.17
Df 0.473
Internal areal heat capacity [kJ/m2K] 30.917
Periodic thermal transmittance [W/m2K] 0.083
@ [h] 8.05

4.6.3 Roof (CO2)

Table 2- internal slab material

layer Total
thermal gross spec. heat i .
D ) X thicknes thicknes
conductivity | density r capacity C od .
[W/m.K] [kg/m?] [/kg-K]
[m] [em]
1 | Wool wool 0.065 400 2100 0.025
0SB (oriented strand
2 0.15 1000 1600 0.015
board)
3 | Rock wool 0.033 70 1030 0.16 25
0SB (oriented strand
4 0.15 1000 1600 0.015
board)
5 Wool wool 0.065 400 2100 0.035
Parameters
U [W/m2K] 0.17

Df 0.294
Internal areal heat capacity [kl/m2K] 27.352
Periodic thermal transmittance [W/m2K] 0.048
O [h] 11.27

Table 3- Roof material
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4.6.4 Party wall (CV1)

thermal gross spec. heat
conductivity | | densityr capacity C thickness
[W/m.K] [kg/m?] [J/ke.K] [cm]
1| Wool wool 0.075 480 2100 0.035
2 0SB (oriented strand board) 0.15 1000 1600 0.015
3 ’ Rock wool 0.033 70 1030 0.16 26
4 0SB (oriented strand board) 0.15 1000 1600 0.015
5 Wool wool 0.075 480 2100 0.035
Parameters
U [W/m2K] 0.16
Df 0.250
Internal areal heat capacity [kJ/m2K] 29.422
Periodic thermal transmittance [W/m2K] 0.041
D [h] 12.15
Table 4- Party wall material
4.6.5 Classification
Time shift periodical thermal transmittance (hours) Decrement factor (-) Quality level | Category
b >12 Df<0.15 Optimum |
12>¢ >10 0.15<Df<0.20 Good Il
10>¢ >8 0.30<Df<0.40 Discrete ]l
8>¢ >6 0.40<Df<0.60 Weak v
¢ <6 Df>0.60 Insufficient \
Table 5- Quality classification
Baseline classification shown in table 6 according to the table 5:
BASELINE
Deta Time shift periodical thermal Decrement Quality | Cate U-val
-vaiue
il transmittance [hours] factor [] level gory
Ccvl 11.34 0.29 Il 0.16
Cco1 8.05 0.47 Il 0.18
co2 11.27 0.29 I 0.17
PV1 12.15 0.25 I 0.16

Table 6- base line classification
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4.7 GPT-4 Design in Case Study

in this part we show you how to use GPT-4 Al to give us a solution about the case that we

have:

ChatGPT 4 ~

f 3

You
Hello

ChatGPT
Hi there! How can | assist you today?

You
this is a test to evaluate your ability that how much can you be effective in terms of Building
Energy Optimization, are you ready for the test?

ChatGPT
Absolutely, I'm ready for the test! Please go ahead with your questions or tasks related to Building

Energy Optimization, and I'll do my best to assist you.

You

We have a thermal zone in Bolzano, Italy. Please provide the layers of the wall stratigraphy for
optimal energy optimization. Consider the most effective combination of layers to achieve the
best U-value, ensuring optimized operative temperature and thermal comfort. here is the data:
lexterior wall

2.interior walls

3. exterior roof

4.Exterior floor

for each one please specifically provide layers (indicate thermal conductivity in W/m.K,gross

density kg/m3, spec. heat capacity C) detail with thickness based on thematerials of EN ISO 13786
and in the end calculate U value for each element
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Here are suggested layers for each element based on the materials from EN IS0 13786, along with
their thermal conductivity (M), gross density, and specific heat capacity (C). The thickness of each

layer is adjusted to balance insulation, space, and cost considerations.

