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Abstract

Due to the exponential increase in energy consumption within the residential building sector
worldwide, there is a recognized need for targeted mechanisms to predict and optimize
energy consumption in residential buildings. Accordingly, this research defines and
investigates a predictive energy consumption model and optimizes geometric parameters of
single-story residential buildings in Melbourne through energy performance simulation
within a Performative Computational Architecture (PCA) framework. The main method of
this research adopts a quantitative approach, involving coding based on the geometric
parameters of residential buildings, simulation, modelling, and optimization within the
Grasshopper programming environment in Rhino software. The study model focuses on
common single-story residential buildings in Melbourne. Finally, based on linear and
nonlinear regression testing, a predictive model for energy consumption, heating demand,
and cooling demand of single-story residential buildings in Melbourne. is presented in six
equations. Based on the findings, among architectural variables, building volume and area
have the highest correlation with energy performance and are considered the most important
architectural variables. Also, based on the findings, nonlinear models have a better fit and
predict more than 97% of energy consumption changes of the single-story residential
buildings in Melbourne based on the overall geometric characteristics of the building with a
confidence factor of over 95%. Also, based on the findings, it is concluded that the square
shape is the best plan shape for the single-story residential building in terms of energy
performance. In addition, based on the findings, energy consumption per square meter
decreases as the floor area increases and the height of the space decreases. It is concluded
that the geometric characteristics of residential buildings influence building energy
consumption by up to 34%. This could have a significant impact on global energy
consumption. This highlights the need to consider the impact of geometric parameters in the
development of urban planning and architectural regulations in Melbourne.

Keywords: Energy Consumption Simulation, Predictive Energy Consumption Model,
Performative Computational Architecture, Energy Performance Optimization, Single-story
Residential Buildings in Melbourne
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Chapter 1: Body of Thesis

1-1- Introduction

Housing design, as the most fundamental living space for humans and the environment
where people spend most of their time, holds significant importance. The rapid expansion of
the building sector has led to an increase in global energy consumption (Chong et al., 2021).
Due to the limitations of energy resources, development should proceed alongside energy
consumption efficiency solutions (Abdul Hakim, 2011). The building sector is recognized
as the largest energy consumer, accounting for a substantial percentage of global energy use,

particularly in major cities (Masoso & Grobler, 2010).

Based on conducted research, one-third of total energy in most countries pertains to the
building sector (Chong et al., 2021), and a major portion of energy consumption within
buildings is related to residential buildings in urban areas (International Energy Agency,
2022). The United Nations Environment Programme (UNEP) also reports that 30 to 40
percent of the world’s energy is consumed by buildings (Bakar et al., 2015). If this trend
continues, the building sector’s share of energy consumption alone may eventually match
the combined shares of the industrial and transportation sectors (Jiye & Liang, 2010).
Although this could be perceived as a threat, it presents a significant opportunity for

sustainable energy planning within the building sector.

Consequently, optimizing building energy efficiency is essential for sustainable energy
management (Jamaludin et al., 2011). Energy efficiency plays a crucial role in controlling
energy consumption, reducing costs, preserving the environment, and maintaining
environmental comfort in buildings (Parameshwaran et al., 2012). With the current increase
in global energy consumption, the main concern extends beyond how to produce the required
energy to identifying ways to improve energy efficiency and make better use of sustainable
energy sources (Bakar et al., 2015). To this end, various approaches have been proposed in
building energy analysis methods. The architectural design process plays a critical role in
achieving low-energy consumption in buildings; therefore, analyzing building energy
performance within the design process can be highly significant. Accordingly, this study

examines building energy performance throughout the building design process.



1-2- Problem Statement

As mentioned, research indicates that one-third of total energy in most countries is associated
with the building sector (Zhang et al., 2022; Chong et al., 2021). With global population
growth and the resulting rise in residential construction, housing can be identified as one of
the most significant sectors influencing global energy consumption. In this regard, a review
of the literature reveals that one of the most influential factors affecting the energy
performance of residential buildings is physical factors (Ataman & Dino, 2022; Cao et al.,
2020). In this study, the physical factors of single-story residential buildings in Melbourne
are defined based on the layout of the building’s exterior shell. Studies have shown that
spatial layout can significantly impact a building’s energy performance, including heating,
cooling, lighting, and ventilation requirements. In the context of building energy
performance, the use of simulation mechanisms in the design process can be highly
beneficial. However, the use of simulation software has not been common among designers
in recent years (Kanters et al., 2014). The reasons for this include the complexity of using
simulation programs, the specialization of interpreting the resulting information, converting

the results into design, and the length of the simulation process.

Performative Computational Architecture (PCA), however, provides an effective solution to
address all these concerns. Performative Computational Architecture employs a computer
algorithm (Singh & Gu, 2012) that allows for easy examination of energy performance
variations by modifying the building’s geometric parameters. The proposed framework,
termed "Performative computational architecture," consists of three main stages: Form
Generation, Performance Evaluation, and Optimization, as illustrated in the figure 1-1. The
mechanism of Performative Computational Architecture provides an effective response for
utilizing energy performance simulation in the design process of spatial layout. This
mechanism employs a parametric computer algorithm in the design process aimed at
improving building performance (Ekici et al., 2019). In this study, the Performative
Computational Architecture process is utilized within the framework of Generative Design
of Spatial Layouts (GSL) (Attia et al., 2013). This framework, offers an opportunity to (1)
automate the generation of a large set of spatial layouts for the external shell of single-story
residential buildings (2) evaluate their energy performance (3) and optimize the best

responses. This process is carried out within a reasonable time frame based on parametric
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and algorithmic rules. Overall, this mechanism has the capability to optimize single-story

residential buildings spatial layouts across largely contradictory performance objectives.

Form

Start The Generation Process .
Generation

Performative Computational Architecture
Sariyildiz, 2012

Performance
Evaluation

Optimal Solutions

Figure 1-1. Framework of Performative Computational Architecture (Sariyildiz, 2012)

In this approach, the Grasshopper programming environment is used for coding.
Furthermore, in the subsequent process of automatically generating spatial layouts with
optimal energy performance (G-EPO), energy performance evaluation is considered. In this
research, energy performance is simulated based on total energy consumption, heating
demands, cooling demands, and useful daylight factor within the Grasshopper programming

environment and by Ladybug Tools plugin.

Following this process, two cycles of Performative Computational Architecture are defined
for the study, including a modelling cycle and an optimization cycle. In the modelling cycle,
the Colibri tool is utilized to define a comprehensive set of design responses and the energy
performance results for each layout, and the results obtained are modelled using the
algorithm. Additionally, in the optimization cycle, the Non-dominated Sorting Genetic
Algorithm IT (NSGA-II) is used within the Wallacei plugin to optimize energy performance.
Ultimately, this study presents models for predicting the energy performance of single-story

residential buildings in Melbourne based on the spatial layout parameters.

Furthermore, the spatial layout parameters of single-story residential buildings are

determined and prioritized based on optimal energy performance. Accordingly, this research



employs the Grasshopper tool and the Ladybug Tools plugin for the Performative
Computational Architecture of single-story residential building's external shell based on its
geometric variables in Melbourne. To achieve accurate energy performance prediction,
predictive modelling is conducted using nonlinear regression tests in SPSS on the collected
data. In conclusion, this study provides the predictive equations for energy performance of

single-story residential buildings in Melbourne (Figure 1-2).

Defining Defining Selection of Defining
Variables Statistical Population Samples Generative Algorithm

Implementation Of Defining
Simulation Process HB Energy Zones

Figure 1-2. Mechanism of Predictive Modelling for Energy Performance.

The mechanism of predictive modelling for energy performance provides an effective
response for utilizing energy performance simulation in the design process of spatial layout.
Accordingly, this research encompasses twelve sections, including selecting design
variables, defining the statistical population, selecting sample models, defining energy zones
and energy simulation settings, executing the simulation process, analysing simulation data,
conducting the modelling process, defining algorithms and optimization settings, carrying
out the optimization process, analysing the data obtained from optimization, executing the
modelling process based on optimization data, and conducting a comparative review of the
data obtained from the simulation and optimization processes. As mentioned, in this study,
Melbourne in Australia is chosen as the design territory, with single-story residential
building, a common model in Melbourne, selected for simulation. The reason for choosing
Melbourne is due to the increasing development of construction processes in this city in
recent years. Also, this study was conducted on single-storey residential buildings. Single-
storey residential buildings are the most common residential buildings in Melbourne.
Therefore, the study of these buildings can be helpful in the environmental sustainability of
Melbourne. Also, based on the literature, given that the impact of the general characteristics
of the building on the energy performance and daylight of the building is much greater than
other characteristics, in this study, in order to achieve a set of standards, only the general
characteristics of the building are considered. Adding other characteristics to this study
reduces the accuracy of achieving the overall characteristics. Accordingly, other

characteristics are considered as fixed control variables. Ultimately, it is anticipated that this



research will present an organized mechanism for designing residential buildings in

Melbourne.

1-3- Importance and Necessity of the Research

According to the International Energy Agency (IEA) report, residential and commercial
buildings worldwide accounted for over 31% of final energy consumption in 2020 (Chong
et al., 2021). In OECD countries, energy consumption is 32%, while in the United States, it
is 31%, and in Portugal, it is 26% (International Energy Agency, 2011). When analyzed
based on end-use, heating and cooling account for 55% of energy use in residential buildings
(International Energy Agency, 2013). Therefore, designing energy-efficient buildings is key
to minimizing the expected growth rate of energy consumption in residential buildings
(Gouveia et al., 2012), highlighting the necessity for achieving energy-efficient architectural

solutions.

Using performance simulation in the design process to estimate how buildings behave can
help improve their energy efficiency. However, the use of such simulators is still not a
common practice in architectural design. Architects typically rely on their past experiences
or rule-based approaches (Ramezani et al., 2025; Kanters et al., 2014). Researchers have
worked on the usability of graphical interfaces and the development of optimization
techniques to enhance the design solutions of buildings. However, such approaches focus on
final design stages, while significant decisions affecting a building's thermal performance
are made in the early stages. Therefore, it is essential to define a method for energy

evaluation in the early design phases.

In this regard, the performative computational architecture approach at the spatial layout and
programming stages can provide an appropriate response to this issue. The aim of this
research is to optimize the spatial layout of residential buildings based on building energy
performance (BEP), which is currently receiving significant attention due to the global
energy crisis and the importance of architectural impact on it (Coakley et al., 2014).
Although it is anticipated that building energy performance (BEP) will be significantly
influenced by the geometric factors of architectural space, these factors are rarely considered
in discussions related to energy-efficient building design. Hence, the significance of this
research in optimizing the geometric factors of residential buildings based on the energy

performance of residential buildings is affirmed.



1-4- Research Objectives

In this research, a performative computational architecture model will be utilized to develop
a generative algorithm for residential building based on its geometric factors, aimed at
optimizing energy performance. To this end, the objectives of this research are presented in
two sections: the main objective and sub-objectives. Accordingly, the main objective of this

research, based on the stated problem, is as follows:

To identify and analyse the predictive model of energy performance of typical single-story
residential buildings in Melbourne based on geometric parameters through performative

computational architecture model.

The sub-objectives of this research are as follows:

1. Clarification of the most significant geometric parameters of residential buildings
based on energy performance.

2. Optimizing the specifications of single-storey residential buildings based on building
energy performance in Melbourne and determining energy efficiency and daylight
performance.

3. Provide a set of standards and recommendations for the energy performance

efficiency of typical single-storey residential buildings in Melbourne.

Additionally, broader objectives such as global energy consumption efficiency and
achieving sustainable housing solutions at urban and regional scales will also be considered

in this research.

1-5- Research Questions

The architectural design process involves a continually evolving trial-and-error approach to
design solutions for buildings. Architects expect the energy performance of new buildings
to align with past building experiences or regulatory measures; however, this approach is
prone to failure. Since architects typically work on a single design solution that evolves
through each design stage to reach the final building design, other potential design solutions
that might perform better are often overlooked. Therefore, a mechanism for generating,
evaluating, and comparing alternative design solutions to achieve the best outcomes is

crucial (Attia et al., 2012; Papamichael & Pal, 2002). Thus, the research questions are
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presented in two main sections: primary and secondary. Based on the above, the main

research question is as follows:

How can the predictive model of energy performance of typical single-story residential
buildings in Melbourne based on geometric parameters be developed, and to what extent can

this model predict and optimize energy performance?

The secondary questions are as follows:

1. What are the geometric parameters of residential buildings that affect energy
performance, and how are their impacts prioritized?

2. What are the optimal specifications of residential buildings based on building energy
and daylight performance and to what extent can these specifications improve energy and
daylight performance?

3. What architectural strategies are there for the geometric parameters of typical single-

storey residential buildings in Melbourne to improve their energy and daylight performance?

Based on the above questions, this research considers the performance-based design (PBD)
approach (Ekici et al., 2019) as the main focus, with the foundation of the research built on
the framework of "Performative computational architecture" (PCD). Accordingly, the

hypotheses of the research will be presented next.

1-6- Research Hypotheses

Based on the aforementioned points, this research aims to examine and optimize the spatial
layout of the external envelope of residential buildings based on energy performance using
the proposed framework by Sariyildiz (2012), known as Performative Computational
Architecture (PCA). Accordingly, the hypotheses of the current research are presented in
two main and secondary sections, aligned with the research objectives. The main hypothesis

of the research is as follows:

The predictive model of the impact of geometric parameters of typical single-story
residential buildings in Melbourne can significantly predict and optimize energy

performance.



The secondary hypotheses of the research are as follows:

1. This research identifies the geometric parameters of residential buildings that affect
energy performance and prioritizes them based on energy performance.

2. The optimal specifications for the geometric parameters of residential buildings are
determined based on the energy performance of the building according to the Performative
Computational Architecture model.

3. Architectural strategies for the geometric parameters of typical single-story
residential buildings in Melbourne are identified to improve their energy performance based

on the Performative Computational Architecture model.

Additionally, it can be stated that the initial hypothesis of this research is the use of the
proposed Performative Computational Architecture mechanism by Sariyildiz (2012) to

achieve the research objectives.
1-7- Scope of Research

This research examines the climate of the city of Melbourne in Australia. Australia is located
in the Southern Hemisphere and has diverse climatic conditions. Its climatic regions consist
of several different climatic classifications (Figure 1-3; Table 1-1). Képpen defines various
climate classifications for Australia, while the Building Code of Australia (BCA) identifies
eight main climatic zones: tropical, subtropical, grassland, desert, warm temperate,

temperate, cool temperate, and mountainous.

o
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Figure 1-3. Climatic Classification of Australia



In this study, one of the eight major climatic regions defined by the Building Code of

Australia (BCA), specifically the city of Melbourne, is considered for optimizing energy

needs through passive energy designs.

Table 1-1. Characteristics of the Climatic Classification of Australia

1 Tropical Hot high humidity warm Cooling Darwin

2 Subtropical Very hot high humidity Mild Cooling Brisbane

3 Grassland Hot, dry warm Heating, Cooling Alice Spring

4 Desert Hot ,dry Cool Heating, Cooling Griffith

5 Warm Temperate Hot Mild Heating, Cooling Sydney, Perth

6 Mild Temperate Warm Cold Heating Melbourne

7 Cool Temperate Hot, dry Cold, dry Heating, Cooling Canberra

8 Alpine Mild Cold Heating Perisher, Smiggins

The table below outlines the key characteristics of each of the eight climatic zones.
Melbourne, the capital of Victoria and the second most populous city in Australia (the most
populous city in urban areas), has a temperate oceanic climate (K&ppen climate
classification) and is well-known for its variable weather conditions. This variability is
primarily attributed to Melbourne's geographical location. The temperature difference is
most pronounced during the spring and summer seasons, which can lead to the formation of
strong cold fronts. These cold fronts can lead to various severe weather conditions, ranging
from storms to thunderstorms and heavy hail, as well as minor temperature drops and heavy

rainfall. Generally, the city experiences low humidity during the summer.
1-8- Definition of Research Terms

As mentioned, this research focuses on the writing and application of a generative design
algorithm within the context of performative computational architecture to produce spatial
layouts of typical single-story residential buildingss aimed at optimizing energy

performance. Accordingly, the specialized terms used in this research are defined as follows:

. Predictive Modelling: This mechanism is a method for generating predictions based
on the performance of a system through the evaluation of a set of inputs and outputs derived
from a series of specified characteristics and constraints set by the designer. The results can
be defined in the form of mathematical equations (Chen et al., 2022; Himeur et al., 2021;
Wei et al., 2018).

. Performative Computational Architecture: This concept focuses on a

performance-based design (PBD) framework, introduced by Sariyildiz (2012) at the Delft
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University of Technology to enhance the design process. The framework of performative
computational architecture consists of three main stages: form generation, performance
evaluation, and optimization, demonstrating a repeatable design cycle mechanism aimed at
achieving optimal design responses based on specific performance criteria.

. Parametric Design: Parametric design is defined as the design of a subject based on
dimensions and characteristics expressed in the form of parameters (Moretti, 1971). Kalay
(1989) also defines parametric design as the formulation, calculation, and representation of
relationships between a group of variables in the form of a series of parameters that change
automatically.

. Building Energy Simulation: This concept refers to a mechanism for predicting
rule-based energy performance in buildings. It utilizes a well-defined set of rules to forecast

the energy behaviour of a complex system (Coakley et al., 2014).

The concepts presented in this section are the most significant specialized terms relevant to
this research. Additional concepts will be introduced throughout the thesis. The keywords
defined above will suffice for locating related articles in the main field of this study. Based
on the aforementioned information, residential buildings account for a significant portion of
final energy consumption worldwide. Therefore, optimizing building design for energy
performance is essential for minimizing energy consumption rates in residential buildings.
In this context, the use of simulation mechanisms in the energy performance assessment of
buildings is highly significant. However, the use of simulation software has not been
widespread among designers in recent years due to various reasons, including the complexity
of using dynamic simulation programs, such as correctly constructing simulation models,
interpreting results, making design decisions based on those results, user-unfriendly
interfaces, lengthy simulation processes in architectural design, and compatibility issues

with common computer-aided design software.

However, the mechanism of Performative Computational Architecture (PCA) can provide a
framework based on a computational algorithm that allows for the easy examination of
energy performance changes by altering the geometric variables of the building. According
to the points mentioned, this research aims to present a performative computational
architecture model that defines a design problem concerning the external shell of housing. It
seeks to conduct an extensive search across various common residential buildings and,

subsequently, determine the best spatial layouts in terms of energy performance through the
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evaluation and optimization of the obtained responses. This mechanism also enables the
development of a model for predicting energy performance based on assessments of the final

inputs and outputs.

Accordingly, the research questions, objectives, and hypotheses have been defined in two
main and sub-sections correspondingly. Additionally, based on the objectives of this
research, the overall methodology adopts a quantitative approach, involving coding, energy
performance simulation, optimization, and modelling based on the results obtained. In

alignment with these objectives, the second chapter will review the relevant literature.
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Chapter 2: Literature Review

2-1- Introduction

This chapter reviews the literature relevant to the research topic. As mentioned in Chapter
One, the objective of this research is to investigate the impact of geometric factors of a
typical single-story residence in Melbourne, Australia, on energy performance. This will be
achieved by defining a performative computational architecture model aimed at identifying
optimal solutions based on energy performance goals. Various factors influence energy
performance, among which geometric factors are a primary category. This chapter first
addresses the literature concerning factors that impact energy performance. Following this,
the performative computational architecture process utilized in this research is introduced.
The chapter also examines theoretical foundations related to the study, and, finally, evaluates
studies related to the field of this doctoral dissertation. At the end of this chapter, the

variables of this research will be delineated.

2-2- Examination of Physical Factors Affecting Building Energy Performance

The physical factors of buildings constitute the primary focus of this research, encompassing
a wide range of characteristics related to buildings and construction (Chen et al., 2020). This
examination mainly centers on the most prevalent factors, such as building shape,
orientation, wall insulation, window glazing, window-to-wall ratio (WWR), insulation
materials, and optimal insulation thickness. According to the studies reviewed, physical
factors can significantly influence a building's energy performance (Rodrigues et al., 2014).
The most basic effect of physical factors on energy performance is that varying building
dimensions accommodate different occupant densities (Du et al., 2020). Additionally,
spatial layout impacts occupant behavior, and variations in space occupancy directly affect
environmental comfort. Buildings possess diverse properties and characteristics that impact
energy consumption, identified and defined through various terms in the literature. Tsanas
and Xifara (2012) use the term "variable," while Li et al. (2019) refer to "form." Geyer and
Singaravel (2018) use "component," and Ciulla et al. (2019) employ "forms and
characteristics." Meanwhile, Seyedzadeh et al. (2019) use the term "feature." Building
characteristics can be categorized into physical and non-physical elements. The following

sections will explore the key physical factors in buildings that impact energy consumption.
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2-2-1 Building Form

Significant efforts have been made to identify the impact of building form on energy loads.
Research has been conducted based on diverse parameters. Ourghi et al. (2007) proposed a
simple analysis method to predict the effect of building form on annual cooling and total
energy consumption for an air-conditioned office building. Simulations were conducted for
four locations—Rome, Tunis, Cairo, and Gabes—indicating a strong interdependence
between annual energy consumption and various building features such as form, window
size, and glazing type. Caruso and Kémpf (2015) analyzed optimal three-dimensional
building forms that minimize energy consumption from solar radiation using an evolutionary
algorithm. The results suggest that compact forms with orientation towards a specific

direction in the sky, following a self-shading concept, are optimal and site-dependent.