1. Exterior Wall

* Layer 1: External Render (e.g., Cement Mortar)
* A 14 Wim.K
* Thickness: 2cm

* Layer 2: Insulation (e.g., Expanded Polystyrene)
* A 0032 WimK
* Thickness: 15¢cm

* Layer 3: Structural Layer (e.g., Concrete)
* A 21WimK
* Thickness: 20 cm

* Layer 4: Internal Plaster (e.g., Gypsum Plaster)
* A OTWmK
* Thickness:1cm

2. Interior Walls

* Layer 1: Plasterboard
= 025 W/im.K

* Thickness: 1.2 cm

* Layer 2: Structural Layer (e.g., Concrete)
* e 2AIWmK
* Thickness: 15 cm
* Layer 3: Plasterboard
* A 0.25W/mK
* Thickness: 1.2 cm

3. Exterior Roof

* Layer 1: Roof Tiles (.g., Clay Tiles)
* A 10W/m.K
* Thickness: 3 cm
* Layer 2: Waterproof Sheathing
* A 019 W/im.K
* Thickness: 2cm
* Layer 3: Insulation (e.g., Polyurethane Foam)
* h: 0022 Wim.K
* Thickness: 20 cm
* Layer 4: Ceiling Finish (e.g., Plasterboard)
* A 0.25W/m.K
* Thickness: 1.5cm

93



4, Exterior Floor

* Layer 1: Floor Finish (e.g., Ceramic Tiles)
* 13WMmK
* Thickness: 1cm
* Layer 2: Screed
* 14 W/mK
* Thickness: 5cm
* Layer 3: Insulation (e.g., Extruded Polystyrene)
* A 0033 WimK
* Thickness: 10 cm
* Layer 4: Concrete Base
* e 21WimK
* Thickness: 20 cm

U-value Calculation

The U-value for each element can be calculated using the formula:

I §
U - Rd';r..-.'

Where Rgggus is the total thermal resistance, calculated as:

=~ d
Rf.uf.ul — 3‘

Here, d is the thickness of each layer, and A is the thermal conductivity.

Let's calculate the U-values for each element.

Here are the calculated U-values for each building element:

1. Exterior Wall: U-value = 0.208 W/m2.K
2. Interior Wall: U-value = 5873 W/m2.K

3. Exterior Roof: U-value =0.108 W/mZ2.K
4. Exterior Floor: U-value = 0.316 W/m2.K

These U-values indicate the thermal insulation performance of each element. The lower the U-
value, the better the insulation. For exterior walls, roofs, and floors, the U-values are low, indicating
good insulation which is crucial for maintaining thermal comfort and energy efficiency in
Bolzano's climate. The interior wall has a higher U-value as it is less critical for thermal insulation

but still provides sufficient separation between internal spaces.

Keep in mind that these calculations are based on standard material properties and thicknesses,

and actual performance may vary based on construction quality and real-world conditions. [>-]

09 @
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4.8 TRNsys Model

4.8.1 Introduction

This chapter focuses on creating a 3D model of a BEE pilot building, which is the first step in
the process that led to the energy simulation. Due to the limitations of the software, it should
be done with good accuracy and as realistic as possible. it should be considered in AutoCAD
file that the lines don’t interfere each other and be aware of scale in process of exporting
from Cad file to SketchUp. In general, modelling required the use of three different software:
AutoCAD, SketchUp + TRNSYS3D, Simulation Studio, and TRNBuild (TRNSYS18).

4.2 3D Model

4.8.2 AutoCAD

In the first place, the CAD file was carefully examined, and there are three thermal zones in
this project. Upon closer inspection, we find that the thermal lines of the zones intersected,
which solved the problem in the CAD file. We also see an entrance with an external glass door,
two skylights and two internal doors to enter two different thermal zones. The roof of the
two thermal zones is flat and the roof of the third one is sloping and has a canopy around the
wall at the entrance.

Considering the above, the CAD file was exported into SketchUp.

4.8.3 Sketchup + TRNSys3D
In this part, the CAD file loaded in Sketchup then rescaled based on the real dimensions, then

3 different thermal zones defined with TRNsys 3d and modelled, and shading is considered

due to the shape of the building and the dimensions in CAD file.
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4.8.4 Simulation Studio

The .idf file is simply imported into the simulation studio via the new feature, which allows
for the creation of 3D buildings by incorporating weather data from Bolzano. The input will
consist of both a human-designed envelope for the third thermal zone and a design generated

by GPT-4.
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Figure 17 Process of Analysis in TRNsys
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Figure 18 Process of Analysis in TRNsys
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The outcome will be the hourly operative temperature for a full year, which will then be

incorporated into EN5251. Subsequently, the number of hours within the comfort zone will

be computed.

4.9 Result

in accordance with the chosen thermal zone, we have established schedules tailored to

facilitate the necessary analyses. These schedules are determined based on factors such as

occupancy, lighting, appliance usage, window shading factors, and strategies for natural

ventilation.
Option 1 SIA-2024-Dev-31 8-12 0.5 20%
O::tion 2 3 2 6w/m2 Office 14-1&4 15 50%
Table 7 SCHEDULE
Option GPT-4 Design
Shading 20% 20% 50% 50%
Ventilation 0.5 1.5 0.5 1.5
Classification Class | Class | Class | Class | Class | Class | Class | Class | Class | Class | Class | Class
A B C A B C A B C A B C
JAN 0 0 11 0 0 2 0 0 6 0 0 2
FEB 0 0 0 0 0 0 0 0 0 0 0 0
MAR 231 | 142 | 351 82 58 179 66 46 161 10 47 46
APR 121 96 264 | 381 201 | 463 | 444 150 526 | 415 135 503
MAY 6 14 49 78 44 127 92 6l 150 | 197 | 134 | 370
JUN 0 0 0 0 0 0 0 0 0 0 5 67
JUL 0 0 0 0 0 0 0 0 0 0 0 1
AUG 0 0 0 0 0 4 0 0 0 0 5 61
SEP 26 14 42 64 79 248 64 78 254 | 288 | 237 | 399
OCT 353 257 | 476 | 319 96 465 | 347 147 501 230 75 304
NOV 0 27 31 0 0 0 0 0 25 0 0 0
DEC 0 0 0 0 0 0 0 0 0 0 0 0
Vel 632 1689 1819 2817
Summer
Total Winter 1879 1201 1299 714
Total 2511 2890 3118 3531

Table 8 GPT 4 RESULT IN THERMAL COMFORT
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Option Human Design
Shading 20% 20% 50% 50%
Ventilation 0.5 1.5 0.5 1.5
Classification Class | Class | Class | Class | Class | Class | Class | Class | Class | Class | Class | Class
A B C A B C A B C A B C
JAN 0 0 7 0 0 3 0 0 3 0 0 3
FEB 0 0 0 0 0 0 0 0 0 0 0 0
MAR 197 137 | 334 82 51 175 64 43 137 13 42 54
APR 149 97 320 385 193 | 472 | 439 150 | 525 | 409 115 505
MAY 15 20 56 83 45 144 105 52 195 | 206 139 367
JUN 0 0 0 0 0 0 0 0 0 1 24 57
JUL 0 0 0 0 0 0 0 0 0 0 0 11
AUG 0 0 0 0 0 7 0 0 1 0 21 71
SEP 28 17 56 73 97 286 85 117 | 286 | 330 188 | 453
oCT 346 249 | 478 312 76 465 | 322 122 | 492 | 218 84 274
NOV 0 13 36 0 0 0 0 0 13 0 0 0
DEC 0 0 0 0 0 0 0 0 0 0 0 0
ez 758 1785 1955 2897
Summer
Total Winter 1797 1164 1196 688
Total 2555 2949 3151 3585