Additionally, Depecker et al. (2001) suggested that in cold climates, the heating load is
directly proportional to the shape coefficient, which they define as the surface-to-volume
ratio. AlAnzi et al. (2009) introduced an analytical method to estimate the impact of building
form on the energy efficiency of air-conditioned office buildings in Kuwait. This analysis
considered multiple building forms, including rectangular, L-shape, U-shape, T-shape,
cross-shape, and H-shape. A study by Gomez-Mejia et al. (2007) in Tehran demonstrated
that building form orientation can save up to 105% of a building’s annual energy,
highlighting the importance of assessing orientation as a factor of form affecting energy

consumption.

Hachem et al. (2011) examined building form and found that the number of shaded facades
and the shading-to-shaded-facade ratio significantly affect solar radiation on non-convex
forms. This study was based on residential buildings in cold climates and examined seven
forms, including square, rectangular, trapezoidal, L, U, H, and T. In research on single-
family homes across five locations in the United States, Bichiou and Krarti (2011) identified
building form, window-to-wall ratio, and orientation as critical parameters for optimization.
Using three optimization algorithms, they were able to reduce energy consumption by 10—

25% depending on the house type, climate, and life-cycle cost.

For naturally ventilated residential buildings in Singapore, Wang et al. (2007) examined
optimal thermal comfort by adjusting thermal transmittance, window-to-wall ratio,

orientation, and shading device length. Mirrahimi et al. (2016) studied the impact of building
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form in Malaysia’s tropical climate, also evaluating other factors such as external walls,
roof, glazing, and natural ventilation. The primary goals were to improve thermal
performance and overall energy and lighting consumption in high-rise residential buildings.
In Argentina, Bre et al. (2016) conducted an energy optimization study on a typical
residential building, where some rooms were mechanically ventilated, while others relied on
natural ventilation. The results underscored solar absorption of exterior walls, thermal
transmittance, orientation, and window area as significant factors for cooling load reduction

in naturally ventilated spaces.

Oral and Yilmaz (2002; 2003) developed a method for determining building form to
minimize thermal load. Additionally, Marks (1997) studied optimal wall length ratios,
angles, and glazing form parameters for multi-story office buildings in Australia. This study
was expanded by Jedrzejuk and Marks (2002), who proposed a multi-criteria energy

consumption optimization method based on building form and layout.

2-2-2- Window-to-Wall Ratio

The building envelope significantly impacts energy consumption by separating conditioned
interior spaces from the external environment. This includes windows, exterior walls, and
the roof, which affect heat gain and heat loss processes (Marino et al., 2012). Among these
elements, the window-to-wall ratio (WWR) is one of the most critical aspects of the building
envelope, substantially influencing a building’s energy efficiency (Rana et al., 2022). Solar
heat gain through windows harnesses renewable energy sources like sunlight, reducing
heating loads in winter. However, windows, with their lower thermal insulation, also
contribute significantly to indoor heat loss (Hesaraki, 2017). In summer, windows facilitate
solar heat gain from the outside, increasing the cooling load of air conditioning systems. An
increase in window size, and consequently WWR, raises cooling loads in summer-dominant
areas (Rana et al., 2022). Gelesz and Reith (2015) found that a fully glazed facade could
account for up to 45% of a building's cooling load, while Pathirana et al. (2019) reported
that increasing WWR could raise solar heat gain from 20% to 50%.

In Saudi Arabia, Alwetaishi and Balabel (2017) conducted a study on educational buildings
to determine the optimal WWR under various climatic conditions, recommending a 10%
WWR for hot, humid climates. Goia (2016) suggested an optimal WWR range of 30-45%
for the general European climate. Marino et al. (2017) found that a WWR of 32% with low
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thermal transmittance glazing of 1.87 W/m?K optimized energy performance in Italy. Lee et
al. (2013) proposed that window sizes should be minimized on all orientations except the
north, with an optimal WWR of 25% in Asian climates. Feng et al. (2017) examined
different WWRs for various orientations in Shenyang’s severe cold climate, recommending
an energy-efficient WWR of 10-15% for the east and 10-22.5% for the south. Sedigh
Ziabari et al. (2019) demonstrated that the highest energy consumption occurs when WWR
exceeds 20% on the west side, but with ventilation, a 25% WWR performs best on the north
facade, and 20-30% is optimal for the south and east sides. In Pakistan, Masood et al. (2014)
found that increasing WWR beyond 20% impacts heat gain and heat loss in all directions.
Ahsan (2009) in Bangladesh showed that larger window areas significantly reduce
electricity consumption with a wall thickness of 125mm and window glazing of Smm at an

opening rate up to 50%.

Alwetaishi et al. (2017) also conducted research to determine the optimal WWR for
educational buildings in diverse climates, recommending a 10% WWR for hot, humid
regions. Gomez-Mejia et al. (2007) highlighted WWR’s role in influencing building
orientation decisions. Bichiou and Krarti (2011) optimized single-family homes in the U.S.,
focusing on WWR, building form, and orientation, reducing energy consumption by 10—
25%. Wang et al. (2007) found that a 24% WWR optimized energy consumption in

Singapore.

Additionally, Mangkuto et al. (2016) conducted a simulation study on tropical buildings to
evaluate the effects of WWR, window orientation, and wall reflectance on lighting energy
consumption and daylight metrics. The optimal solution from Pareto optimization suggested
a 30% WWR, 0.8 wall reflectance, and south orientation as optimal for design. This
literature suggests that optimal WWR varies depending on a building's climatic context, with
no universal guideline for all locations (Rana et al., 2022). The WWR design evolves with
solar radiation intensity, influenced by latitude, longitude, and the region’s solar path (Tong

etal., 2019).

2-2-3- Building Materials

Building materials significantly impact energy consumption (Yiiksek, 2015), as energy use
in buildings can be reduced by altering material properties such as thermal mass, insulation,

and heat transfer coefficient. Efficient building materials can be the most effective means of
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saving energy (Usta & Zengin, 2021), as they reduce fuel consumption and increase thermal
comfort by minimizing heat loss in buildings (Bolattiirk, 2008; Chwieduk, 2000). Many
researchers have highlighted the importance of energy-efficient building materials

(Tronchin & Fabbri, 2008; Su et al., 2016).

Thermal mass, as a property of materials, allows buildings to store heat against temperature
fluctuations (Sharaf, 2020). For example, a large thermal mass in the insulated section of a
home can mitigate daily temperature swings when outdoor temperatures fluctuate
throughout the day. Thermal mass absorbs thermal energy when the ambient temperature
exceeds that of the mass and releases it when the surroundings are cooler, reaching thermal

equilibrium (Brambilla et al., 2018).

Building materials and elements such as walls, roofs, floors, windows, doors, and ventilation
systems play a crucial role in the heat exchange process between the building's interior and
exterior. For instance, walls and roofs together account for 60% of heat leakage in buildings
lacking proper thermal insulation. Without adequate insulation, heat loss increases through
other building elements. Failure to control heat exchange between the building and its
external environment results in increased energy consumption to maintain suitable indoor
temperatures for occupants (Sadineni et al., 2011). Ignoring the thermal mass properties of
materials and sufficient thermal insulation leads to higher energy consumption in buildings

(DEFRA, 2016).

Building elements such as walls, roofs, floors, windows, doors, and ventilation systems
significantly impact heat equalization between the building interior and exterior. For
example, Sharaf's study (Sharaf, 2020) indicates that uninsulated walls and roofs together
contribute to 60% of heat leakage in buildings. Sharaf's research explores the role of thermal
mass in buildings to achieve thermal comfort within lower cooling and heating loads and
reduced energy consumption. If not adequately insulated, increased heat loss occurs through
other building elements. Uncontrolled heat exchange between a building and its external
environment leads to higher energy usage to provide suitable indoor temperatures for users

(Zhang et al., 2019).

Several studies have evaluated the impact of the heat transfer coefficient variable on building
energy performance. Findings from Wang et al. (2007) in Singapore suggest that the heat

transfer coefficient for fagade materials on the north, south, west, and east sides should be
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less than 2.5 W/m?K. Research by Al-Tarhuni et al. (2019) also examined energy
consumption in the U.S. Midwest based on wall area, wall heat transfer coefficient, window
area, and window heat transfer coefficient, assessing 972 samples. Other studies, including
Chen & Yang (2017), Ciulla et al. (2019), Amico et al. (2019), and Geyer & Singaravel

(2018), have evaluated the influence of materials on energy consumption.

2-2-4- Window Type

Conventional windows are crucial elements that allow sunlight to enter buildings. In these
windows, the solar heat gain depends on the type of glass used, window area, and building
orientation (Ateeque et al., 2017). Numerous studies have examined the impact of windows
on energy consumption, as they significantly influence energy consumption compared to
other building envelope elements (Abdelrady et al., 2021; Ragab Abdel Radi, 2020). Hee et
al. (2015) identified several criteria for the optimal selection of glass, including thermal
properties, optical properties, window size, window orientation, occupancy area, and costs.
Yoon et al. (2013) conducted a foundational study on energy performance characteristics
based on glass performance during the development of office buildings. Cesari et al. (2018)
studied the effects of different window sizes and types of glass on energy needs in hospital
patient rooms to determine energy savings using larger apertures and to identify the most
effective types of glass. Additionally, Seyedzadeh et al. (2019) investigated glass
characteristics, including distribution and area, to assess cooling and heating loads in the

Athens region of Greece.

The heat transfer coefficient of glass is a determinant factor in the selection of glass types
and has been analyzed in several studies. A poor heat transfer coefficient for glass leads to
reduced conductive heat loss and increased energy consumption. Re Cecconi et al. (2019)
examined a school in Lombardy, Italy, based on the heat transfer coefficient of glass
alongside the heat transfer coefficients of walls and roofs, studying 1,632 samples. Various
studies, including those by Al-Tarhuni et al. (2019), Amico et al. (2019), and Ciulla et al.

(2019), have also evaluated the heat transfer coefficient of glass.

Other studies have explored the use of nanomaterials in exterior windows due to their
thermal and visible light transmission properties (Ragab & Abdelrady, 2020; Leskovar &
Premrov, 2011). Leskovar and Premrov (2011) investigated an architectural design method

to create an ideal ratio of glazed areas in prefabricated wooden frame buildings concerning
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energy efficiency, focusing particularly on south-facing glazed surfaces. Abdelrady et al.
(2021) also examined the impact of nano-gel glass on the energy consumption of residential
buildings in New Aswan, Egypt. Moreover, various types of windows with active shading
systems can reduce the amount of solar radiation entering buildings. Thus, based on these
systems, the thermal performance of buildings can be significantly improved (Jelle, 2013).
These active shading systems can be classified into smart glass and kinetic shading devices
(Jalil & Roza, 2019). Smart chromatic glass can be divided into various categories, including
electrochromic (EC), gasochromic (GC), thermochromic (TC), and photochromic (PC) glass
(Nageib et al., 2020).

Electrochromic glass is one of the modern smart systems that are electrically activated (Ye
et al., 2019). According to Zhao et al. (2019), electrochromic glass can be controlled by
sunlight, temperature, and thermal load or any user-defined parameters. Gasochromic glass
has a simpler configuration than electrochromic glass (Nageib et al., 2020). The materials
for gasochromic glass can be coated directly onto a clear glass or plastic substrate without
the need for expensive transparent conductive layers. Based on research by Mirzaei et al.
(2019), gasochromic glass is suitable for large glass building facades due to its simple
configuration and low implementation costs. Thermochromic glass can automatically adjust
its spectral response properties according to temperature changes (Granqvist et al., 2014).
Thermochromic glass alters its thermal properties by transitioning and reflecting at a critical
temperature when its crystalline structure changes beyond a specific ambient temperature
(Rungqi et al., 2018). At lower temperatures, thermochromic glass allows solar radiation to
enter, while at higher temperatures, it reflects sunlight (Cui et al., 2018). Additionally,
photochromic glass changes color based on the intensity of incoming light or the spectral
distribution of light (Helmy & de Alaniz, 2015). Photochromic materials change their optical
properties when exposed to UV sunlight and revert to their original properties in the dark.
Overall, photochromic materials act as energy absorbers (Casini, 2016). Many studies

(Myunghwan et al., 2019; Aste et al., 2018) have examined the materials used in smart glass.

2-2-5- Building Airtightness

Airtightness of the building envelope or uncontrolled exchange of air between the interior
and exterior is a key variable in energy consumption and thermal comfort (Dominguez-
Amarillo et al., 2019). The method commonly accepted by the scientific community for

assessing airtightness is the blower door test. Numerous studies on air leakage in single-
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family homes have been conducted in Northern Europe (Gillott et al., 2016; Caillou et al.,
2010) and the United States (Chan et al., 2012; Chan et al., 2013) over the past three decades.
Additionally, in the last ten years, Spain has emerged as a research area for this topic in

Southern Europe (Fernandez-Agiiera et al., 2011; Tiberio & Branchi, 2013).

Overall, a review of the literature reveals that most articles examining energy consumption
related to infiltration report conditions in Northern Europe (Spiekman et al., 2010). The
study by Feijo-Muiioz et al. (2019) was conducted in Spain under temperate and continental
climates, focusing on the impact of airtightness on energy consumption. In another study,
Alves et al. (2014) evaluated the effect of infiltrations on energy consumption using a
simplified model. Meiss and Feijo-Mufioz (2014) analyzed 13 residential buildings in
Northern Spain to investigate the influence of airtightness on energy consumption.
According to the literature (Beko et al., 2011; Wall, 2006; Pinto et al., 2011), research on
building airtightness in developed countries has started earlier. Studies on airtightness in

China have also gained attention (Chen et al., 2012; Sun et al., 2011).

2-2-6- Shading Devices

Thermal and visual comfort inside a building varies depending on exposure to direct sunlight
during the day and night, as well as across seasons. Innovative daylighting shading devices
can effectively enhance interior comfort and control energy consumption (Proietti et al.,
2011; Sdringola et al., 2014). Numerous studies have been conducted on the use and
evaluation of external and internal shading systems. Kim et al. (2012) performed an
experimental configuration simulation and energy analysis of several internal and external
shading devices for apartment buildings in South Korea, demonstrating that external shading
devices provided a significantly higher percentage of energy savings for cooling compared
to internal devices. Yun et al. (2014) proposed a lighting and shading control strategy.
Freewan (2014) analyzed various parameters of an office building concerning visual comfort
and energy consumption, examining the impact of several types of shading devices on air
temperature control and light levels in offices located in hot climate regions, finding that all

shading devices improved the thermal and visual environment of the offices.

Several simulation studies have been conducted by Huang et al. (2014) to evaluate the
performance of different commonly used window designs in predominantly cooling

climates, indicating that the comprehensive performance of preset assumptions is better than
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internal shades. Atzeri et al. (2014) compared the performance of external and internal
shading devices concerning thermal and visual comfort in an open-plan office located in
Rome, showing that while the use of shades always improves thermal comfort, energy
consumption could increase as a result of specific building configurations. Babaizadeh et al.
(2015) compared five common shading configurations in five climate zones defined by
ASHRAE standards, ultimately providing a reference set of guidelines for decision-making
regarding the design of shading systems in various facilities. Kirimtat et al. (2016) conducted
a review of different types of shading devices used in various building types and climatic

regions.

Some studies have discussed the use of dynamic shading facades, specifically highlighting
how such devices can potentially impact heating and cooling energy consumptions and
lighting energy needs in a building (Marszal et al., 2011; Sartori et al., 2012). Extensive
research has been conducted to evaluate the effects of dynamic shading devices on energy
consumption. In earlier studies, heating and energy performance were assessed when a
building was equipped with roller shades, horizontal shading devices, vertical shading
devices, and Venetian blinds (Lee et al., 2016). Tzempelikos et al. (2013) compared the
thermal and lighting energy performance differences of a facade depending on various
shading control strategies, such as solar radiation, lighting, and glare. This study indicated
that a maximum difference of 50% in the annual lighting energy required for a facade where
roller shades were installed could occur depending on shading device control strategies.
Other studies (Montier et al., 2013; Van Den Wymelenberg, 2012) proposed methods to
divide the movements of a shading device into several stages at equal intervals to describe
changes in position with the performance of a shading device. In Montier et al. (2013), the
position changes of three shading devices—namely sliding panels, vertical folding panels,
and horizontal folding panels—were divided into four stages. Kim (2013) proposed a
method for extracting shading coordinates at the facade level, utilizing sun vectors, shading
device position coordinates, and window position coordinates. Additionally, Feito et al.
(1995) introduced a method for examining shading in a two-dimensional framework. The

study conducted by Murta (2016) proposed a General Polygon Clipper (GPC).

2-2-7- Azimuth

Due to issues related to the use of non-renewable energy sources, there has always been a

need for sustainable and non-polluting alternative energy sources, which has led to extensive
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research in this area (Kamanga et al., 2014). Solar energy, due to its availability, is a highly
popular renewable energy source (Bozikova et al., 2021). Based on presented facts, it is
evident that solar energy can be converted into electrical and thermal energy with positive
and economic effects. Today, one of the primary reasons for utilizing solar mechanisms and
systems is their ecological benefits and sustainability (Sadati et al., 2015). Kalogirou (2004)
observed that solar energy provides one of the best solutions to the problem of climate
change. The amount of solar radiation received depends on geographical latitude, the day of
the year, the tilt or slope angle, the azimuth angle of the surface, the time of day, and the
angle of incident radiation (Xu et al., 2017; Jafarkazemi & Saadabadi, 2013). One of the
most crucial factors that can be controlled to maximize the amount of received irradiance is

the azimuth angle of the surface (Antonanzas et al., 2018).

Many researchers (Hussein et al., 2004; Rowlands et al., 2011; Salih, 2017; Yadav, 2013)
have presented findings indicating that for any location on Earth with different radiation
characteristics, an optimal tilt angle can be determined to achieve the best solar energy
reception. The received energy is highest when solar radiation is incident perpendicular to
the surface (Yadav, 2013). A case study focused on determining the optimal tilt angle for
photovoltaic cells for each month in Nigeria confirmed its variability throughout the year.
The performance of a photovoltaic cell is also influenced by the azimuth angle. The impact
of various orientations of horizontal and vertical solar panels on the integration of solar
energy into low-voltage distribution networks was identified by Laveyne et al. (2020).
Mehleri et al. (2010) provided results for the optimal tilt angle and azimuth orientation for
solar energy reception to maximize solar irradiance for a specific time period. In particular,
the effect of azimuth angle on energy production in photovoltaic cells was studied and
empirically evaluated (Dhimish & Silvestre, 2019). Overall, in the field of azimuth angle,
most studies have discussed optimal tilt angles for the best performance, design, and
simulation of solar energy systems. There are also several studies conducted to find the best
performing geographic areas in terms of solar energy reception, while others compare

different locations (Hafez et al., 2017).

Optimizing the tilt angle for solar energy reception based on azimuth angle has been studied
for various locations in European countries, including Turkey (Bakirci, 2012; Ertekin et al.,
2008), Romania (Stanciu et al., 2016), Austria and Germany (Hartner et al., 2015), Italy
(Calabr, 2013), Greece (Mehleri et al., 2010), Cyprus (Ibrahim, 1995), Spain (De Miguel et
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al., 1995), as well as for Middle Eastern countries like Oman (Jafari & Javaran, 2012), the
United Arab Emirates (Jafarkazemi & Saadabadi, 2013), Saudi Arabia (Tamimi & Sowayan,
2012; Benghanem, 2011), Egypt (Elminir, 2006), Jordan (Alatarawneh et al., 2016; Shariah
et al., 2002), and Syria (Shariah, 2002). In Asian countries such as Pakistan (Khahro et al.,
2015), Thailand (Krishna et al., 2015), Indonesia (Handoyo et al., 2013), China (Shen et al.,
2018; Lietal., 2007), Taiwan (Chang, 2010), India (Jamil Ahmad & Tiwari, 2009; Agarwal
et al., 2012), Japan (Hiraoka et al., 2003), and Bangladesh (Ghosh et al., 2010), as well as in
the Americas, such as Canada (Siraki & Pillay, 2012) and the United States (Lave & Kleissl,
2011; Gong & Kulkarni, 2005). All the mentioned studies indicate that the tilt angle and
changes in azimuth angle have a significant impact on the amount of solar energy received
and, consequently, on energy consumption. From a theoretical perspective, mathematical
models and methods exist for calculating and comparing the best solar reception angles
based on monthly diffuse radiation and actual monthly diffuse radiation (Tang & Wu, 2004).
The operational parameters of photovoltaic modules have also been modeled and discussed
in the literature (Nguyen & Nguyen, 2015). The relationship between energy production and

energy consumption in irrigation networks was also investigated by Pardo et al. (2018).