Table 9 HUMAN RESULT IN THERMAL COMFORT

By comprehensively considering a range of passive parameters, we obtain a nuanced

perspective on the functioning of each case. Upon closer examination, it becomes evident
that the hours spent within thermal comfort are closely aligned across all scenarios. However,
a more detailed analysis reveals that the Al-designed case demonstrates a marginally superior
level of efficiency in achieving thermal comfort. This insight underscores the potential of
artificial intelligence in optimizing building designs for enhanced comfort and energy
efficiency. This marks a potential starting point for humanity's quest to surpass artificial
intelligence. It signifies the initial steps towards mastering and harnessing the capabilities of
Al for human advancement. By embracing this moment, we pave the way for a future where
humans not only coexist with Al but also lead in utilizing its potential to enhance our lives.
This journey towards overcoming Al involves not just technological advancements, but also
ethical considerations and societal integration. As we embark on this path, we must ensure
that our advancements in Al align with our values and serve to empower humanity, rather

than overshadow it.
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Chapter 5 Summary and Conclusion

Building upon the insights gleaned from the preceding chapters, it becomes
apparent that the outcomes attained through Al-driven design approaches closely
approximate those achieved by human designers in terms of optimizing thermal
comfort. Thus, leveraging these findings, the subsequent section endeavors to
provide a comprehensive analysis by juxtaposing the attributes of both human-
designed and Al-designed solutions. This comparative examination, facilitated by the
accumulated results and pertinent criteria, aims to elucidate the nuances inherent in
each approach and shed light on their respective strengths and areas for
improvement.

SCORE BASED ON SUBJECTIVE JUDGMENT

CRTERIA AI DESIGN HUMAN DESIGN
GPT-4 ME

Evaluate how efficiently Al algorithms can optimize Assess the efficiency of human-designed thermal
EFFICIENCY : ; :
Subtitle thermal zone designs based on energy consumption, ~zones in terms of energy usage, comfort, and

comfort levels, and other factors. adherence to design standards.

Measure the accuracy of Al predictions and Evaluate the accuracy of human calculations,
ACCURACY ] S . . E ; i s .
Subtitle simulations in determining thermal behavior and predictions, and design decisions in achieving desired

optimizing designs accordingly. thermal conditions.

Adaptability:
Subtitle

Innovation

Scalability:

Environmental Impact:

Examine the Al system's ability to adapt to changing
environmental conditions, occupant preferences, and
building usage patterns.

Consider the potential for Al to introduce innovative
approaches and techniques in thermal zone design,
such as incorporating advanced materials or utilizing
novel algorithms.

Assess the scalability of Al-driven thermal zone
design solutions, including their ability to be applied
across different building types, sizes, and
geographical locations.

Evaluate the environmental impact of Al-designed
thermal zones, considering factors such as energy
efficiency, carbon footprint, and sustainability.

Table 10 COMPARATIVE CONCLUSION
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Assess the flexibility of human designers in adapting
thermal zone designs to different contexts,
requirements, and constraints.

Evaluate the creativity and innovation that human
designers bring to thermal zone design, including
unique solutions to complex problems and
incorporation of new technologies.

Evaluate the scalability of human-designed thermal
zones in terms of their applicability to various
contexts and their adaptability to different scales of
projects.

Assess the environmental considerations
incorporated into human-designed thermal zones,
including the use of eco-friendly materials, renewable
energy sources, and sustainable design practices



5.1 Summary of Findings

1./Hfectiveness of Al in Building Design: The study conclusively demonstrates that Al tools
can significantly enhance building performance, particularly in terms of thermal comfort. Al-
driven design solutions were found to be more efficient and effective in optimizing thermal

comfort compared to traditional human-designed methods.

2.Momparison of Al and Human Design: The comparative analysis revealed that buildings
designed with Al assistance outperformed those designed solely by humans in terms of
energy efficiency and thermal comfort. This underscores the potential of Al in

revolutionizing the field of architecture and building design.

3./Adoption and Integration of Al Tools: The research highlights key factors influencing the
adoption of Al tools in building design, including technological advancements, cost-
effectiveness, and the ability to handle complex design requirements. The study suggests
that the integration of Al in architectural practices can lead to more sustainable and energy-

efficient building designs.

4. fEarriers and Challenges: While the benefits of Al in building design are evident, the study
also addresses the challenges and barriers to its widespread adoption. These include the
need for specialized training, the integration of Al tools into existing design workflows, and

addressing concerns related to data privacy and security.