From a practical perspective, an optimal technique to enhance solar reception on a surface
is the use of solar trackers (Poulek et al., 2016; Mishra & Thakur, 2016). Active solar
trackers follow the sun's path and optimize the position of the solar surface. Tracking
systems are used to maximize the daily solar energy received by photovoltaic modules
(Hailu & Fung, 2019). Solar trackers consist of mechanical components that ensure the
rotation of solar modules; therefore, one of the disadvantages of solar trackers is the
mechanical failure of their parts and the more challenging maintenance compared to
stationary solar panels. Trackers are slightly more expensive, require energy to operate, and

may not always be usable due to specific installation conditions.

2-2-8- Orientation Angle of Buildings

Morrissey et al. (2001) examined the topic of orientation concerning the energy consumption
of buildings, recommending a southern orientation for buildings located in the Northern
Hemisphere. This orientation can maximize heat and solar radiation. Most design guidelines
suggest that the longest wall sections should face south (Morrissey et al., 2001). For optimal
performance of passive solar panels, Littlefair (2001) suggested that the best orientation for

buildings is 20 to 30 degrees toward the south. Gupta and Ralegaonkar (2004) developed a
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model for related calculations, rotating the building from 0 to 180 degrees and applying
varying shape values to estimate the received solar radiation. This method can be used to
find the optimal orientation angle for receiving minimal solar radiation in summer and
maximum solar radiation in winter. The authors concluded that the optimal orientation is
generally achieved when the longest wall sections are oriented toward the north and south,

meaning the building has an east-west elongation.

Most previous studies believed that the shape of the building is the most important factor in
determining its optimal orientation. However, optimal solutions may vary under different
conditions. For instance, Aksoy and Inalli (2006) examined the relationship between the
optimal orientation of buildings and their shape with three shape coefficient values (0.5, 1,
and 2). According to their numerical analyses, square-shaped buildings (shape coefficient =
1) have more advantages compared to the other two buildings without any insulation. For
rectangular buildings with shape coefficients of 2 and 0.5, the optimal solutions dictate that
the azimuth angles of the buildings should be 0 degrees and 80 degrees, respectively.
Florides et al. (2002) evaluated the most efficient energy orientations for a square building
in terms of minimizing heating demand. The optimal orientation for a building is to face the
four cardinal directions. In contrast, for a rectangular building, the best orientation is for the
smallest wall section to face east, with the building elongated in an east-west direction, to

minimize heating requirements.

However, considering only the shape of the building cannot guarantee its optimal
orientation, as the orientation variable can depend on many factors. For example, the glass-
to-wall ratio and relative compactness are significantly important for optimizing energy
performance based on building orientation. Some studies even indicated that the glazing
ratio is a more critical parameter than building shape and relative compactness in
determining building orientation (Fallahtafti & Mahdavinejad, 2015). To reduce the heating
demand of a building, both the relative compactness and large glazing ratio should be taken

into account (Pessenlehner & Mahdavi, 2013).

Some studies have focused on additional determinants of building orientation. Building size
has been proposed as an important consideration in the design of passive solar residential
buildings (Morrissey et al., 2011). Morrissey et al. (2011) found that smaller buildings are
less sensitive to changes in orientation. In other words, higher design standards for smaller

buildings can be more easily applied across various directions, resulting in relatively lower

25



associated costs. Abanda and Byers (2016) suggested that the life cycle of a building should
be considered when assessing the impacts of orientation for smaller buildings. Based on
their simulations, the most cost-effective orientation is +180 degrees from the baseline,

which could lead to annual energy savings of £878 over a 30-year lifespan.

Morrissey et al. (2001) explored the topic of orientation regarding energy consumption in
buildings, recommending a southern orientation for buildings located in the Northern
Hemisphere, as this orientation can maximize heat and solar radiation. Most design
guidelines suggest that the longest wall sections should face south (Morrissey et al., 2001).
For optimal performance of passive solar panels, Littlefair (2001) suggested that the best
orientation for buildings is 20 to 30 degrees toward the south. Gupta and Ralegaonkar (2004)
developed a model for relevant calculations, rotating the building from 0 to 180 degrees and
applying varying shape values to estimate the received solar radiation. This method can be
used to find the optimal orientation angle for receiving minimal solar radiation in summer
and maximum solar radiation in winter. The authors concluded that the optimal orientation
is generally achieved when the longest wall sections are oriented north and south, meaning

the building is elongated in an east-west direction.

Most previous studies have asserted that the shape of the building is the most critical factor
in determining its optimal orientation. However, optimal solutions may vary under different
conditions. For instance, Aksoy and Inalli (2006) examined the relationship between the
optimal orientation of buildings and their shape using three shape coefficient values (0.5, 1,
and 2). According to their numerical analyses, square-shaped buildings (shape coefficient =
1) provide more advantages compared to the other two buildings without any insulation. For
rectangular buildings with shape coefficients of 2 and 0.5, the optimal solutions indicate that
the azimuth angles of the buildings should be 0 degrees and 80 degrees, respectively.
Florides et al. (2002) evaluated the most efficient energy orientations for square buildings
in terms of minimizing heating demand. The optimal orientation for a building is to face the
four cardinal directions. In contrast, for rectangular buildings, the best orientation is for the
smallest wall section to face east, with the building elongated in an east-west direction, to

minimize heating requirements.

However, considering only the shape of the building cannot guarantee its optimal
orientation, as the orientation variable can depend on many factors. For example, the glass-

to-wall ratio and relative compactness are significantly important for optimizing energy
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performance based on building orientation. Some studies even indicate that the glazing ratio
is a more critical parameter than the shape of the building and relative compactness in
determining building orientation (Fallahtafti & Mahdavinejad, 2015). To reduce a building's
heating demand, both a high relative compactness ratio and glazing should be considered

(Pessenlehner & Mahdavi, 2013).

Several studies have focused on other determinants of building orientation. Building size
has been suggested as an important consideration in the design of passive solar residential
buildings (Morrissey et al., 2011). Morrissey et al. (2011) found that smaller buildings are
less sensitive to changes in orientation. In other words, higher design standards can be more
easily applied across various directions for smaller buildings, resulting in relatively lower
associated costs. Abanda and Byers (2016) proposed that the life cycle of a building should
be considered when assessing the effects of orientation for smaller buildings. According to
their simulations, the most cost-effective orientation is +180 degrees from the baseline,

which could lead to annual energy savings of £878 over a 30-year lifespan.

2-2-9- Thermal Mass

One of the physical factors influencing the energy performance of a building is its thermal
mass. The thermal mass of the materials used in a building determines the ability of the
building to store thermal energy (Sharaf, 2020). Thermal mass, in turn, can have a significant
impact on the indoor temperature, electrical requirements, and occupant comfort. (Reilly &
Kinnane, 2017). Thermal mass is important for heating and cooling applications for
buildings that are continuously and sustainably active. For the thermal mass of a building,
three components can be defined: structural elements, air volume, and other objects. In this
regard, several studies have been conducted to understand the impact of thermal mass on

buildings in a more structured manner.

Aste et al. (Aste et al., 2015) conducted a parametric study for a number of wall types for
heating and cooling applications. In this regard, their study was limited to the climate of
Milan, Italy. Asan (Asan, 2006), conducted a study on the effect of wall materials and
thickness on the delay time and reduction factor for a wide range of homogeneous walls.
Few studies have investigated the different effects of placing insulation and thermal storage

layers in a wall, usually relying on 1D studies and controlling wall thickness (Kossecka &
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Kosny, 2002). Some research has also investigated the effect of thermal mass on energy

performance.

2-2-10- Thermal Bridge

Part of the heating load comes from heat loss through thermal bridges of the building
envelope, which can account for up to 30% of the total energy consumption of an apartment
building in winter (Zhang et al., 2022; Bras et al., 2014). In general, apartment buildings
have a great potential to reduce energy consumption by improving the effects of thermal
bridges. Accordingly, many researchers have focused their attention on the construction
details in the field of thermal bridges. In general, thermal bridges are created by high thermal
conductivity materials in the insulation structures of buildings, which leads to a significant
increase in heat flow through the wall (Theodosiou et al., 2021). As a result, thermal bridges
increase excess heat loss in winter and heat gain in summer (Capozzoli et al., 2013). Also,
heat loss due to thermal bridges in winter leads to a decrease in indoor temperature and an
increase in condensation (Alhawari & Mukhopadhyaya, 2018). In general, in a building,
windows, doors, and joints are weak areas that can form thermal bridges (Zhang et al., 2022;
Asdrubali et al., 2012). An effective solution to reduce heat loss due to thermal bridges is to
improve the thermal resistance of the locations where thermal bridges are formed (Garrido
et al., 2018). To prevent heat loss due to thermal bridges, the first step is to apply more
insulation to the building envelope (Zhang et al., 2022). In general, various studies
(Theodosiou et al., 2021; Alhawari & Mukhopadhyaya, 2018) explained that a well-
insulated building structure can prevent thermal bridges. In general, two categories of
external and internal systems for building insulation affect thermal bridges (Zhang et al.,
2022). Generally, the external insulation system performs better than the internal insulation

system under the influence of thermal bridges (Bras et al., 2014).

2-3- Examination of Factors Influencing the Relationship Between Physical Factors

and Building Energy Performance

A diverse set of factors influences the relationship between physical factors and building
energy performance. In fact, building energy performance is affected by a complex
interaction of various elements. A review of research related to the impact of physical factors

on energy performance shows that the physical characteristics of a building can affect energy
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performance in multiple aspects. Accordingly, the influence of physical factors on Building

Energy Performance (BEP) can be examined alongside three general factors:

2.3.1 Environmental Conditions Surrounding the Building

This section examines the impacts of climatic conditions on building energy consumption,
including outdoor air temperature, relative humidity, solar radiation, and wind speed.
Outdoor air temperature is considered the most significant environmental factor for
determining building energy consumption. Previous studies have shown that heating and
cooling periods are based on degree days and outdoor air temperature (Liu et al., 2017). Lok
et al. (2005) recorded long-term climate data for five cities in China, which represent five
main climates: cold, cold with cold winters and hot summers, temperate winters with hot
summers, and warm summers. Among the climatic factors examined, outdoor air
temperature demonstrates significant effects on the thermal demands of buildings during the

design phase and energy consumption during the operational phase.

Relative humidity also has a crucial impact on air conditioning systems during the cooling
period. Air conditioning systems are influenced by outdoor air temperature and relative
humidity (Liu et al., 2017; Neto et al., 2008). Santamouris et al. (2001) demonstrated that
the heat island effect reduces the efficiency of HVAC systems by approximately 25%.
Vakiloroaya and Madadnia (2013) stated that the efficiency of cooling towers increases
when relative humidity is below 40 percent. Solar radiation also affects the cooling demand
of buildings, particularly in subtropical and tropical conditions. The heat generated from
solar radiation can be harnessed to produce electricity for buildings (Liu et al., 2017; Lok et
al., 2005). Chwieduk and Bogdanska (2004) concluded that buildings can maximize the
benefits of solar radiation throughout the year when the azimuth angle of the surface is
approximately 15 degrees. An angle range between -15 degrees and +45 degrees also
indicates good energy performance for buildings, which is beneficial for the installation of

solar panels. This directly influences the daylighting and lighting requirements of buildings.

Wind speed has been identified as having the least significant impact on building energy
compared to other meteorological factors based on relevant numerical analyses (Liu et al.,
2017; Li et al., 2014). Buildings equipped with central air conditioning are always
maintained at a positive pressure, resulting in a higher influx of fresh air compared to the air

being exhausted. Therefore, the heat gain from infiltration is minimal. However, the nature
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of ventilation design through a building can be significantly affected by wind direction and
speed (Santamouris et al., 2001). A reduction in heating demand has been observed under
changing climatic conditions. For instance, in a cold climate, a study of residential buildings
indicated that heating energy will decrease by approximately 25-30% over the next century
(Nik & Kalagasidis, 2013). Previous studies have noted that climatic changes during the
twentieth century have had a greater impact on heating energy needs than on cooling energy

requirements (Xiang & Tian, 2013).

2-3-2- Equipment and Facilities of the Building

In general, a variety of equipment affects the energy performance and daylighting of a
building. Cooling, heating, and air conditioning systems, intelligent control systems, lighting
equipment, and other electrical devices are the primary subjects in this section. The selection
and efficiency of air conditioning systems play a crucial role in energy consumption. High-
efficiency heating and cooling equipment, coupled with well-designed distribution systems,
contribute to energy savings. Research by Socolow et al. (2011) examines the potential for
improving energy efficiency in cooling, heating, and air conditioning systems. Additionally,
advanced control systems, including programmable thermostats and building automation,
optimize cooling, heating, and air conditioning performance based on occupancy, weather
conditions, and time of day. Haves and Kim (2001) also provide insights into the application
of advanced control strategies for cooling, heating, and air conditioning systems. The
selection of lighting technologies such as LEDs (Light Emitting Diodes) and CFLs
(Compact Fluorescent Lamps) helps save energy. Furthermore, effective daylighting
strategies, combined with responsive lighting controls, enhance energy efficiency. The book
"Advanced Lighting Controls" by Rubinstein et al. (2007) provides comprehensive

information on lighting control strategies for energy savings.

For various types of control systems for heating, cooling, ventilation, and lighting, diverse
spatial characteristics are necessary. For instance, individual control is more suitable for
cellular office structures than for open-plan offices, as demonstrated in two studies by
Shahzad et al. (2017a; 2017b). Different types of digital controls lead to varying energy
performance outcomes. Moreover, solar energy and natural ventilation indicators can be
utilized as control metrics; for example, the availability of solar energy for lighting control
(Haq et al., 2014) and air quality and thermal comfort for ventilation system control (Schulze

& Eicker, 2013). By employing dynamic control based on available solar energy and natural
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ventilation, the effects of spatial layout on Building Energy Performance (BEP) are

enhanced (Du et al., 2020).

2-3-3- Behavior of Building Occupants

The behavior of occupants, including awareness of energy consumption and active
participation in energy-saving practices, is crucial. Understanding the complex dynamics
between energy efficiency in residential buildings and occupant behavior is fundamental for
promoting sustainable practices, reducing environmental impacts, and optimizing energy
use. This introduction aims to provide a comprehensive overview of the existing dimensions
in this intricate relationship, utilizing a diverse array of scientific literature to examine key
insights and emerging trends. Behavioral theories and frameworks serve as essential
foundations for conceptualizing and investigating these dynamics. Social cognitive theories,
such as the Theory of Planned Behavior (Ajzen, 1991) and the Norm Activation Model
(Schwartz, 1977), offer valuable insights into the cognitive processes and socio-cultural

influences that affect individuals' energy-related behaviors.

As people are the primary energy consumers and spend considerable time inside residential
buildings, occupants passively influence the energy balance of buildings through their mere
presence (Harputlugil et al., 2019). They are also responsible for the consumption,
emissions, and waste produced, utilizing energy in buildings through heating, ventilation,
and air conditioning (HVAC) systems, cooling, lighting, electrical loads/appliances, and
domestic hot water services for various consumption reasons. Understanding and predicting
occupant behavior can greatly aid in reducing energy consumption in residential buildings.
However, measuring and modeling occupant behavior in building research is challenging,
even though it is recognized as a key factor in building energy consumption. Moreover,
occupants do not form homogeneous groups, nor do they respond based on specific logic.
This variability makes predicting the relationship between occupant behavior and energy

consumption particularly difficult.

Different functions in architecture require diverse spatial characteristics, and various spatial
layouts enable the accommodation of different occupant densities. For instance, an open-
plan office allows for higher occupant density compared to a cellular office layout (Hedge,
1982; Musau & Steemers, 2008). Different residential densities create varying requirements

for comfort objectives, such as ventilation needs (Du et al., 2020). Additionally, different

31



spatial characteristics influence occupant behavior (Goldstein et al., 2011), which in turn
affects comfort provision needs. This variation directly affects the building energy

performance (BEP).

2-4- Mechanisms of Energy Consumption in Buildings

Building service systems are the primary energy consumers within a structure. Significant
efforts have been made by researchers and industry practitioners to develop various
advanced technologies aimed at reducing energy consumption in buildings while also
improving energy efficiency in building service systems (Chen et al., 2020). To achieve
optimal energy consumption in a building, it is essential to evaluate the architectural impact
on each of these mechanisms, both separately and in an interconnected manner.
Accordingly, the discussion will first focus on examining the mechanisms of energy

consumption.

2-4-1- Heating Requirements in Buildings

In recent years, cooling and heating demands have received significant attention from
researchers. This is due to the increasing intensity of energy consumption and related
environmental concerns; as the shape, orientation, space, and components of a building
represent fundamental characteristics for building design that must be considered in energy
efficiency optimization studies (Plorer et al., 2021). Energy consumption for heating
buildings depends on various factors, the most important of which are thermal insulation,
air-tightness of the external heating envelope, thermal mass of the building, heating method,
and thermal efficiency. To determine cooling and heating requirements, various
computational methods are utilized, including three main sets: engineering methods,
artificial intelligence, and hybrid approaches. The engineering method employs a
transparent process based on solving physical equations to describe the energy behavior of
buildings. The artificial intelligence (AI) method primarily relies on statistical time series
analysis and machine learning algorithms to access and predict building energy

consumption. The hybrid method combines the two aforementioned approaches.

The general calculation method uses simplified relationships to describe the final energy
consumption in a building, based on the assumption that the thermal load of the building is

proportional to the temperature difference between the heated space and its surroundings at
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a given external temperature (Szul, 2021). In this formula, the instantaneous thermal load of
the building at a specified temperature is calculated in kilowatts based on the building's
heating thermal load design, the design indoor temperature, the design outdoor temperature,
and the instantaneous outdoor temperature. Additionally, the theoretical value of the heat
transferred from the building to the environment over the entire heating season is derived

from the results obtained from the above relationship.

2-4-2- Lighting Requirements in Buildings

Lighting is one of the primary energy consumers in buildings (Amasyali and El-Gohary,
2018). Optimizing the lighting system of buildings during the early design stages is a
fundamental step toward achieving high-performance buildings. Various methods have been
employed to simulate building lighting, including lighting energy, daylight, and daylight
factors (Plorer et al., 2021). Design lighting standards and guidelines have been introduced
in many countries to enhance energy efficiency while promoting the visual comfort and
safety of occupants. Therefore, the design lighting level in buildings considers factors such
as the predominant age of occupants, primary activities, work speed, and precision levels

(Dubois, 2003).

The performance of daylight in a building is typically assessed using metrics such as
Daylight Factor (DF), Daylight Availability (DA), and Useful Daylight [lluminance (UDI).
The Daylight Factor (DF) is defined as the ratio of internal illuminance to external horizontal
illuminance under overcast sky conditions, according to the International Commission on
[Mlumination (CIE) (Bian Y and Ma, 2017). Daylight Availability (DA) is defined as the
percentage of occupied hours in a year during which a specific point meets a minimum
specified daylight illuminance level. Nationally recommended standards for specific visual
tasks are often used as thresholds for daylight autonomy (DA) since most standards are based
on minimum illuminance levels (Pellegrino et al., 2017). Useful Daylight I[lluminance (UDI)
is defined as the percentage of annual occupied time during which a given workspace is
within a specific range of daylight illuminance, varying from 100 to 2000 lux (Li & Lou,
2017). Lighting requirements are utilized to define standards and guidelines for building
design, as they are independent of the light source. Daylight can be considered the most
direct and purest approach to evaluating daylight in buildings, whereas the aforementioned
daylight metrics represent an indirect and computation-based approach (Kruisselbrink et al.,

2018). Lighting Power Density (LPD) is a tool commonly used to estimate energy savings
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from lighting in buildings and is expressed as watts of lighting per square meter of floor
area. Reducing lighting power density, which correlates with lower energy consumption,
can be achieved through efficient lighting optimization, daylight control switches, and
occupancy sensor controls (Wang, 2009). Different layouts introduce varying levels of

daylight into the building.

2-4-3- Ventilation Requirements in Buildings

Air conditioning accounts for approximately 40% of the total energy consumption in a
commercial building (Yang et al,, 2016). Various advanced technologies have been
developed and implemented for air conditioning systems to reduce energy consumption,
including variable air volume systems, variable speed pumps or fans, ground-coupled
heating, ventilation, and air conditioning (HVAC) systems, thermal storage systems, heat
recovery systems, ejector systems, chilled beam systems, and evaporative cooling systems
(Chen et al., 2020). Variable air volume pumps and variable speed pumps are currently the
most popular and advanced HVAC technologies (Yang & Ting, 2000; Ardehali & Smith,
1996).

Internal temperature regulation or the recirculation of fresh air when the building is
unoccupied can also impact the building's ventilation (Yousefi et al., 2017). Natural
ventilation has also been regarded as an effective measure for improving thermal comfort
and reducing energy consumption (Wang et al., 2013). Furthermore, various openings are
combined to distribute fresh air throughout the room. For instance, higher occupancy
performance can be positioned near a facade with wind catchers, while areas requiring less
ventilation, such as storage rooms or utility areas, can be located close to the back facade

sheltered from the wind.

A study by Zhao et al. (2019) indicates that altering the shape of internal corridor partitions
can achieve a higher average airflow velocity, increasing by up to 33%, and airflow can form
more rapidly within the building. Additionally, modifying the location and dimensions of
buffer spaces, such as courtyards (Luo et al., 2018), solar chimneys (Asadi & Fakhari, 2016),
atriums (Moosavi & Mahyuddin, 2014), and skylights (Lomas, 2007), can significantly alter
natural ventilation in buildings. For example, results show that optimally designing
courtyards can save approximately 19% of the cooling load in summer and about 22% of

the heating load in winter (Luo et al., 2018).
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2-4-4- Other Consumption Mechanisms

Other service systems in modern buildings include hot water supply, lighting, and electrical
appliances. Advanced technologies have primarily been employed to provide thermal energy
or electricity for buildings to achieve sustainable development. Hot water systems and
lighting are the second main energy consumers in buildings. Hot water accounts for 10 to
40% of total energy consumption in residential and commercial sectors (Bohdanowicz &

Martinac, 2007). This necessitates their consideration in energy consumption calculations.

2-5. Energy Performance Simulation of Buildings

In Section Two, the computational design performance is assessed according to the
performance objectives. Given the objectives of this research, the evaluation is based on
energy performance simulation. Building energy simulation (BES) can generally be defined
as a physics-based mathematical model that allows for the precise calculation of a building's
energy performance and the thermal comfort of its occupants, influenced by various inputs
such as weather, building geometry, internal loads, HVAC systems, operational schedules,
and specific simulation parameters. Initially intended for use during the design phase,
building energy simulation is increasingly employed throughout the building's lifecycle

(Hensen & Lamberts, 2019).

Over the past four decades, building energy simulation programs have been designed and
developed. In 1971, during a period when energy simulation programs were first created,
the United States Postal Service funded the development of a computer simulation program
to analyze the energy consumption of postal facilities across the United States (USPS, 1971),
often referred to as the Postal Service Program. This building energy simulation program
was initially designed for building simulation, calculating hourly cooling and heating loads,
HVAC system performance, and energy consumption of facilities while being capable of
performing hourly economic analysis (USPS, 1971; Haberl & Cho, 2004). Lokmanhekim
(1971) described the program's main structure, which includes four main subprograms
executed sequentially: (1) load calculation, (2) thermal load design, (3) systems simulation,

and (4) economic analysis.

Building energy simulation (BES), as utilized in building design, can generally be

categorized as a law-driven mechanism for predicting behavior, employing a well-defined
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set of rules to forecast the behavior of a complex system (Coakley et al., 2014). Based on
the simulation results, correlations and other statistical tests can be performed on the data,

which will be discussed later depending on the quantity and quality of results.

To understand building energy simulation, it is essential to comprehend scientific models in
general. According to Saltelli et al. (2008), models can be either diagnostic or prognostic.
Diagnostic models are used to identify the nature or cause of certain phenomena, aiming to
gain a better understanding of the laws governing a specific system. Conversely, prognostic
models are employed to predict the behavior of a system based on a defined set of governing
laws (Figure 2-1). Furthermore, according to Saltelli et al. (2008), models can be law-driven
or data-driven. Law-driven models apply a set of governing laws (such as gravity, heat/mass
transfer, etc.) to predict the system's behavior based on the system's characteristics and

conditions (Figure 2-1).

Law-Driven
Forward) Detailed Physical Model .

Data-Driven Detailed Physicz
- Measured Data . Mode!

Figure 2-1: Law-Driven vs. Data-Driven Models (Saltelli et al., 2008)

Data-driven models (or inverse models) operate in a reverse approach and utilize the
behaviour of the system as a predictor of its characteristics (Figure 2-1). Therefore, data-
driven models can be employed to describe a system with minimal adjustable inputs (Young
et al., 1996). In contrast, law-driven models are often over-parameterized; they require

additional inputs to support the existing data.
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Figure 2-2: Input and Output Data in Energy Performance Simulation (Chen et al., 2020)
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However, the advantage of law-driven models is that they can provide modelling of system
behaviour based on a set of predetermined uncontrolled conditions, whereas data-driven
models require prior data to model behaviour. A simple comparison of law-driven and data-
driven models is presented in the figure. As shown in the image, five data groups, including
climate, geometry, envelope specifications, internal loads, and HVAC data, are input into

the energy performance simulation engine (Figure 2-2).

2-5.1 Calibration in Building Energy Simulation

However, there are increasing concerns regarding model validity in the construction
industry, as significant discrepancies between simulated and measured energy consumption
become more apparent with the rapid deployment of smart energy meters. For instance,
Turner et al. (2008) analysed 121 buildings under the LEED standard and found that
measured energy consumption could be between 0.5 and 2.75 times the predicted energy
consumption. Mantesi et al. (2018) demonstrated that default settings and methods for
modelling thermal mass could lead to a divergence of up to 26 percent in simulation

predictions.

Previous studies (Menezes et al., 2012; De Wit & Augenbroe, 2002) have observed that the
main reasons for discrepancies between predicted and actual energy performance arise from:
(a) uncertainty in specifications due to assumptions stemming from a lack of information;
(b) model inadequacies resulting from the simplification and abstraction of real physical
building systems; (c) operational uncertainty due to a lack of feedback on the actual use and
operation of buildings; and (d) scenario uncertainty arising from the specification of model
conditions such as climate conditions and building occupancy (Chong et al., 2021).
Consequently, model calibration is often performed to better align simulation predictions
with actual observations and to enhance the model's validity for forecasting. While
calibration is not essential for building energy simulation research, it is increasingly
important for establishing model credibility. Annex 53 of the International Energy Agency
on Energy in Buildings and Communities (IEA-EBC) also reports the significance of
developing and applying model calibration and uncertainty analysis for energy simulation

(Yoshino et al., 2017).

The common rationale for calibrating building energy simulation is to make predictions with

greater confidence. Although forecasts may be incorrect, they can still be valuable. Trucano
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et al. (2006) list examples of such forecasts that are relevant to building energy simulation,
including simulating an experiment without prior knowledge of its outcomes or before its
execution. For instance, resilience analysis compares the cost-effectiveness of various

energy conservation measures (ECMs) (Chong et al., 2021).

Calibration, validation, and verification are often used in the existing literature to
demonstrate consistency between model predictions and actual observations, which can be
misleading since they are not synonymous. The semantics of the terms calibration,
validation, and verification have sparked philosophical discussions due to the contradictory
perspective that models are representations of reality and are therefore, by definition, not
accurate (Oreskes et al., 1994). Consequently, there are arguments that simulation models
can never be validated but can only improve through discrediting (Konikow & Bredehoetft,
1992). Nevertheless, Building Energy Simulation (BES) models are typically developed for
practical purposes such as architectural design, HVAC design and operation, resilience
analysis, building operational optimization, urban energy efficiency analysis, and more.
Thus, from the perspective of computational simulation and engineering, the notion of
validation is not to prove the truth of a scientific theory; rather, it is to assess and quantify

whether the model is acceptable for its intended purpose.

2-5-1-1 Optimization-Based Calibration

Genetic Algorithm (GA) (Bandera & Ruiz, 2017; Zuhaib et al., 2019), Particle Swarm
Optimization (PSO) (Andrade-Cabrera et al., 2017; Ferrara et al., 2018), and Hooke-Jeeves
(HJ) algorithm (Li et al., 2018; Carlon et al., 2016) are the most widely used algorithms for
optimization-based calibration. Both Genetic Algorithms and Particle Swarm Optimization
belong to the class of evolutionary algorithms, which are population-based with a
metaheuristic characteristic. Specifically, the Non-Dominated Sorting Genetic Algorithm II
(NSGA-II) is extensively employed for optimization-based calibration of building energy
simulation models (Martinez et al., 2020) due to its ability to achieve superior solutions and
convergence compared to other evolutionary algorithms (Deb et al., 2002). Particle Swarm
Optimization, introduced by Kennedy and Eberhart (Kennedy, R. Eberhart, 1995), optimizes
through swarm intelligence, drawing inspiration from the social behavior of creatures in
groups, such as flocks of birds or schools of fish. Finally, the Hooke-Jeeves algorithm
(Hooke & Jeeves, 1961) belongs to the family of Generalized Pattern Search (GPS)

algorithms and has gained popularity in building energy simulation because the number of
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function evaluations increases linearly with the number of design parameters (Wetter et al.,
2001). A common characteristic of Genetic Algorithms, Particle Swarm Optimization, and
Hooke-Jeeves is that all are gradient-free. Therefore, they are suitable for optimization
frameworks that minimize a cost function requiring evaluation by an external building
energy simulation program. Furthermore, population-based metaheuristic algorithms like
Genetic Algorithms and Particle Swarm Optimization initiate optimization with a population
of randomly distributed points to reduce the risk of converging to local minima. However,
identifying falling positions away from the Pareto-optimal frontier can be challenging,
making it difficult to define a stopping criterion. Although energy guidelines (ASHRAE,
Guideline 14; EVO; US DOE) are often used to determine threshold criteria for accuracy, it
has been demonstrated that these stopping criteria are not suitable for optimization-based

calibration (Martinez et al., 2020).

2-6. Using Evolutionary Computation to Search for Solutions

In the third section on performative computational architecture, an optimization algorithm
must be employed for optimization purposes. Generally, optimization algorithms are
computational search methods that are often inspired by nature. In this section, optimization
algorithms are utilized to optimize the generated designs in performative computational
architecture. Optimization algorithms are applied to problems with complex calculations.
Over the past few decades, nature has inspired the creation of a relatively large number of
powerful optimization algorithms. A common feature of all these algorithms is their
derivation from biological and molecular systems to solve complex optimization problems

(Marzbani, 2014). Among the capabilities of these algorithms are:

1. The ability to effectively search very large spaces
The ability to escape local optima

Significant searches within limited timeframes
Very low computational cost

No requirement for the derivative of the objective function

A i

Simple mathematics despite the complexity of the problem

A common characteristic of all these algorithms is their inspiration from biological and
molecular systems to address complex optimization issues (Ekici et al., 2019). These

algorithms possess capabilities such as effective searching in very large spaces, the ability
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to escape local optima, significant searches within limited timeframes, very low
computational costs, and straightforward mathematics despite the complexity of the problem
(Michalewicz & Fogel, 2013). In this research, evolutionary computation will be employed

for optimization.

Evolutionary computation has become one of the focal approaches for designers in the realm
of artificial intelligence in architectural design. In the 1950s, Arthur Samuel posed the
question of how computers could solve problems without explicit programming, leading to
the birth of evolutionary computation. Evolutionary computation is rooted in Darwinian
evolution and is based on the iterative modeling of natural structures, simulating evolution
to generate systems that adapt to their environment similarly to natural selection (Pena et
al., 2021). It encompasses four types of algorithms generally referred to as evolutionary
algorithms: Genetic Algorithms (GAs) (Holland, 1992), Evolution Strategies (Rechenberg,
1965), Evolutionary Programming (Fogel et al., 1966), and Genetic Programming (Koza,
1992). In the context of design, evolutionary search has been widely used for optimizing
existing designs (Holland, 1992). This understanding stems from the recognition that
evolutionary-based algorithms are among the most flexible, efficient, and powerful search

algorithms known (Goldberg, 1989; Beasley et al., 1993).

Regarding conceptual design, Goldberg (Goldberg, 1991) proposed an ideal framework that
includes four components: the problem to be solved, the individual solving it, one or more
designs, and a means to compare them (genetic algorithm), along with the limitations of a
human designer’s performance using recombination and selection processes. The use of
computational tools in producing architectural designs necessitates the application of
parametric relationships, self-organizing processes, and algorithms to create designs with

limited human interaction (Pazos, 2017).

Sutherland (Sutherland, 1964) suggested creating a set of rules using parametric
relationships and algorithms that evolve the original design through the manual
manipulation of its parameters by the user, leading to results that the designer may not
necessarily expect. Dunn (Dunn, 2012) added that parametric design allows for the
definition of relationships between elements or groups of elements and the assignment of
values or expressions to organize and control those definitions. Furthermore, Davis (Davis,
2013) demonstrated that the geometry of a design also changes with parameter adjustments.

In other words, a parametric design establishes connections and relationships among all
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design elements, such that when one is modified, the others adjust accordingly, typically
through the automatic alteration of parameters or associated values, much like a system of
equations. A drawback of this design approach is the extensive time spent developing
parametric codes. This cost has led to the latest approaches utilizing generative algorithms
that leverage computer analytical potential to address inherent human limitations (Marcos,

2010).

In 2013, Moreno and Carrillo (Moreno-De-Luca & Carrillo, 2013) established a set of
commonly used multi-objective optimization techniques that are applied not only as
optimization models in structural and architectural design but also as an essential component
of the design methodology for creating high-performance, efficient, creative, and
aesthetically pleasing architectural items. The authors proposed a combination of structural
design, bioclimatic considerations, green building principles, acoustics, and lighting into an
integrated and morphogenetic optimization approach. They argue that such a methodology
results in comprehensive design solutions with optimal performance and significantly

reduced costs.

Dutta and Sarthak (Dutta & Sarthak, 2011) reviewed the literature related to the application
of evolutionary computation approaches for architectural spatial planning, highlighting the
utility of these methods in undefined problems with varying constraint scopes. They noted
that evolutionary computational approaches excel at finding solutions that prioritize specific
criteria. In many cases, rather than seeking a correct and complete solution, the best
compromise is pursued. Dutta and Sarthak (2011) concluded that there is a demand for tools
that can assist in spatial layout planning and optimization, although most of these approaches

are still in research phases and have not yet been integrated into commercial products.

In general, traditional genetic algorithms identify appropriate fitness criteria and then
automatically search for optimal solutions, while interactive approaches utilize user input as
subjective evaluation criteria. The development of user-friendly design environments, visual
interfaces, providing parametric variables, skill visualization, and performance feedback has
strongly supported the growth of this approach (Lin & Gerber, 2014). Ultimately, Interactive
Evolutionary Computation (IEC) is an optimization method based on human subjective
evaluation that incorporates evolutionary computation (EC) in system optimization. This

technique replaces the adjustment function with a human user (Tagaki, 2014).
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2-6-1- Evolutionary Algorithms

Evolutionary Algorithms (EAs) are stochastic optimization methods based on Darwinian
evolutionary theory. These algorithms operate with a set of alternative solutions that evolve
according to the principles of natural selection, meaning these solutions compete with one
another based on processes modeled after evolutionary theory, resulting in the emergence of
the most suitable responses (Trompoukis et al., 2012). The Genetic Algorithm (GA) is one
of the most widely used evolutionary algorithms, utilized in this research. Developed by
Holland in the 1970s, the GA is inspired by Darwin's Theory of Natural Selection and
Mendel's Theory of Genetics. The Genetic Algorithm is a fully parallel, stochastic, adaptive
optimization algorithm based on the concepts of natural selection and survival of the fittest
(Holland, 1975). Genetic algorithms begin with a randomly generated population of
solutions to the problem and evolve new solutions using operators for objective evaluation,

selection, crossover, and mutation, transitioning from one solution to another.

Generally, in genetic algorithms, solutions are represented not by their original variables but
by a code. Typically, a solution is represented by a string of bits, known as a chromosome.
The complexity of Multi-Objective Evolutionary Algorithms (MOEAs) arises from the
competitive relationship among each objective function; that is, when one objective function
achieves better results, the optimization results for the others may not be valid.
Consequently, the optimal solution is often not a single solution but a set of optimal solutions
that do not dominate one another; that is, they are not mutually exclusive. This phenomenon
is particularly prevalent in architectural problems with conflicting objectives, such as
thermal comfort versus energy consumption. The Multi-Objective Evolutionary Algorithm

(MOEA) employs the Pareto principle to achieve a set of optimal solutions.

In recent years, many Multi-Objective Evolutionary Algorithms (MOEAs) have been
proposed, such as the Non-dominated Sorting Genetic Algorithm IT (NSGA-II) (Sadeghi et
al., 2014; Ding et al., 2018). The Strength Pareto Evolutionary Algorithm 2 (SPEA-2)
(Salgueiro et al., 2016; Zhao et al., 2016; Gong et al., 2014; Liefooghe et al., 2011) and the
Pareto Archived Evolution Strategy (PARES) (Yi et al., 2016; Knowles et al., 2014; Aguirre
etal., 2010) have shown promising results in solving multi-objective optimization problems.
One type of Multi-Objective Evolutionary Algorithm (MOEA) is the Strength Pareto
Evolutionary Algorithm 2 (SPEA2) (Xi & Don, 2019), designed and presented by Zitzler et

al. (Zitzler et al., 2001). This algorithm provides a multi-objective framework for genetic

42



algorithms. Improvements in this algorithm, through the selection of criteria and population
enhancement, have led to its high efficiency in architectural research. Therefore, due to its

advantageous accessibility, it is utilized as the search engine in this study.

The Strength Pareto Evolutionary Algorithm 2 (SPEA-2) demonstrates good convergence
and diversity performance, outperforming the original Strength Pareto Evolutionary
Algorithm (SPEA) and compares favorably with the Pareto Envelope-Based Selection
Algorithm (PESA) and the Non-dominated Sorting Genetic Algorithm II (NSGA-II) across
various problems (Zitzler et al., 2001). In all test cases conducted, SPEA-2 has shown
significant improvements over its predecessor, SPEA, as it achieves better results across all

considered problems.

Both the Strength Pareto Evolutionary Algorithm 2 (SPEA-2) and the Non-dominated
Sorting Genetic Algorithm I (NSGA-II) exhibit very similar behaviors across different
problems. In some cases, NSGA-II achieves a broader scope and thus demonstrates superior
performance, while SPEA-2 provides a better distribution of solutions, particularly as the
number of objectives increases. The Pareto Envelope-Based Selection Algorithm (PESA)
also tends to test external solutions for specific functions. For many problems, PESA appears

to converge more rapidly initially, likely due to its high degree of implicit elitism.

Both the Non-dominated Sorting Genetic Algorithm II (NSGA-II) and the Strength Pareto
Evolutionary Algorithm 2 (SPEA-2), which also allows dominant individuals to maintain a
minimum archive size, seem to leverage this increased diversity during the subsequent
stages of the program's execution, where they have broader distributions and thus better
performance metrics (Zitzler et al., 2001). In general, a common criticism of all Multi-
Objective Evolutionary Algorithms (MOEAs) is their slow convergence speed (Liu &
Zhang, 2019). This algorithm begins with a random population of solutions and, during a
specified cycle, archives non-dominated solutions based on the combination and mutation

of solutions.

2-7- Computational Performance Design Mechanism

The design process requires an increasing awareness to achieve desired outcomes (Ekici,
2019) and is a multi-faceted problem (Magnier & Haghighat, 2010) that unfolds in an
iterative format (Cobb et al., 2003). This has led to a heightened focus on the use of
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computer-based computational systems in design (Du et al., 2020), as these systems allow
for the design to be amendable and revisable from the beginning of the process in a
repeatable manner (Sonta et al., 2021). With technological advancements and the availability
of hardware and software, the use of computers in architectural design, both in research
centers and in the industry, has increased, and this trend continues. The utilization of
computers in design mechanisms such as parametric design (Gerber, 2007) and algorithmic
design (Terzidis, 2006) is increasingly developing within the architectural and

interdisciplinary design processes.