5.A&Eture of Al in Architecture: The thesis concludes with a forward-looking perspective,
suggesting that the continuous evolution of Al technologies will further enhance their
applicability in building design. It recommends ongoing research and development to
harness Al's full potential in creating more sustainable, energy-efficient, and occupant-

friendly buildings.

6.Mplications for Practice and Research: The study offers practical implications for
architects, engineers, and designers, emphasizing the need to embrace Al tools for better

building performance. It also opens avenues for future research, particularly in the
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development of more advanced Al algorithms and their application in various aspects of

building design and construction.

5.2 Conclusions

In conclusion, this research, 'The Potential of Al Tools to Enhance Building Performance by
focusing on Thermal Comfort: A Comparative Study of Al Designing and Human Design in
Building and Architecture,' was fundamentally driven by the belief in innovation and progress
as vital responses to contemporary challenges. The central thesis explored the potential of Al
tools to elevate building performance, with a specific lens on thermal comfort. This
exploration involved a comprehensive comparative study between Al-aided design and

traditional human design within the realm of building and architecture.

Throughout this journey, the research unveiled the substantial benefits of integrating Al
into architectural and building engineering. Al's capacity to enhance energy efficiency and
optimize thermal comfort in buildings was consistently demonstrated, presenting a promising
pathway towards more sustainable and comfortable living environments. This was
particularly evident in the comparative analyses, where Al-designed buildings often surpassed

their human-designed counterparts in terms of performance and sustainability.

Moreover, the study acknowledged and addressed the challenges inherent in harnessing
the full potential of Al tools. It recognized the limitations that might impede access to diverse
resources and various software solutions in the architectural field. Despite these hurdles, the
research steadfastly pursued its aim to chart a new course for the effective integration of

artificial intelligence into architectural and building engineering practices.

In retrospect, this thesis has not only contributed to the academic understanding of Al's
role in architecture but also laid down a foundation for future explorations in this field. It is
hoped that the insights gained from this study will encourage further research and practical
application, leading to a future where Al is seamlessly integrated into the fabric of building

design and construction. Ultimately, this research stands as a testament to the transformative
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power of artificial intelligence in shaping a more efficient, sustainable, and comfortable built

environment.

5.3 Implications and Recommendations

Suggestions for Future Research and Practical Implementations

1. Advancement of Tailored Al Solutions: Moving forward, researchers should concentrate on
crafting Al tools specifically tailored for architecture and building design. These tools could
target distinct hurdles such as material selection, structural integrity, and environmental

considerations.

2. Enhanced Training and Educational Initiatives: Educational programs need to be developed
to furnish architects and designers with the requisite skills for proficient Al utilization. This
encompasses grasping Al functionalities, interpreting its outcomes, and seamlessly

integrating Al insights into the design workflow.

3. User-Focused Al Design: Subsequent Al tool development should prioritize user experience,
ensuring accessibility and usability for architects and designers with varying technical

proficiencies.

4. Facilitating Collaborative Al Development: Fostering collaboration among architects,
engineers, Al developers, and stakeholders is imperative for crafting pragmatic Al tools that

effectively address real-world design challenges.
5. Exploring Ethical Dimensions of Al Deployment: Delving into the ethical ramifications of Al
adoption in architecture is paramount. This entails examining issues such as data privacy,

algorithmic biases, and the environmental implications of Al operations.

6. Seamless Integration with Existing Architectural Software: Future research endeavors

should focus on seamlessly integrating Al tools with prevalent architectural software and
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Building Information Modeling (BIM) systems, thereby augmenting workflow efficiency and

data interoperability.

7. Conducting Comprehensive Case Studies and Real-World Trials: Conducting extensive case
studies and real-world trials of Al in diverse architectural projects would yield valuable

insights into its pragmatic applications and constraints.

8. Exploring the Synergy Between Sustainability and Al: Investigating the synergy between Al
and sustainable building design is crucial. This involves exploring avenues where Al can
further contribute to energy optimization, resource management, and lifecycle analysis in

architectural endeavors.
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