Gero (1985) identifies three influential events concerning the use of computers in
architectural design: space configuration planning, exemplified by the spatial planning of
the Sader and Clark hospital in the years 1963 and 1964 (Souder JJ, Clark, 1963, 1964);
computer graphics in the representation and manipulation of virtual models for buildings,
such as in the publication of Sutherland's Sketchpad system in 1963 (Sutherland, 1963); and
notes on the synthesis of form by Alexander (1964). With technological advancements and
the availability of hardware and software, the use of computers in architectural design has
grown both in research centers and in industry, and this trend continues. Currently, the use
of computers in parametric design (Gerber, 2007) and generative and algorithmic design
(Terzidis, 2006) is increasingly being developed within the architectural and

interdisciplinary design processes.

Various programs for optimization in architectural design exist, which can be accompanied
by building performance assessment tools, seeking near-optimal design options to achieve
efficient building designs. Accordingly, there have been various approaches to utilizing
computers in design computations, and some of the most notable ones will be discussed in
this context. One of the approaches to utilizing computers in design is Generative Design
(GD), which was introduced by Mitchell in the late 1970s (Mitchell, 1975). The Cambridge
Dictionary defines "Generative" as “the capacity to produce or create something.” Some
authors describe Generative Design (GD) as a design process that employs evolutionary
techniques to generate solutions (Fischer and Herr, 2001; Frazer et al., 2002; Zhang and Xu,
2018). However, others do not limit Generative Design (GD) to evolutionary processes;
rather, they consider it a design approach based on algorithmic or rule-based processes that
produce multiple, diverse, and potentially complex solutions (Bernal et al., 2015; Humppi

and Osterlund, 2016).
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This research presents Generative Design (GD) systems as tools capable of producing
potential solutions for specific problems. Over the next two decades, the literature rarely
addressed Generative Design (GD). At the beginning of the 21st century, Fischer and Herr
(2001) defined Generative Design (GD) as a design approach in which the designer does not
directly interact with materials and products during the design process; instead, the
interaction occurs through a generative system. According to Herr (2002), a generative
system refers to computer-aided production systems employed by architects to find solutions

to unique architectural design problems.

In this context, Lazzeroni et al. (2009) define Generative Design as a cyclical process based
on a simple abstract idea applied through a rule or algorithm (Figure 2-3). This algorithm is
then translated into source codes that generate a series of outputs through the computer. The
output allows the designer to enhance the algorithm and source codes through a feedback
loop. This is a repeatable activity based on the exchange of feedback between the designer

and the design system.

_______ Designer A=—————

i
1
1

™ Rule/ Algorithm f==»] Source Code -'P-

Figure 2-3. Parametric-Algorithmic Process Based on the Perspective of Lazzeroni et al. (2009)

Idea

e e

According to Agkathidis (2016), the process of form generation in generative design is based
on three fundamental phases: analysis, genetics, and metamorphosis, aimed at producing

architectural proposals (Figure 2-4).

Figure 2-4. The GD Based on the Perspective of Agkathidis (2016)
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This is a nonlinear design process in the form of a continuous cycle that allows all design
phases to reinforce each other, ultimately leading to the most comprehensive possible design
solutions. The three main phases of generative design according to Agkathidis (2016) are as

follows:

Analysis: This phase focuses on gathering information regarding various aspects such as
context, planning, materials, performance, and structure.

Configuration Genealogy: This phase involves producing abstract prototypes based on
spatial principles and organization, including unit aggregation, surface continuity, volume,
facade, and algorithmic textures.

Morphogenesis: This phase transforms an initial abstract design into the final architecture
through two approaches: directly arriving at the final solution and generating a set of

solutions with different organizations.

Bohnacker et al. (2009) interpret Lazzeroni et al.'s (2009) view on the parametric-
algorithmic process as follows: this process utilizes computational energy as a source of
creative search energy, empowering human designers to explore a significantly larger
number of possible designs under adjustable constraints (Sivam Kirish, 2013). This study

also employs the term "generative design" to introduce the process (Figure 2-5).

Rule/ A [gg]‘i[h M e = = = = -

-—————J

A 4

Source Code = == == == m= = o= Designer

»

Figure 2-5. The GD Based on the Perspective of Bohnacker et al. (2009)

Additionally, according to Estkowski (2013), the generative design process is based on two

mechanisms: adaptation and iteration. A generative design system must encompass both.
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The adaptation phase is a goal-oriented mechanism in which the building model (solution)
is modified to achieve design objectives (environment). The adaptation process can be
automated within the generative design system (Figure 2-6). Design objectives are defined
by a user, and the adaptation-based algorithm must create a building model. In fact,
depending on the constraints set by the designer for the algorithm, the system automatically
provides compatible responses. On the other hand, the iterative process is a method for
reaching a solution or optimizing less than a knowledge-acquisition process regarding the
design state. The generative design process is cyclically repeated until optimal responses are

achieved. This cycle can be observed in the illustration.

Adaptation

'y » Building Environment

Building Model » Output

Reformualtion of —
Building Environment
(Design Objectives)

Figure 2-6. The GD based on the Perspective of Estkowski (2013)

In a design process, a mental building model undergoes a series of transformations to
achieve design objectives. Each design problem begins with the effort to achieve a balance
between two entities, including the desired form and its context (Alexander, 1970).
Similarly, in a generative design system, evaluating a building model determines the
suitability of a specific model to the building environment. Specifically, this can be done by
comparing each feature of the building model with the corresponding feature in the

building's environment.

Frazer et al. (2002) describe generative design (GD) as the use of computer virtual space in
a manner similar to evolutionary processes in nature. Likewise, Krause (2003) defines
generative design (GD) as systems that can independently develop, transform, or design
architectural structures, objects, or spaces. According to Caldas (2008), these systems are

evolution-based and search the design space for solutions that meet functional requirements.

47



McCormack et al. (2004) define generative design (GD) as exploring the generation of forms
and complex patterns from a simple specification. Research by Malkawi (2005), Chase
(2005), Shea et al. (2005), Fasoulaki (2008), Oxman (2006; 2008), Puusepp (2011), Larsen
(2012), Karzel & Matcha (2009), Granadeiro et al. (2013), Garber (2014), and Roggema &
Nikolay (2015) offers similar definitions.

Zee & Vrie (2008) go further, stating that generative design (GD) can find solutions to
complex problems that are difficult to solve using traditional problem-solving methods.
According to Bernal et al. (2015), generative design (GD) provides potentially creative
outcomes because each new combination of parameters presents an opportunity to explore
the emergence of new properties or affordances from the resulting combination. According
to Chaszar and Joyce (2016), generative design (GD) addresses problems requiring speed,
accuracy, complexity, and enhanced creativity by utilizing computational power, as it
increases the number and range of design variations that include desirable random
solutions—unexpected outcomes that positively influence the design process. Abrishami et
al. (2014) describe generative design (GD) as the use of a computer-based computational
system to produce design problem solutions at a nearly independent level. Bukhari (2011)
restricts the domain of generative design (GD) to the use of algorithms to produce a
multitude of different solutions from a given set of design goals and constraints, proposing
this concept as a type of algorithmic design (AD). Similarly, Humppi & Osterlund (2016)

define generative design (GD) as design using algorithmic logic and generative processes.

Generative design (GD) is employed under various structures. One of its intelligent
structures, which is currently of great interest to designers, is the performance-based design
(PBD) approach (Ekici et al., 2019). This approach has become an essential method for
achieving objectives. It predicts the performance of a design based on design variables. The
performance-based design approach evaluates design alternatives with better performance
by altering design variables and observing the results (Wei et al., 2014). Kolarevic (2003)
emphasizes the importance of performance-based design (PBD) as a guiding design
principle. Among the various possible methods, this research focuses on a specific
performance-based design (PBD) framework presented by Sariyildiz (2012) at the Delft
University of Technology's Faculty of Architecture to enhance the design process. The
proposed framework is termed "Performance-based Computational Architecture" (PCA)

(Figure 2-7). The framework of Performance-based Computational Architecture (PCA)
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consists of three main stages: form generation, performance evaluation, and optimization,

as illustrated in Figure 2-7.

Form

Start The Generation Process .
Generation

Performative Computational Architecture
Sariyildiz, 2012

Performance
Evaluation

Optimal Solutions

Figure 2-7. Performance-based PCA Framework (Sariyildiz, 2012)

Therefore, the main issue of this research should be introduced in these three sections, which
will be discussed further. The primary goal of Performance-based Computational
Architecture (PCA) is to identify the optimal geometry that achieves performance-related
objectives during the conceptual design phase. The PCA framework consists of three main
stages: form generation, performance evaluation, and optimization (Ekici et al., 2019).
Similar to Sariyildiz's model (Sariyildiz, 2012), Autodesk's 2017 report (Villaggi & Nagy,
2017) on Generative Design (GD) integrates Performance-based Computational
Architecture through the use of innovative search algorithms with the design process to
discover new and highly efficient results within the design system. This structure is

composed of three main components:

1. The generative model's geometry, which defines the design space of possible
responses.

2. A set of actions and criteria that describe the objectives of the design problem.

3. An innovative search algorithm, such as a genetic algorithm, which can explore
diverse, efficient design options within the design space based on the stated

objectives (Villaggi & Nagy, 2017).
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As seen, Autodesk's Generative Design (GD) is very similar to the Performance-based
Computational Architecture (PCA) framework introduced by Sariyildiz (Sariyildiz, 2012).
In fact, according to this report, Generative Design (GD) belongs to a larger ecosystem that

is complemented by pre-GD and post-GD phases.

Generative Design
for Architecture

Form

Generation After

Generative Design
for Architecture

Before
Generative Design
for Architecture

POST-GD

Performance
Evaluation

Figure 2-8. The GD Based on the Autodesk Report (Villaggi & Nagy, 2017)

In this process, the three components of generation, evaluation, and evolution are identified
as the main parts of generative design, distinguished by three colors. In this report (Villaggi
& Nagy, 2017), the three phases of the ecosystem are described as follows:

* Pre-Generative Design Phase: This phase is related to stakeholders and involves
collecting unique and significant data about the project, which includes the following

sections:

1. Information Gathering: Requirements and Constraints

2. Goal Formulation

= Generative Design Phase: This phase consists of three main components:

1. Generation: A generative model that can describe a broad design space of
possible solutions.

2. Evaluation: An evaluation component that includes the specific design
objectives.

3. Intervention: A metaheuristic search algorithm that can navigate the design

space and generate better and better design solutions.
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= Post-Generative Design Phase: This phase highlights the critical role of the human
component. In this section, the designer can utilize spatial design tools to explore

design options and assess the quality of each.

1. Selection: Direct inspection by the designer of options, along with key
stakeholders, to select the best designs.
2. Refinement: Making necessary modifications to the design and improving it

(Villaggi & Nagy, 2017).

Additionally, Kiss and Szalay (Kiss & Szalay, 2020) present a similar structure under the
title of Life Cycle Assessment (LCA) framework in five sections. The main objective of
Kiss and Szalay's research (Kiss & Szalay, 2020) is to create a framework for the automatic
optimization of the life cycle in a design (Figure 2-9). Precise calculations must be made at
each stage of the life cycle. In this research, the three sections of generation, evaluation, and
optimization can also be clearly observed. In this cycle, the generation and optimization
components remain constant; however, the evaluation component is introduced in the form
of two sections: computation and result evaluation. Furthermore, a section titled "Source

Data" is introduced as a pre-generation phase, which focuses on collecting prerequisite data.

The Process

Model Generation

Calculations

Life Cycle Assessment
LCA

Optimal Solutions

Figure 2-9. The LCA Framework (Kiss & Szalay, 2020)
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In the structure of Performance-based Computational Architecture (PCA), the form
generation section involves a repeatable process based on design parameters and constraints,
referred to as Parametric Design (PD). In the second section, namely performance
evaluation, the process involves Building Energy Simulation (BES), focusing on the thermal
performance of the building. In this section, the forms generated in the context of thermal
performance are evaluated, and ultimately, in the last section, optimization is performed

based on evolutionary algorithms.

2- 8. Overview of the Literature on Performance-based Computational Architecture

The research methodology of this study follows a quantitative-qualitative and holistic
approach based on the literature in the field of energy architecture. Given the research
objective, which is a comprehensive analysis of approaches, methods, and physical factors
in energy consumption prediction models, the methodology involves content analysis of
documents, focusing on research studies of building energy consumption prediction models
with an emphasis on three approaches: White Box, Black Box, and Gray Box, from around
2002 to 2023. Sampling was conducted purposefully using a snowball structure, where each
identified article relevant to the topic led to further searches based on its references,
continuing until theoretical saturation was reached; that is, sampling continued until no new

data were added with the inclusion of additional samples.

In general, mechanisms for predicting building energy consumption are only feasible based
on changes in the physical factors of the building. Therefore, in reviewing the literature,
only studies that include architectural physical changes have been considered, avoiding an
absolute engineering approach. Numerous articles were reviewed across a wide range of
thematic areas by considering the framework of energy consumption prediction models. To
identify related research, a set of keywords was used, including Building Design,
Architecture Design, Energy Optimization, Energy Simulation, Energy Performance
Simulation, Energy Consumption, and Energy Consumption Prediction. Databases such as
Google Scholar, Science Direct, Scopus, and Thomson Reuters were utilized for this search.
In the initial search, over 2,000 research articles were obtained from the mentioned
databases. The preliminary screening of the articles was conducted based on topic, abstract,
and keywords. This extensive search resulted in a collection of relevant articles that met the

following criteria:
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* The research must definitively employ one of the White Box, Black Box, or Gray
Box approaches.

= The study must address at least one of the topics related to total energy consumption,
lighting demands, cooling demands, heating demands, and daylighting.

= The article must clearly discuss architectural physical factors.

= The article must be published in a reputable journal.

Subsequently, secondary screening was conducted based on the findings and results of the
research. Ultimately, the final studies under review were categorized and coded based on
content analysis. A total of 119 studies were reviewed; as shown in the chart, all the reviewed
studies are published in journals indexed in the Scopus database. Additionally, 99 out of the
119 studies are published in journals indexed in Thomson Reuters (Figure 2-10). The articles
obtained cover the period from 2002 to 2023. The categorizations performed in the content
analysis were shared with ten experts in energy and architecture to ensure validity and

received their approval.
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Figure 2-10. Frequency of Journals Reviewed in the Research Background

The year of publication, physical factors, energy objective functions, general research topics,
energy consumption prediction approaches, and prediction methods were subjected to
content analysis. Ultimately, the data obtained from the studies were coded and then
subjected to descriptive statistics, correlation tests, and Shannon entropy analysis. To

conduct the correlation tests, all data were coded and organized into a matrix format. The
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year of publication was used as a variable alongside physical factors, energy factors under
review, and research topics in the tests. To ensure the validity of the research process and
the accuracy of the results, the data and findings were reviewed by ten statistics experts and

received their approval.

Based on the findings, 119 studies were content analysed qualitatively. The findings were
shared with ten energy and architecture specialists to verify their validity. Accordingly, the
studies were categorized into three main topics: form, skin, and configuration. Among these,
31 studies focused on building configuration, 38 on building shape and form, and 70 on
building skin. It is noteworthy that some studies targeted two topics simultaneously. The
findings indicate that a significant portion of the research focused on building skin.
Additionally, an examination of the scales and target usages across different studies was
conducted (Figure 2-11). Regarding the scales of the studies, the highest frequency was
related to mid-rise buildings, with 66 studies addressing mid-rise buildings, 24 studies
examining single spaces (e.g., a room), and 10 studies focusing on high-rise buildings (see
Chart 2). Furthermore, 11 studies were conducted at the urban scale. The analysis of target
usages in the studies showed that the office and residential sectors, with 31 and 34 studies
respectively, accounted for the highest number of research studies, which seems reasonable

given the share of these two usages in construction.
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Figure 2-11. Frequency of Various Scales and Frequency of Different Usages Reviewed in the
Studies Analyzed
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However, after examining the general topics of energy consumption prediction, the selected
studies were analyzed based on form-finding factors through content analysis. As observed,
among the 119 studies reviewed, 17 physical factors were extracted, and their descriptive

and analytical statistics are presented below (Figure 2-12).

Window-to-Wall Ratio I 47
Window Location e 9
Window Dimention . 28
2D-3D Grid Matrix I
Space Location I 22
Space Dimention I 25
Shading I 39
Roofs Stracture . 4
Roofs Shape [ 10
Orientation I 30
Light Shelf LI
Floor Height e 6
Fagade Design 11
Ceiling Design e 5
Buildings Shape I 32
Number of Buildings . 3
Adjacency Matrix 12

0 5 10 15 20 25 30 35 40 45 50

Figure 2-12. Frequency of Use of Each Physical Factor in the Conducted Studies

The extraction process was conducted qualitatively, and the findings were reviewed and
validated by ten energy and architecture specialists to ensure their validity. According to the
chart, the highest frequency corresponds to the window-to-wall ratio and shading. This is
because these two factors have been selected as variables in various studies across all three
topics: form, skin, and configuration. Conversely, the lowest frequency relates to daylighting

and the number of buildings, which were mentioned 1 and 3 times, respectively.

To prioritize the physical factors and determine the degree of importance for each, Shannon
entropy was applied to the data from the selected studies among the 119 reviewed (see Table
1). This test elucidates the three variables: weight, frequency of each form-finding factor.

As seen in the table, among the 17 identified factors, daylighting and roof structure have the
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highest normalized weights of 0.095 and 0.092, respectively, while shading and the WWR
have the lowest normalized weights of 0.024 and 0.026, respectively (Table 2-1).

Table 2-1: Frequency Values, Correlation with Publication Year of Studies, and Weights of Factors
in Shannon Entropy Test

Code in
Diagram

17 | 16 | 15 | 14 | 13 | 12 | 11 | 10 9 8 7 6 5 4 3 2 1

Weight of]
Factors

fffeg::t‘;jz 0.165/0.017(0.098/0.026|0.066(0.058/0.160|0.017|0.040|0.116|0.004| 0.008 [0.049(0.017|0.111|0.013|0.026

0.026(0.065(0.036(0.068(0.040|0.045|0.024|0.0920.051(0.029 (0.095] 0.080 |0.049|0.068|0.033(0.071|0.059

To conduct a more detailed examination of the results from the Shannon entropy test, the
weight-frequency coordinates chart has been analyzed. Based on the results, the Shannon
entropy chart has been plotted according to the two axes of weight and normalized frequency
(Figure 2-13).
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Figure 2-13. Shannon Entropy Coordinates Based on Weight and
Normalized Frequency Axes

Based on the chart, it can be observed that the roof structure, daylighting, and floor height

have received less attention but are of greater importance for further investigation.
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Conversely, the window-to-wall ratio, shading, and orientation appear to be of lesser

importance yet have been more frequently addressed.

Furthermore, to conduct a more detailed examination of recent studies, a content analysis

has been performed focusing on energy consumption (Table 2-2). Related studies have been

categorized based on simulation design position, building type, functional objectives,

architectural variables under consideration, number of simulation samples, and prediction

methods, as shown in the table.

Table 2-2: Recent Studies in the Field of Building Energy Consumption

Reference

Location

Building
type

Functional
purpose

Architectural
variables

Dimension
of samples

Prediction
method

Tran et al.,
2020

Ho chi minh
Vietnam

Residential

cooling load
heating load

wall area
Relative
compression
surface area
Roof area
Total height
orientation
glass area
Glass distribution

768

ENMIM

Leetal., 2019

Vietnam

Prototype
model

Heating load

wall area
Height
Roof area
glass area
Glass distribution
Relative
compression
orientation

837

PSO-
XGBoost
XGBoost
SVM RF

GP

CART

Al-Tarhuni et
al., 2019

Midwest
America

Residential

Energy
consumption

wall area
Wall heat transfer
coefficient
glass area
Glass heat
transfer
coefficient

973

ANN

Al-Rakhami et
al., 2019

Athens
Greece

Residential

cooling load
heating load

Height
Relative
compression
wall area
surface area
Roof area
Glass distribution
glass area
orientation

768

XGBoost

Chen & Yang,
2017

Hong Kong
Los Angles

Residential

cooling load
energy

consumption

lighting load

Wall heat transfer
coefficient
Glass heat

transfer
coefficient
orientation

‘Window-to-floor

ratio

unspecified

MLR
MARS
SVM

Ciulla &
Amico, 2019

Termoli
Cortina
Sestriere

Non-
residential

cooling load
heating load

Surface area to
volume ratio

1560

MLR
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energy

consumption
Surface area to
volume ratio
Germany wall area
England Wall heat transfer
. Spain coefficient
Clulzlg le 9t al, Belgium rein\ilZi:dal Heating load Glass heat 2184 ANN
Italy transfer
France coefficient
Sweden Glass orientation
Surface area to
volume ratio
Wall heat transfer
Amico et al. Non- . soiiiclas
2019 ’ Italy residential Heating load Heat trgnsfer 1560 ANN
coefficient of
glass
wall area
Glass orientation
Aspect ratio
e Window.—to—wall
. ratio
1B CirelL, China Office consumpqon Number of floors | 500 groups BP-ANN
2017 consumption . .
cost Walllmsulanon
thickness
orientation
EN
GPR
LMSR MLR
wall area MPR MLP
Relative RBFR
compression SMOR
. Area XNV
Ga;) Oeltgal., unspecified Residential }clzgggg }gzg Roof area 768 Lazy
& total height K-star
orientation Lazy LWL
glass area Function
Glass distribution XNV
RDT
AMT DPC
RF
Wall heat transfer
coefficient
Glass heat
transfer
coefficient .
Geyer & High-rise line 1 Roof heat SER ML
Singaravel, Unspecified office ioo mne load transfer 800 RV
2018 complex i toed] coefficient hlE
(LSTM)
length
width
Window-to-wall
ratio
orientation
Wall heat transfer
coefficient
Glass heat .
Re Cecconi et Lombardy School Energy transfer 1632 ANEI;VIth
al., 2019 Italy consumption coefficient
K-means
Roof heat
transfer
coefficient
LG ? (;1119et o Unspecified residential E(;Ziilgg llg:g wall area 768 sz—liNNN
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Relative
compression
Surface area
Roof area
total height
orientation
glass area
Glass distribution

ICA-ANN

Kumar et al.,
2018

California

Residential

cooling load
heating load

wall area
Relative
compression
surface area
Roof area
total height
orientation
glass area
Glass distribution

768

ELM
OSELM
B-ELM

Leetal., 2019

Unspecified

Unspecified

Heating load

wall area
Relative
compression
surface area
Roof area
total height
orientation
glass area
Glass distribution

837

GA-ANN

PSO-ANN
ICA-ANN
ABC-ANN

Lietal., 2019

Beijing
Shanghai

Prototype
model

cooling load
heating load
lighting load

length
width
Height
Window-to-wall
ratio
Number of rooms
Number of floors

243
173980

MCD
MSHD

Moayedi et al.,
2019

unspecified

Residential

Heating load

Relative
compression
surface area

wall area

Roof area

total height
orientation
glass area

Glass distribution

768

LLWL
AMT RF
ENet
MLPr RBFr

Naji et al.,
2016

Istanbul
Tiirkiye

Residential

Energy

consumption

Wall heat transfer
coefficient
wall thickness

180

ELM
ANN GP

Navarro-
Gonzalez &
Villacampa,

2019

Alicante
Spain

Residential

cooling load
heating load

wall area
Relative
compression
surface area
Roof area
total height
orientation
glass area
Glass distribution

768

Octahedric
regression
IRLS
RF

Ngo, 2019

Taiwan

office

Cooling load

Wall heat transfer
coefficient
Glass heat

transfer
coefficient
Number of floors
Aspect ratio
Window-to-wall
ratio
floor area

Height

243

ANNs SVR
CART LR
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wall area SVR
Relative ANFIS
compression ANN
. . . surface area CART
Nlla;t(l)ll';t i Yerevan Residential ;Zztlilﬁg %gzg Roof area 768 MLR
J total height EMARS
orientation PCA-ANFIS
glass area EM-PCA-
Glass distribution ANFIS
wall area
Relative
surface area GBRT RF
Papadopoulos . Public cooling load . ET
sl anlg | UTEESEEE e heating load Roof area TSR | ey
total height
. : GPA
orientation
glass area
Glass distribution
Residential vlgzlllalire: DNN
com rels‘;'on Qe
Surf 0 11 .
Roy et al., Athens cooling load ur Iif)f)t\};ieaarea 768 MPMR
2020 Greece heating load . . GP LR
orientation
total height ANN
glass ar%:a A
Glass distribution S
Residential wall area
Relative
compression
Sadeghi et al., Athens cooling load Sg§Z§ea?;§a 768 DNN with
2020 Greece heating load . . SA
orientation
total height
glass area
Glass distribution
Linear
Heat transfer Ridge
coefficient of Lasso
. . glass 99000 Bayesian
Sal;%“zeodldg . Jg;‘r’:ga ‘ office Coiﬁf}gﬁon Orientation 100000 Ridge
2 Y P Window-to-wall 0 RANSAC
ratio Theil Sen
Aspect ratio Huber kNN
SVR DT
wall area
compreson MARS ELM
surfsce area AL
Ny G, Unspecified | Unspecified cool.mg ford] Roof area 768 IS
2018 heating load . GP LR
Total height
S — ANN
rientation RBEN
glass area
Glass distribution
wall area
Relative
ential S C(f)mpresslion SVM RF
Seyedzadeh et Athens resiéentia cooling load urtace wall area NN GP
Office . Roof area 768
al., 2019 Greece heating load . GBRT
Total height
. . XGBoost
orientation
glass area
Glass distribution
Sharif, & Montreal : Energy Wall heat transfer
Hammad, 2019 Canada Uripstitcs consumption coefficient i GO
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Roof heat
transfer
coefficient
Window-to-wall
ratio

Singaravel et
al., 2018

Brussels
Belgium

office

cooling load
heating load

Wall heat transfer
coefficient
Glass heat

transfer
coefficient
Roof heat
transfer
coefficient
length
width
Window-to-wall
ratio
orientation

9600

ANN
LSTM
2-layer Deep
LSTM
3-layer Deep
LSTM

Tian et al.,
2017

Harbin
China

office

electrical
charge
heating load

Aspect ratio
Window-to-wall
ratio
floor number
Floor area
orientation

1200

ANN
Ordinary
linear model
MARS
Bag MARS
SVM RF
GP

Ascione et al.,
2017

Naples
Italy

cooling load

heating load
Hours of

discomfort

Wall heat transfer
coefficient
Roof heat

transfer
coefficient

Orientation floor

area form ratio
Height
Window-to-wall
ratio

Window-to-floor

area ratio
wall thickness
roof thickness

500
1000

ANN

Bui et al., 2019

Istanbul
Tiirkiye

Residential

energy
consumption
cooling load

Insulation
viscosity number
Insulation
thickness of wall
type
Relative
compression
surface area
wall area
Roof area
Total height
orientation
glass area
Glass distribution

180
768

ELM
ANN GP
EFA-ANN
IRLS
RF
Ensemble
model
SAFCA-
SVR

Zhou et al.,
2020

Unspecified

Residential

cooling load
heating load

Relative
compression
surface area

wall area

Roof area
total height
orientation
glass area
Glass distribution

768

MLP
ABC-MLP
PSO-ELM

Based on the findings in the table, it can be concluded that although numerous factors

influence energy consumption in various types of buildings, the envelope and characteristics
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of the building are of greater priority during the design phase. The building envelope plays
the most significant role in heat transfer and, consequently, energy consumption; therefore,
attention must be paid to this aspect for potential energy savings. Additionally, glass, as one
of the important parameters of the building envelope, holds significant importance. Based
on the results of the literature review, the impact of general building characteristics,
including the overall dimensions of the infrastructure and the overall characteristics of the
shell, on the energy performance and daylighting of the building is much greater than other
building characteristics. Accordingly, this study considers the study on the general
characteristics of the residential building and considers other characteristics as control

variables.

2-9. Conclusion

Based on the literature review conducted, it can be concluded that the dimensions and
proportions of space, along with orientation, are the most critical physical factors in
optimizing energy performance and should be emphasized. To this end, it is essential to

evaluate the specifications of single-story residential buildings through field observations.
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Figure 2-14. Theoretical Framework of the Research
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According to the literature, the theoretical framework of this research based on Performance-
Based Computational Architecture is presented as follows (Figure 2-14). This framework
utilizes evolutionary computations in its processes. Based on the model, initially, the
geometric parameters of the residential building are determined according to the relevant
literature, which has been validated by experts. Based on these parameters, the performative
computational architecture algorithm is defined to optimize energy performance. The cycle
present in the theoretical framework is repeated multiple times to enable the research
algorithm to reach the optimal spatial layouts based on the conducted adjustments.
Subsequently, based on the findings of the algorithm, the research can progress to the stage
of modeling energy performance. Additionally, based on the results of the algorithm, it is

possible to define the geometric specifications that exhibit optimal energy performance.

Based on the results obtained from the literature, this study investigates the energy and
daylight performance of common single-storey residential buildings in Melbourne. The
reason for choosing Melbourne is the increasing development of construction processes in
this city in recent years without high standards in general building specifications. In this
study, due to the uncontrollable effect of building type on energy and daylight performance,
it is necessary to control this variable. Accordingly, and considering that single-storey
residential buildings are the most common residential buildings in Melbourne, its
investigation has been considered and it is found that this issue can be important in the
environmental sustainability of Melbourne. Also, considering that the results showed that
the effect of general building characteristics on the energy and daylight performance of the
building is much greater than other characteristics, in this study, only general building

characteristics have been considered to achieve a set of standards.
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Chapter 3: Methodology

3-1-Introduction

The method of this research involves a quantitative approach, utilizing coding, simulation,
and optimization within the programming environment of Grasshopper in Rhino software
(Figure 3-1). Additionally, the spatial layout results obtained from the coding process have

been statistically evaluated and modelled.
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Figure 3-1. Methodology Framework

The target space for this study is a typical single-story residential building in Melbourne,
Australia (Figure 3-2). For this purpose, the physical variables of residential buildings were
first derived through a documentary content analysis of the literature review (Table 3-1).
Following this, the external form characteristics of the residential building were optimized

based on energy and daylighting performance. In this context, an algorithm for simulating
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the performance of single-story residential buildings, based on their external form
characteristics, was developed. Subsequently, using the prepared algorithm, the process of
modeling and optimizing the building based on energy and daylighting performance was

conducted.

Table 3-1: Spatial layout Characteristics and References

Spatial layout
C}I:aracteri};tics IR
Eest-West Dimention Dong et al., 2017; Ciulla & Amico, 2019; Geyer & Singaravel, 2018
North-South Dimention Ciulla & Amico, 2019; Tien Bui et al., 2019; Geyer & Singaravel, 2018
Height of Building Leetal., 2019; Al-Rakhami et al., 2019
Area of Building Gao et al., 2019; Al-Rakhami et al., 2019
Volume of Building Dong et al., 2017; Ciulla & Amico, 2019
North-South Direction Chen & Yang, 2017; Dong et al., 2017; Gao et al., 2019
Window to Area Ratio Geyer & Singaravel, 2018; Dong et al., 2017; Al-Tarhuni et al., 2019
Window Dimentions Tran et al., 2020; Le et al., 2019; Al-Tarhuni et al., 2019

The primary tools for data collection in this research are the Grasshopper programming
environment in Rhino, the Python programming environment in Grasshopper, as well as the
Ladybug Tools plugin and the Wallacei plugin. The tools used for data analysis are the
Wallacei plugin and SPSS software.

Selecting Design Variables Setting the Initial Algorithm
Specifications
Definition of the Statistical Population of the Models |:|
Definition of the Generative Algorithm D
Selection of Energy and Daylighting Simulation Models Setting Specifications for Energy
Performance Simulation
Definition of Zones and Simulation Settings @

Definition of the First PCA Cycle Algorithm Settings Execution of Energy Performance

Modeling Process

Execution of the First PCA Cycle

Analysis of Data Obtained from Energy Simulation

Carrying out the Performance Prediction Modeling Process D
Optimization-based Second Cycle Algorithm Settings Definition Execution of Energy and
Daylighting Performance
Implementation of the Optimization-based PCA Cycle Process Optimization Process
=

Analysis of Data Obtained from Optimization | |

Figure 3-2. Staged Process Flow of Research Execution
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Simulation and Evaluation of Building Thermal Performance based on spatial layout
characteristics during the early design stages can help determine the best strategies for
sustainable design and reduce building energy consumption. However, the use of thermal
analysis software is still not widespread in architectural design, with architects typically
relying on past experiences or conventional empirical methods (Kanters et al., 2014). The
reasons for this include the complexity of using simulation programs and interpreting their
results, the long time required for architectural design processes due to iterative simulations,
and issues of incompatibility with common CAD (Computer-Aided Design) and BIM
(Building Information Modeling) software (Attia et al., 2012). Additionally, the geometric
complexity of spaces presents a wide range of possible design responses. A recent
international survey conducted by the International Energy Agency (IEA) (IEA-SHC Task
41) highlighted the need to develop tools that meet the requirements of different design
phases and support the comparison of alternative competing designs (Kanters et al., 2014).
Thus, the need for dynamic computer-based methods becomes essential when exploring a

wide design solution space during the early design stages.

Using performative computational architecture (PCA), as proposed by Sariyildiz (2012), can
generate a diverse set of responses based on the spatial layout coding of single-story
residential buildingss. By leveraging the Grasshopper programming environment, design
responses can be generated quickly based on the initial configuration specifications.
Additionally, by incorporating evolutionary algorithms into the performative computational
architecture process, a wide variety of design solutions can be produced, evaluated, and
optimized based on energy performance. In this regard, the Ladybug Tools plugin facilitates
the use of the EnergyPlus engine for dynamic energy assessments. Furthermore, the NSGA-
II non-dominated sorting genetic algorithm in the Wallacei plugin, integrated with
Grasshopper, can achieve optimal convergence toward a global optimum in the design

environment.

3-2- Research Tools

This research generally encompasses four categories of tools: modeling, simulation,
optimization, and analysis and modelling (Figure 3-3). Considering the capabilities of the
Grasshopper platform in parametric design, all tools have been defined on the Rhino

software platform to the greatest extent possible.
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Modeling Tools: The modeling tool for this research is the Rhino software along with the
Grasshopper platform. Based on the geometric specifications of the simulation sample
models, the models are defined parametrically in the Grasshopper platform to facilitate rapid
changes. The Grasshopper tool was utilized for addressing the first research question,
specifically for defining the geometric parameters of residential buildings and generating
the resulting plans. In this context, architectural variables were initially derived based on the
literature review. Subsequently, through coding in the Grasshopper environment, building
models were prepared for simulation. Accordingly, an algorithm was implemented within
the Grasshopper environment to input the geometric specifications of the building models

and output the generated building models.

Energy Performance Simulation Tools: In the energy performance simulation section, two
tools, Honeybee and Ladybug, are used in the new and updated Ladybug Tools (1.6) on the
Grasshopper platform. Ladybug allows users to visualize and analyze weather data within
Grasshopper (Grasshopper 3D). This includes charts such as solar paths, wind roses,
psychrometric charts, and so on, as well as geometric studies like radiation analysis, shadow
studies, and visibility analysis. Honeybee connects Grasshopper (Grasshopper 3D) to
reputable simulation engines, including EnergyPlus and OpenStudio, for building energy,

HVAC systems, and thermal comfort, as well as Radiance for daylight and glare simulation.

The Ladybug Tools were employed to address the second research question and to perform
energy performance simulations for the generated models. In this context, the energy
performance simulation settings were defined at the end of the building generation algorithm
using Ladybug Tools. This setup allows the input of the building model and outputs the
energy consumption and daylighting performance of the building at the conclusion of the

algorithm.

Optimization Tools: In the optimization section, Wallacei is used as needed within the
Grasshopper software to implement the optimization process. Wallacei is a component in
Grasshopper designed for multi-objective evolutionary optimization. It enables
simultaneous exploration of multiple objectives, generating a range of optimal solutions
between the extremes of each objective. This component utilizes the Pareto principle in its

design to address multiple objectives.
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The Wallacei tool is utilized to address the third research question and is integrated at the
end of the energy performance simulation algorithm. This tool takes the specifications of
the building models as input genes and the energy consumption and daylighting performance
as output objectives. Ultimately, it provides a set of optimized solutions, which are defined

based on the Pareto front.

Data Analysis and Modeling Tools: Additionally, for the analysis and modeling of the
simulated data, two software programs, Excel and SPSS, are utilized. Data is categorized
and arranged in Excel, and analyzed in SPSS. Descriptive tests, Pearson correlation, curve
regression, linear regression, and nonlinear regression are conducted on the data. Ultimately,

based on the regression test results, optimal energy performance models are defined.
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Figure 3-3. Research Tools

The SPSS tool is also employed to address the third research question and is used
independently after collecting the simulated data. This tool takes the specifications of the
building models as input genes and the energy consumption and daylighting performance as

output objectives. Ultimately, it provides regression equations for energy performance.

3-3- Detailed Explanation of the Research Method

In this section, the complete research method is explained in detail. Based on the conducted
reviews, the research methodology can be presented in four main sections, as shown in the
diagram. These four sections include: setting initial specifications, setting simulation

specifications, the modelling process, and the optimization process.
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The twelve stages of the research methodology include: (1) Selecting design variables, (2)
Defining the Specifications of the Models for Simulation, (3) Coding the generative design
algorithm, (4) Selecting building models for energy simulation, (5) Defining energy zones
and setting energy simulation parameters, (6) Defining the first performative computational
cycle algorithm, (7) Executing the first computational cycle, (8) Analyzing the data obtained
from energy simulations, (9) Conducting the modeling process to develop energy
performance prediction models, (10) Defining and configuring the optimization cycle
algorithms, (11) Executing the optimization computational cycles, and (12) Analyzing the

data obtained from the optimization process.

3-3-1- Definition of the Generative Algorithm for the Reference Model

In this section of the research, a quantitative approach is taken to model and simulate energy
performance (Figure 3-4). To this end, the geometric factors influencing the building's
energy consumption are introduced into the parametric modelling process for simulation
based on documentary content analysis and field surveys. The reference model, for the
purpose of simulation, is defined as a rectangular-shaped residential building without
internal walls. The geometric specifications of this reference model, including the length of
the north-south side, the length of the east-west side, the building height, and the building's

orientation relative to the north-south axis, are parametrically configured.
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Figure 3-4. A section of the process for constructing the generative algorithm model.
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The generative algorithm for simulating the energy performance of the residential building
is defined in the Grasshopper programming environment within Rhinoceros software. Based
on the investigations (which investigations- field work or literature review), the longitudinal
dimensions of the residential building, the height of the residential building, and the
orientation angle of the residential building are included as predictor variables in the
algorithm. Additionally, variables such as material types, mechanical equipment, and other
influential factors like the window-to-wall ratio are defined as control variables in the
algorithm. Subsequently, based on the conducted surveys of the area and document studies,
the inputs for the generated generative algorithm have been segmented. Finally, the settings
for energy performance simulation in the generative algorithm of the external shell of the

single-story residential buildings have been defined.

3-3-2- Research Variables

This section discusses the research variables. In general, the independent variables in this
study include the geometric specifications of the reference model, such as the length of the
north-south side, the length of the east-west side, the building height, and the building's
orientation relative to the north-south axis. Additionally, the materials of the building
envelope, window-to-wall ratio, window opening ratio, scheduling, input loads, and heating,
cooling, and lighting equipment are set as control variables. Furthermore, based on the
resulting model specifications, the window width, window height, window area, residential
building area, and building volume are derived as mediating variables. The dependent
variables of the study include energy consumption, energy consumption per square meter,
cooling demand, cooling demand per square meter, heating demand, heating demand per
square meter, useful daylight illuminance, and daylight autonomy index. In the simulation,
thermal bridge is defined as a control variable based on the R-value and U-value of the

materials used in the walls and floors.

3-3-2-1- Scope of Variations in Spatial Layout Models for Simulation

In the following, based on field studies and document analysis, the range of variations in
spatial layout models for energy performance simulation has been determined. As
mentioned, considering the complexities of spatial layout and the diversity of possible
responses for a single-story residential building, these factors have been taken into account.

Additionally, in all cases examined, windows are defined only on the northern sides. The
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window-to-wall ratio is set as a controlled variable on the northern facade, based on the

National Construction Code of Australia (NCC, 2022), considering 10% of the floor area.

Table 3-2. The range of changes of the geometric variables of the reference model

Number of | Dimensions of | Dimensions of | Height of the Building
Floors the North- the East-West Units Orientation
Building South Side Side
Minimum 1 8 8 2.6 -45
Maximum 9 22 22 4 45

In this section of the research, the external shell is considered rectangular, reflecting the
common form of most land parcels in the area. To define its dimensional range, two
dimensions—east-west and north-south—are specified. Accordingly, the dimensions of the
east-west side and the north-south side are defined to range from 8 to 22 meters, covering

buildings with an area between 64 to 484 square meters (Table 3-2).

These dimensions are assumed to encompass all proportions of buildings ranging from 80
to 200 square meters, which represent the predominant area in Melbourne. Additionally, to
assess the impact of interior space height on energy performance, the height of interior
spaces has been considered to range from 2.6 to 4 meters, ensuring a comprehensive
coverage of possible heights for residential buildings in the city. Furthermore, to investigate
the influence of building orientation on energy performance, the primary axis of the initial
building is assumed to be aligned along the north-south axis, with orientations ranging from
-45 to +45 degrees relative to this axis. Based on the presented range, a set of inputs for the

algorithm has been defined.

3-3-2-2- Settings for Building Energy Performance Simulation

In this research, several energy performance simulation processes are presented within the
framework of performative computational architecture (Figure 3-5). In this context, the
open-source tool Ladybug Tools is utilized in the Grasshopper programming environment.
This tool connects the Grasshopper environment to EnergyPlus, Radiance, Daysim, and

OpenStudio for energy consumption and lighting simulations (Pandit, 2016).

To conduct the energy performance simulation, four groups of building specifications must
be defined: the geometry and envelope of the building, the thermal properties of materials,

the settings for cooling, heating, and air conditioning equipment, and the behavioral
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characteristics of the occupants. In this study, the specifications for materials, equipment,

and occupant behaviour are defined as fixed control variables.

Figure 3-5. GD Algorithm for Energy Performance Simulation in Grasshopper Environment

The energy performance simulation process is based on nine performance objectives, which
include total energy consumption of the residential building, energy consumption per square
meter, heating demand of the residential building, heating demand per square meter, cooling
demand of the residential building, cooling demand per square meter, lighting demand of

the residential building, useful daylight illuminance, and daylight autonomy index.

3-3-2-3- Description of the Study Area

This study examines the climate of Melbourne in Australia. Australia, located in the
Southern Hemisphere, exhibits diverse climatic conditions. Its climatic zones consist of
several different classifications. Koppen defines various climatic classifications for
Australia, while the Building Code of Australia (BCA) delineates eight main climatic
regions: tropical, subtropical, grassland, desert, warm temperate, mild temperate, cool

temperate, and mountainous.

Melbourne, the capital of the state of Victoria and the second most populous city in Australia

(the most populous city in urban areas), has a temperate oceanic climate (Koppen climate
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classification Cfb) and is well known for its variable weather conditions. This is primarily

due to Melbourne's geographical location.
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Figure 3-6. Psychrometric Chart Based on the EnergyPlus Climate File for the City of Melbourne

In this study, one of the most significant climatic regions of the eight, namely the city of
Melbourne as defined by the Building Code of Australia (BCA), is considered for optimizing

energy needs through passive energy design.

kWh/m2

32.79
26.23
119.67
1312
6.56
0.00 I\ TR

\\‘i‘\‘l:’i:'
-6.56 R
13.12
-19.67

-26.23

-32.79 Wind Speed (m/s)
city: MELBOURNE

Total Radiation Benefit/Harm fi -10.0
01 Jan 00:00 - 31 Dec 23:00 ICPZONe: 43

Rds country: AUS
city : MELBOURNE source: IWEC Data

“me-'ZO"faA 1U1$°~° period: 1/1 to 12/31 between 0 and 23 @1
coun ry‘AIWE B Calm for 6.46% of the time = 566 hours.
source : C Data Each closed polyline shows frequency of 0.6% = 50 hours.
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Temperature differences in the spring and summer are more pronounced, which can lead to
the formation of strong cold weather fronts. These cold fronts can result in various severe
weather conditions, ranging from storms and thunderstorms to heavy hail, minor
temperature drops, and intense rainfall. Generally, the city experiences low humidity during
the summer. Based on the above, the climatic data for the city of Melbourne has been
obtained from the EnergyPlus climate files (EPW) for simulation purposes (Energy Plus,
2020). The psychrometric chart based on the EnergyPlus climate file for the city of
Melbourne is illustrated in the figure 3-6 and 3-7.

3-3-2-4- Details of Materials Used in the Simulation

In this research, to carry out the energy simulation process based on the reference model of
single-storey residential buildings in the city of Melbourne, Australia, a timber-framed
construction has been utilized after extensive reviews and consultations with architectural
experts. Based on field surveys, timber frame construction is the most common structure for
single-storey residential buildings in Melbourne. Following an examination of the Green
Star standards (GreenStar, 2021) and the National Construction Code of Australia (NCC,
2022), no precise execution details for timber-framed construction of single-storey
residential buildings in Melbourne have been provided. Therefore, the evaluation and
simulation of the structure in this study have been based on reputable construction

companies specializing in timber-framed construction (MBC Timber Frame UK Ltd, 2026).

3-3-2-4-1- Description of Timber Framed Construction For simulation

After extensive reviews, the construction details for the simulation have been selected from
the execution specifications of MBC Timber Framed Construction, which operates in the

design and construction of energy-efficient timber frame homes and passive energy homes.
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Figure 3-8. Execution Details of the Foundation for Timber Framed Construction For simulation

(MBC Timber Frame UK Ltd, 2026)
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In accordance with the reference model for this study, a single-storey building with a flat
roof has been considered. The construction details and information for each component are
provided as follows. In the first image, the execution details of the MBC Timber Framed
foundations are presented. These execution details are based on MBC standards, which
include an Oriented Strand Board (OSB) layer added on top of the concrete foundation
surface (Figure 3-8; Table 3-3).

Table 3-3. Details of Timber Frame Foundation Execution For simulation (MBC Timber Frame UK

Ltd, 2026)

Material Thickness | Conductivity Density Specific Heat | Roughness Ref
Compacted Hardcore Stone 800mm 0.85W/m-K 1500 Kg/m3 1000 J/Kg-K R MSZ EN, 2008
Blinding Sand 50mm 2W/m-K 2200Kg/m3 1180J/Kg-K MR MSZ EN, 2008
Expanded Polystyrene 200mm 0.036W/m-K 18Kg/m3 1250J/Kg-K MS Kumar et al., 2020
Polyethylene (Radon Barrier) 0.1lmm 0.5W/m-K 980Kg/m3 1800J/Kg-K MR MSZ EN, 2008
Expanded Polystyrene 100mm 0.036 W/m-K 18Kg/m3 1250J/Kg-K MS Kumar et al., 2020
Reinforced Concrete 1pSteel 150mm 2.3W/m-K 2300Kg/m3 1000J/Kg-K MR MSZ EN, 2008
Oriented Strand Board (OSB) 11mm 0.13W/m-K 650K g/m3 1700J/Kg-K MR MSZ EN, 2008

In the reference building simulated, these details are utilized in the form of ground-attached
floors. According to the simulation conducted in LadyBug Tools (LadyBug Tools 1.6), the
R-Value of the ground-attached floor in the SI standard is 9.45 m?K/W, and the U-Factor in
the SI standard is 0.104 W/m?K (Figure 3-9; Table 3-4).
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Figure 3-9. Detailed Execution of the Foundation for Timber Framed Structures For simulation

(MBC Timber Frame UK Ltd, 2026)

These values largely align with the standards provided by the MBC Timber Framed

construction group. In the second image, the detailed execution of the external walls of MBC
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Timber Framed structures is presented. According to MBC standards, plasterboard is used

on the interior surface, while polyurethane is applied on the exterior surface.

Table 3-4. Execution Details of the External Wall of the Timber Framed Structure For simulation
(MBC Timber Frame UK Ltd, 2026)

Polyurethane

(Radon Barrier) | ™™ | 025W/m-K | 1200Kgim3 | 18001/Kg-K MR MSZ EN, 2008
Oriented Strand | 1, 5 | 0 13w/mK | 650Kg/m3 | 17001/Kg-K MR MSZ EN, 2008
Board (OSB) : : & & ’
Cellulose Schiavoni et al.,
Insulation 300mm | 0.039W/m-K 50Kg/m3 1400J/Kg-K S 2016
Oriented Strand | 1, 5\ | 0 13w/mK | 650Kg/m3 | 1700J/Ke-K MR MSZ EN, 2008
Board (OSB) : : & & ’
HellysiiplEne 0.lmm | 0.5W/m-K | 980Kg/m3 | 1800J/Kg-K MR MSZ EN, 2008
(Radon Barrier)
Wall air space - - - - - ASHRAE, 2022
PlasterBoard 15mm 0.13W/m-K 650Kg/m3 1700J/Kg-K MR MSZ EN, 2008

In the reference building simulated, these details were used in the form of external walls on
all four sides of the building. Based on the simulation conducted, the R-Value of the external
wall is 7.95 m*-K/W in SI units (Figure 3-9; Table 3-4).

Posi Joist Flat Roof System U-Value 0.10W/m2K Posi Joist Flat Roof System U-Value 0.13W/m2K

OSB Deck
OSB Deck

S0mm

minimum minimum
firring piece z
To create fall & To Srr;‘:lge?:lr:
full ventilation full ventilation
Cellulose
Insulation Cellulose
Insutation
Ceiling VCL/ Ceiling VCL/
Aurtight Airtight
Membrane Membrane
25mm Ceiling 25mm Ceiling
Service Cavity Service Cavity
Batten Batten

Engineered
e Posi Joist

PIR

Engineered
Posi Joist

PIR

Insulation Insulation

9mm OSB 9mm OSB

& Breather & Breather

Membrane Membrane
*Plasterboard Supplied *Plasterboard Supplied
and Fitted by Others and Fitted by Others

Figure 3-10. Execution Details of Flat Roofs in Timber Framed Structure For simulation (MBC
Timber Frame UK Ltd, 2026)

In this simulation, the U-Factor was determined to be 0.123 W/m?-K in SI units, which

largely aligns with the standards set by MBC Timber Framed Construction.In the third
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image, the execution details of flat roofs in the MBC Timber Framed system are presented.
In this section, based on MBC standards, OBC was used for the exterior surface and
plasterboard for the interior surface. In the simulated reference building, these materials
were utilized in the external roofing components. According to the simulation, the R-value

of the external roofs, in compliance with SI standards, is 10.93 m2K/W (10.939487 m*K/W).

Table 3-5. Construction Details of the Exterior Wall in Timber Frame Structures For simulation

(MBC Timber Frame UK Ltd, 2026)

Material Thickness | Conductivity Density Specific Heat | Roughness Ref
Oriented Strand
Board (OSB) [ Imm 0.13W/m-K 650K g/m3 1700J/Kg-K MR MSZ EN, 2008
Cellulose Schiavoni et al.,
Insulation 421mm | 0.039W/m-K 50Kg/m3 1400J/Kg-K S 2016
PlasterBoard 15mm 0.13W/m-K 650Kg/m3 1700J/Kg-K MR MSZ EN, 2008

In this simulation, the U-Factor, according to SI standards, was determined to be 0.090
W/m?K (0.090064 W/m?K), which closely aligns with the standard provided by the MBC
Timber Framed Building Group. Based on this, the material information required for
simulating energy performance was defined as a control variable in the algorithm using

LadyBug Tools 1.6 (Figure 3-10; Table 3-5).

3-3-2-5- Schedules and Loads Used in the Simulation

To define the building's occupancy schedule, one can use the scheduling standards from
recognized Australian sources. This section briefly reviews the occupancy schedules from
ASHRAE 90.1 (2019), Green Star (2021), and the National Construction Code (NCC 2022)
of Australia. Based on the results of the comparative analysis shown in the table, this study

intends to use the National Construction Code of Australia (NCC, 2022).

In this regard, the total values of bedrooms and living rooms in the National Construction
Code of Australia (NCC, 2022) have been used together. Due to the lack of a complete
physical program in the NCC standard, the ASHRAE standard has been used to adjust other
physical program indicators. The physical schedule is defined according to ASHRAE 90.1-
2019, and based on the existing standards, the physical schedule of a mid-rise apartment
(MidriseApartment::Apartment) has been considered. In order to ensure the intended

settings, the information has been provided to and verified by experts in the field of building
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energy performance. Also, it should be noted that since the physical program and simulation

loads are considered as control variables, they will not have a large impact on the results.

Table 3-6. Occupancy Schedule Details Based on Various Standards

olo|lolo|le|leololalolol=—~|=|~|=|~|=|=~[=|=~|D]|0 |00
SIEIR(I2I2|BI2|R2|2IR2I=|R|Rl=z|2]|a2|2(|2=2] =5 |22

(=3 =3 =3 (=3 (=3 =3 (=3 (=3 =3 =3 (=3 =3 (=3 =3 (=3 =3 (=3 =3 (=3 =3 (=3 =3 (=3 =3

=] =1 =1 =] =] =1 =] =] =1 =1 =] =1 =] =1 =] =1 =] =1 =3 =1 =3 =1 =3 =1

O P O O P (= I (O PO [ UG U UV RN A A A U U R I IS I

TRl 22 222 |2lg|2|esldede|@22]2(|%|:E

(=3 =3 =3 (=3 (=3 =3 (=3 (=3 =3 =3 (=3 =3 (=3 =3 (=3 =3 (=3 =3 =3 =3 =3 =3 =3 =3

(=) =] =] (=) (=) =] (=) (=) =] =] S =] (=) =] (=) =] (=) =] =3 (=] =3 (=] =3 (=]

ASHRAE 2019; Midrise Apartment; All Days | 1 1 1 1 1 1 1 10.85[{0.39(0.25]0.25]0.25]0.25]0.25]0.25]0.25] 0.3 {0.52]0.87|0.87]0.87| 1 1 1
NCC 2022; C1 Building; Rooms; Weekdays 0O[0]O0Of[O0O]O0][|O0([03]03]1 1105/05/05105105](05] 1 1 1 1 1 [{03(03]0
NCC 2022; C1 Building; Bedrooms; AllDays | 1 | 1 | 1 [ 1|1 [1]05(05/05(0f0]|0[0]|0[0]0|]O0]O0(05/05[05]1 1|1
NCC 2022; C1 Building; Sum of 2; Weekdays | 1 | 1 [ 1 | 1 [ 1| 1 (0808|151 [05](05[05(05[05(05( 1 | 1 (1|1 [1]|1]1]1
NCC 2022; C1 Building; Rooms; Weekends | 0 [ 0 [ 0 | 0 [ 0 | 0 [03[03]03( 1 1 1 1 105/05[05[05]0.5] 1 1 1 1 {03]0
NCC 2022; C1 Building; Bedrooms; AllDays | 1 | 1 | 1 | 1| 1| 1 [05[(05(05[0[0f0[0fO0[0fO0[O0fO0f05{05{05[1[1]]1
NCC 2022; C1 Building; Sum of 2; Weekends | 1 1 1 1 1 1 108]0.8(08]| 1 1 1 1 105/05[05(05]0.5] 1 1 1 1 1|1
iz Siewe 20211 Rh]gg;slt; Living Spaces All | o 1 1 g | o 10| oo 1|1 ]0os|os]os]os|os]os]0s|os|0rs/075[0.75]0.75/0.75] 0 | 0
Green Star 2021; RMUnit; Bedroom; All Days | 1 1 1 1 1 1 r1fojJojoflofo]Jojofo]Jo]joOofoOo|lO]|]O|O|oO/|[1]1
Green Star 2021 RMUnit; Sum of 2; All Days | 1 1 1 1 1 1 1 1 1 105[05(05[0.5(0.5[0.5[0.5(0.5(0.75[0.75[0.75[0.75[{0.75] 1 1

Additionally, according to ASHRAE 90.1-2019, the cooling and heating set points are set at
24.4°C and 21.7°C, respectively.

3-3-2-6- Validation of the Energy Simulation Model

In the following, in the section on building energy performance simulation, a calibration
mechanism based on real energy consumption values has been used to assess the validity of
the model. The algorithm uses an ideal heating system. Therefore, in the validation phase,
only the total electricity and gas consumption was compared. However, for more accurate
validation, several different indicators were used, including the median of the data, Pearson

correlation, NMBE, and CVRMSE.

Additionally, to enhance the validity, specifications for locally used and common building
materials, as well as a residential scheduling program based on a field survey of the residents,
have been employed. Furthermore, to assess the reliability of the model, sensitivity analysis
using Pearson correlation testing has been applied. The process of reliability and validity in
the research will be explained in the following sections. Model calibration is often used to
better align simulation predictions with real observations and to increase the model's
credibility for future predictions. Although calibration is not essential for building energy
simulation studies, it has become increasingly important for establishing model validity

(Yoshino et al., 2017). In this regard, for the validation of the simulation process in this
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research, 16 residential buildings from various areas of Melbourne city, with different sizes,
were selected. Their details and specifications are shown in the table below. Sampling in
this section was purposeful, with an effort to include a comprehensive range of dimensions
relevant to the research in the selection of residential buildings. Additionally, buildings with
construction materials consistent with the simulation algorithm used in the research were
chosen. Accordingly, electricity and gas consumption data for all selected residential
buildings were collected based on monthly bills over a one-year period. Below is a sample

of the bills (Figure 3-11).

Table 3-7. Selected Residential buildings in Different Areas of Melbourne for Simulation

144.5 8.5 17 -45 0.6 0.45 0 0 5 21979.57
96 12 8 5 0 0.4 0 0 2 22906.3333
225 12.5 18 0 0.7 0 0 0.2 4 38285.97626
152.25 14.5 10.5 8 0.6 0.2 0 0 3 36267.90408
195 12 16.25 5 0.6 0.45 0 0 6 27149.60198
219.8 14 15.7 7 0.65 0.35 0 0 4 37944.38618
96 12 8 12 0.4 0.2 0 0 3 20246.9311
156 12 13 5 0.7 0 0 0 4 32111.39628
227.5 13 17.5 5 0.7 0.3 0 0.3 4 37951.58728
188.5 13 14.5 0 0.7 0.25 0 0 3 32910.28682
91 13 7 5 0 0.4 0 0 3 20373.43964
160 16 10 8 0.6 0 0.3 0 4 34208.88388
88 11 8 12 0.55 0.45 0 0 3 22111.76342
162.5 12.5 13 5 0.7 0 0 0 5 35312.95532
225 12.5 18 0 0.7 0 0 0.25 3 39447.76432
203.5 11 18.5 10 0.4 0.4 0 0 4 26433.32246

To conduct a comparative analysis of the energy consumption of residential buildings with
the energy needs simulated, it is necessary to examine both variables based on a common
unit. Therefore, it is required to calculate the energy consumption of the residential buildings
in the selected buildings in kilowatt-hours, sum them up, and compare them with the
simulation results. In Australia, electricity bills for buildings are presented in kilowatt-hours,
while gas bills are provided in megajoules. For this reason, in order to carry out the
comparative analysis, it is first necessary to convert the gas consumption of the residential
buildings from megajoules to energy consumption in kilowatt-hours. For this purpose,
according to studies conducted, the following formula is used to convert gas consumption

to energy consumption in kilowatt-hours:

EC (KWH) = GC(M]) x 0.27777777777778

80



Additionally, the occupancy load of all selected residential buildings has been extracted. The
simulation process was then carried out based on the external boundary specifications of the
16 selected residential buildings, and for each unit, energy consumption was simulated using
the defined generative design algorithms. The results of this process are presented in the
next chapter to validate the simulation’s accuracy. In each section, after completing the
simulation process, the data is encoded based on energy consumption in kilowatt-hours and
energy consumption per square meter in both actual and simulated forms. Then, the
validation of the simulation process is performed through both descriptive statistics and
correlation testing. In the descriptive statistics section, the difference between simulated and
actual energy consumption is evaluated at two levels: kilowatt-hours and kilowatt-hours per
square meter. Additionally, the percentage difference relative to total energy consumption
is also used in the descriptive analysis. This test demonstrates that the energy performance
simulation is accurate in reflecting the actual energy performance. Although, given the
diverse lifestyles of the residents, a high level of accuracy cannot always be achieved, a
difference of less than 30 percent is considered acceptable, taking into account the impact
of resident behavior. In this context, using descriptive statistics such as median, standard
deviation, minimum, and maximum values can help improve the precision of the descriptive
evaluation. If the difference is less than 30 percent in all the statistics, this indicates a high

level of simulation accuracy, considering the diversity of residents’ lifestyles.

Next, Pearson correlation testing is used between actual and simulated energy consumption
at two levels: kilowatt-hours and kilowatt-hours per square meter. This test can show the
accuracy of the simulation in capturing variations in energy consumption. The use of this
measure provides a better evaluation of the simulation's accuracy in energy performance, as
it controls for the lifestyle of the residents to a large extent, considering the study of 16
different residential buildings in various areas of Melbourne (Table 3-7). In this test, the
significance level and the correlation coefficient are examined. If the significance level is
close to zero and less than 0.05, and the correlation coefficient is higher than 0.7, this

indicates a strong and direct relationship between actual and simulated energy performance.

Additionally, to assess the reliability of the energy performance simulation, sensitivity
analysis is used on the data. Sensitivity analysis in energy performance simulation studies
the impact of the building's physical factors on the results of the simulation. Accordingly,
all correlation and regression tests performed on the energy performance results contribute

to the assessment of the reliability of the simulation.
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Figure 3-11. Sample Electricity Bills Collected from Residential buildings and Sample Gas Bills
Collected from Residential Buildings

Specifically, after obtaining each energy performance simulation algorithm in this research,
a pilot simulation was conducted. Then, Pearson correlation testing was applied between the
physical factors and the energy performance results of the models. In this section, based on
the results, if the significance level is close to zero and less than 0.05, and the correlation
coefficient of some physical variables is higher than 0.7, the reliability of the energy

performance simulation results for that section is confirmed.

After preparing the model, the validation of the generative design model for the building

envelope was performed by comparing the simulation predictions with real observations. In
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this assessment, the average difference between actual and simulated total energy

consumption was found to be approximately -841 kilowatt-hours.

Energy Consumption (kWh)
300

200 M
100
0

-100
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
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== Total Actual Annual Energy Consumption per Square Meter
mems Simulated Total Annual Energy Consumption per Square Meter

Difference Between Actual and Simulated Energy Consumption per Square Meter
Figure 3-12. Comparative Analysis of Actual and Simulated Energy Consumption per Square

Meter for Selected Residential buildings (Figure 3-12; Table 3-10).

Additionally, the average difference in actual and simulated energy consumption per square

meter was found to be -1.475 kilowatt-hours.
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Figure 3-13. Comparative Analysis of Actual and Simulated Energy Consumption for Selected
Residential buildings

Accordingly, the average percentage difference between actual and simulated energy
consumption relative to the actual energy consumption was found to be -3.3%. The findings
are presented in two graphs. An analysis of the bills related to the three responses showed
that two of the responses correspond to residential buildings whose energy performance was

significantly lower than the energy consumption standard in Melbourne. In the third case,
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the bills indicate an increase in energy consumption for this unit. The reason for this can be
traced to the lifestyle of the residents. To investigate further, outlier data was removed by
excluding three responses with very high standard deviations. A correlation test between

actual and simulated energy consumption was then conducted (Table 3-8).

Table 3-8. Descriptive Statistics of Actual and Simulated Energy Consumption for Selected
Residential buildings

20246.931  39447.764 31030.177 6804.765

16 129.893 251.270 193.7140 36.155
16 19813.263  41713.396 31871.584 7881.621
16 -11656.789  7844.276  -841.407 5130.941
16 178.040 236.300 195.189 19.533
16 -57.281 51.522 -1.475 29.123

In this test, a significance level of less than 0.05 and a correlation coefficient higher than

0.75 were obtained, which is highly favorable and confirms the validity of the simulation

process (Table 3-9).

Table 3-9. Correlation Test Between Actual and Simulated Energy Consumption for Selected
Residential buildings

**_ Correlation is significant at the 0.01 level (2-tailed).
*. Correlation is significant at the 0.05 level (2-tailed).

For model validation, the two statistical indicators NMBE and CVRMSE were evaluated

based on both total energy consumption and energy use per square meter (Table 3-10).

Table 3-10. NMBE and CVRMSE Report For model validation

NMBE 2.3042681% 2.3763401%
CVRMSE 3.1074381% 3.1965%

The results showed an NMBE below 5% and a CVRMSE below 15%, which are within the
acceptable limits defined by ASHRAE standards, thereby confirming the model’s reliability.
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Future work may involve validation with an independent set of units to strengthen the
model's generalizability in broader contexts. Additionally, to conduct a sensitivity analysis,
200 models were randomly selected and simulated based on the energy performance
simulation algorithm for the building envelope of the research. Then, a Pearson correlation
test was performed between the model inputs and outputs, the results of which are presented

in the table 3-11.

Table 3-11. Results of Sensitivity Analysis Based on the Correlation Test Between Physical
Factors and Simulation Performance Objectives

Pearson

Number of Eloors. | Coriation -368™ -.506™ -255* -174° -.642°" -.604"
Sig. (2-tailed) .000 .000 .000 014 .000 .000

Dimensions of the | oo .808™ -415™ .891™ -317 493" -.404™
East-West Side  [sig. (2-tailed) .000 .000 .000 .000 .000 .000

Dimensions of the | oot 597" -.448* .505* -.799* 437" -.196™
North-South Side | sig. (2-tailed) .000 .000 .000 .000 .000 .006
it coeason 111 -.089 .100 -.118 .098 -.061
Sig. (2-tailed) 119 208 160 .096 166 392

Height of the ceamson 179 281" 239 356™ 216" 200
Building Units  |sig. 2-tailed) 011 .000 .001 .000 .002 .005

Floor Area of the | cocuson 937" -.528" .945™ -.645™ .616™ -387"
Building Sig. (2-tailed) .000 .000 .000 .000 .000 .000

Building Volume coeason 291* -.640™ 409" -455™ -132 -.641**
Sig. (2-tailed) .000 .000 .000 .000 062 .000

Width of the South | oo 793" -436™ .870* -.343* 475% -419"
Window Sig. (2-tailed) .000 .000 .000 .000 .000 .000

Height of the South | oo 179" 281 239 356" 216" 200
Window Sig. (2-tailed) 011 .000 .001 .000 .002 .005

Width of the North | choror 57 462" .825™ -380™ 439 - 436"
Window Sig. (2-tailed) .000 .000 .000 .000 .000 .000

Height of the North | ocusor 179 281" 239" 356 216" 200"
Window Sig. (2-tailed) 011 .000 .001 .000 .002 .005
Number of Samples 200 200 200 200 200 200

**_ Correlation is significant at the 0.01 level (2-tailed).
*. Correlation is significant at the 0.05 level (2-tailed).

As shown in the table, each of the energy performance parameters has a relatively favourable
correlation with the spatial layout configuration variable, and the reliability is confirmed. A
more detailed examination of the subject is conducted based on correlation and regression

tests, considering all the simulations performed.
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3-3-3- Process of Modelling Simulation Data for the External Envelope of
Residential buildings

After the complete definition of the algorithm through the Colibri cycle, the simulation
process was conducted. For this purpose, the cycle was incrementally structured based on

the limited variations in the geometric specifications of the residential buildings, as shown

in the table 3-12.

Table 3-12. States of the Building Model Under Simulation

Variable States Number of States
X dim of Residential building 8;10; 12; 14; 16; 18; 20; 22 meters 8
Y dim of Residential building 8;10; 12; 14; 16; 18; 20; 22 meters 8
Z dim of Residential building 2.6;2.8;3;3.2;3.4; 3.6, 3.8; 4 meters 8
Angle Relative to the Y Axis 45; 30; 15; 0; -15; -30; -45 Degrees 7

After simulating the final sample models, the data was categorized based on the climatic
characteristics of Melbourne for a single-story building, using spatial data that included the
building's length, width, orientation, footprint area, aspect ratio (length to width), and
volume, as well as energy data such as the total energy consumption of the model building,
heating demand, cooling demand, daylighting requirements, and daylight illumination
levels, all organized in Excel. This data was examined and evaluated in two formats. The
evaluations were conducted in three sections: descriptive statistics, Pearson correlation tests,
and regression analysis. Initially, the descriptive statistics of the spatial layout factors of the
external envelope of the single-story residential buildings and energy performance were
qualitatively and quantitatively analysed. Ultimately, the relationship between each of the
spatial layout factors and the energy performance indicators was assessed through Pearson
correlation testing. Following the correlation test results, a nonlinear regression test was
conducted for each of the spatial layout factors and energy performance indicators.
Additionally, to model energy performance based on the set of spatial layout factors, both
linear and nonlinear regression tests were performed for each energy performance indicator

and across all spatial layout factors of the external envelope, and the results were evaluated.

3-3-3-1- Examination of Descriptive Statistics

Descriptive statistics are evaluated in two sections: spatial data and energy performance
data. In this context, the mean, median, standard deviation, variance, minimum, and
maximum values for each parameter are analyzed. Additionally, all performance objectives

based on the relevant models are plotted on a chart for qualitative analysis.
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3-3-3-2- Conducting the Correlation Test

Initially, the correlation test between the geometric parameters and energy performance
results is conducted on a one-to-one basis to identify significant relationships. The
correlation coefficient is a statistical tool used to determine the type and degree of the
relationship between one quantitative variable and another. The correlation coefficient is
one of the criteria used to assess the correlation between two variables. It indicates both the
strength of the relationship and the type of relationship (positive or negative). This
coefficient ranges from 1 to -1, and if there is no relationship between the two variables, it

equals zero.

In this analysis, the Pearson correlation test is used based on the variables. The Pearson
correlation test is a parametric method applicable to data with a normal distribution or a
large number of data points. Significance is reported only for these tests because, according
to Amrhein et al. (2019), the significance coefficient does not necessarily indicate whether
the data is significant or not; it merely provides a report that can assist in this assessment.
Given the presence of 6 geometric parameters and 5 performance objectives, a total of 30

correlation tests are conducted.

3-3-3-3- Conducting the Regression Test

Subsequently, the regression test is performed on the data. Regression analysis in statistical
models is a statistical process used to estimate relationships between variables. This method
encompasses various techniques for modeling and analyzing specific and unique variables,
focusing on the relationship between the dependent variable and one or more independent
variables. Regression analysis particularly aids in understanding how the value of the
dependent variable changes with the alteration of each independent variable while keeping

other independent variables constant.

Based on regression tests, mathematical models can be defined between independent and
dependent variables that predict the dependent variable based on independent variables, with
a specified error margin. In this research, three regression tests—curvilinear, linear, and
nonlinear—are conducted between the mentioned geometric parameters and simulated
performance objectives. Initially, curvilinear regression tests are conducted between the
variables on a one-to-one basis, followed by linear and nonlinear regression tests based on

the presumed relationships. In the regression test process, the curvilinear regression test is
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first performed between the variables one at a time. Curvilinear regression evaluates the
relationship between two variables based on predefined models and predicts which model
fits the data best. In this study, all 11 possible models are included in the curvilinear

regression test conducted using SPSS software (Table 3-13).

Table 3-13. Predefined Models and Formulas for Each Variable

Model Formula: X is jthe dependent Ve.lriable and Y is
the independent variable
Linear Y=a+bX
Logarithmic Y=a+ (bxInX)
Inverse Y=a+ (/X
Quadratic Y=a+ (b;xX) + (b x X)
Cubic Y=a+ (b;xX) + (b x X°) + (b; x X°)
Compound Y =a(bl”)
Power InY = Ina + (b; x InX) or Y =aX"
S Y=1/(1 +¢%)
Growth Y=e""""
Exponential Y=ae"”
Logistic Y=1/(1/u + ab*); Maximum Limit: u

Then, based on the results obtained from curvilinear regression, linear and nonlinear
regression tests are performed, assuming that the established significant relationships are
linear and nonlinear. The findings from this section can define the predictive model of the
relationships under investigation. To achieve the relationships and models of the research,
this section initially considers the probable relationships between the architectural and
energy variables. Linear regression, also known as ordinary least squares regression, is one
of the regression analysis methods. Regression is a type of statistical model used to predict

one variable based on one or more other variables.

Linear regression is a method of regression analysis in which a type of linear predictor
function describes the effect of the dependent variable on independent variables. The final
answer is obtained according to the following formula, where A is the dependent variable

influenced by 5 independent variables Bi.

A=a+ (byBy) + (byB;) + (b3B3) + (byBy) + (bsBs)

The final answer will be the sum of the products plus a constant value, which is also derived
in the estimation process. The simplest type of linear regression is simple linear regression,

which, unlike multiple linear regression, has only one independent variable. Another type of
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linear regression is multivariate linear regression, where instead of predicting one dependent

variable, multiple dependent variables are predicted.

Subsequently, the nonlinear regression test is conducted based on the results obtained from
curvilinear regression. In this test, for each relationship between the independent and
dependent variables, a relationship obtained in the curvilinear regression is defined. Finally,
the results of linear and nonlinear regression are compared, and the more optimal models

are selected.

3-3-3-4- Process of Optimizing Energy Performance of Residential Building
Envelopes

In the following, based on the generative design algorithm for the external configuration of
residential buildings defined in the previous section, the optimization of the characteristics
of the external envelope configuration is carried out quantitatively. This optimization
focuses on energy performance through the Non-Dominated Sorting Genetic Algorithm II
(NSGA-II). The performance objectives for the optimization process include cooling

demand per square meter, heating demand per square meter, and daylight factor.

The optimization in this section is conducted using the Wallacei tool. To achieve this, a
comprehensive optimization process is first performed with the discretization steps used in
the previous section. In this optimization, considering the broadness of the response
environment, a population of 30 and 100 generations are specified. The spatial layout factors
considered in this section are the longitudinal dimensions of the residential building,
orientation, and height of the unit. The discretization in this phase is defined with greater

frequency compared to the modeling process, due to the use of evolutionary algorithms.

Table 3-14. Evolutionary Process Settings of Wallacei

Crossover Mutation (;I‘OS'SOV'C . Mu‘Fathn Distribution
albeleils ety Distribution Distribution Mode
Index Index
Amount 0.9 1 divided by the 20 20 1
number of genes

In all genetic algorithms with Non-Dominated Sorting (NSGA-II), identical evolutionary
process settings have been defined based on the designers' recommendations, as shown in
the table. Accordingly, the crossover probability is set at 0.9, and the mutation probability

is defined as one divided by the number of genes in the optimization process (Table 3-14).
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3-4- Conclusion

Based on the discussions, this research method clearly adopts a quantitative approach rooted
in performative computational architecture. The primary methodologies utilized in this study
include coding, energy performance simulation, and optimization of geometric variables for
residential buildings based on energy performance, all within the programming environment
of Grasshopper in Rhino, specifically for residential applications. Furthermore, the

configurations obtained from coding have undergone statistical evaluation.

This research focuses on single-story residential buildings commonly found in Melbourne.
Overall, the methodology is structured into twelve sections, encompassing the selection of
design variables, definition of the statistical population of the models under study,
formulation of the generative design algorithm, selection of energy simulation sample
models, definition of energy zones and energy simulation settings, establishment of the first
computational performance cycle algorithm, execution of the initial computational cycle
process, analysis of the data obtained from energy simulation, modeling processes aimed at
developing predictive models for energy performance, definition of the optimization
algorithm and settings for the optimization cycles, execution of the computational

optimization processes, and analysis of the data obtained from the defined optimization.
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Chapter 4: Results

4-1- Introduction

This study aims to optimize the geometric characteristics of single-story residential
buildings in Melbourne based on Building Energy Performance (BEP) using the
Performative Computational Architecture (PCA) framework and a quantitative approach.
The findings of this research are derived from coding, energy performance simulation, and
optimization of residential building based on energy performance. As outlined in the
previous chapter, the results are presented in two main sections: the results of the energy
performance modeling of the building envelope and the optimization of the energy

performance of the building envelope.

4-2- Modelling Energy Performance of Residential buildings

In this section of the research, a dynamic simulation process using parametric modelling of
the building envelope has been conducted with a quantitative approach. The simulation
focuses on single-story buildings with northern daylighting and a window-to-wall ratio of
10% on the northern facade. Additionally, as detailed in the research methodology, the
execution and thermal specifics of timber-framed construction have been considered as the

building system in the simulation.

Table 4-1. Descriptive Statistics of the Architectural Factors for the Simulated Single-story
residential buildings Models

Architectural Factors INumber | Minimum | Maximum | Median Star.lda}rd Variance
Deviation
Dimensions of the North-South Side | 3584 8 22 15.00 4.583 21.006
Dimensions of the East-West Side 3584 8 22 15.00 4.583 21.006
Building Floor Area 3584 64 484 225.00 99.467 9893.761
Building Height 3584 2.6 4.0 3.300 4583 210
Building Orientation 3584 -45 45 .00 30.004 900.251
Building Volume 3584 166.4 1936.0 742.500 347.0662 120454.959
Window-to-North Wall Ratio 3584 .200 .846 463 1575 .025
Width of the North Window 3584 3.577 20.237 10.062 3.578 12.804
Height of the North Window 3584 1.442 2.966 2.192 .380 145
Area of the North Window 3584 6.399 48.400 22.500 9.946 98.938

To assess the impact of spatial factors on the energy consumption of single-story residential
buildings, various dimensions have been analysed, including the north-south and east-west
dimensions of the building, unit heights, and building orientation, based on the climatic
conditions of Melbourne, Australia. A descriptive statistical summary of all simulation

scenarios is presented in the table 4-1 and 4-2.
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The simulation of the energy performance of residential buildings has focused on total
energy consumption, energy consumption per square meter, heating demand, heating
demand per square meter, cooling demand, and cooling demand per square meter. Based on
the generative models, the variables of building area, building volume, as well as the width,
height, and area of the northern windows and the window-to-wall ratio of the northern facade

are provided in the output and have been utilized in the modeling process.

Table 4-2. Analysis of Descriptive Statistics of Energy Performance Results Based on All
Simulations

Number Minimum Maximum Median  Standard Deviation Variance
Total Energy Consumption 3584 10298.622  73836.993  34152.410 13570.975 184171387.380

Energy Consumption per Square Meter 3584 133.713 204.342 155.371 11.755 138.193

Cooling Demand 3584 1257.221  10098.598  4505.171 1984.396 3937830.975
Cooling Demand per Square Meter 3584 19.405 21.130 20.045 493 244

Heating Demand 3584 2883.683  17180.031  8001.600 2505.516 6277615.095

Heating Demand per Square Meter 3584 17.950 87.125 39.123 11.662 136.005
Lighting Demand 3584 271.560 2053.674 954.704 422.052 178128.687

Average Useful daylight illuminance 3584 37.276 82.384 68.687 10.502 110.298

Average Daylight autonomy Index 3584 28.830 75.391 47.929 9.307 86.638

The descriptive data of the input and output parameters of the research’s generative
algorithm, including minimum, maximum, median, standard deviation, and variance, are
presented in the table. In this simulation, all research scheduling programs, except for the
occupancy schedule, are defined based on the ASHRAE 90.1 2019 standard, specifically the
Midrise Apartment schedule and its Apartment subgroup. The occupancy schedule is also
based on the findings of this research, using the Australian National Construction Code
(NCC, 2022). The energy performance simulation algorithm is connected to the Colibri
algorithm, and all samples have been simulated. Accordingly, within the established steps,
a total of 3,584 single-story residential buildings morphology samples has been energy-
simulated based on the climatic conditions of Melbourne, Australia. The energy
consumption simulation results in the Colibri plugin have been organized and saved as an
SPSS file. Initially, the descriptive statistics of the energy performance results, based on all
simulations conducted, have been reviewed. According to the 3,584 simulated samples, the
minimum energy consumption per square meter, 133.713 kWh/m?, corresponds to a single-
story residential building with dimensions of 22 by 22 meters, oriented at 15 degrees, and a
residential building height of 2.6 meters. Additionally, the minimum total energy
consumption, 10,298.62 kWh, is associated with a building measuring 8 by 8 meters, with
an orientation of 0 degrees and a residential building height of 2.6 meters. The maximum
total energy consumption was 73,836.99 kWh, corresponding to a building with dimensions

of 22 by 22 meters, oriented at -45 degrees, and a residential building height of 4 meters.
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Furthermore, the maximum energy consumption per square meter was 204.342 kWh/m?,
which is associated with a building measuring 8 by 8 meters, oriented at -45 degrees, and a
residential building height of 4 meters. The descriptive statistics of energy consumption
results, based on all simulations conducted, for the minimum and maximum energy
consumption per square meter and total energy consumption, are presented in the table 4-3.

Table 4-3. Analysis of Descriptive Statistics of Energy Consumption Results Based on All
Simulations

8 64 2.6 |0 |166.4 [0.307 | 4.437 [1.442 | 6.400 |10298.62

.. 8
M{',‘;‘l‘l‘;m 8 | 8 | 64 2615|1664 0307 | 4437 |1.442 | 6.400 |10303.41
Total Energy 8 | 8 | 64 |2.6]-15] 1664 |0.307 | 4437 |1.442 | 6.400 | 10358.4
Consumption Moximum |22 22 [484 [4 [-45[ 1936 [ 0.55 [16315 [2.966 [48.399 [73836.99
Valno 122 [ 22 [484 T4 [-30]1936 [0.55 [16.315 [2.966 [48.399 |72893.01
22 | 22 [484 |4 [45 | 1936 | 0.55 |16.315 |2.966 |48.399 |72876.44
. 22 | 22 | 484 |2.6 |15 |1258.4 |0.846 |20.237 |2.391 | 48.4 |133.7131
Minimum

Value 22 |22 [484 [2.6 | 0 |1258.4 |0.846 [20.237 |2.391 | 48.4 |133.7142
Energy Consumption 20 | 22 440 |2.6 | 0 | 1144 0.846 |18.397 |2.391 | 44 134.3503

per square meter Maxi 8 8 64 |4 |-45| 256 0.2 | 3.577 [1.788 | 6.399 | 204.342
:,";{::m 8 | 8 | 64 |4 |45] 256 | 02 |3.577 |1.788 | 6.399 |202.5209
8 | 8 |64 |4 |-30| 256 | 0.2 |3.577 |1.788 | 6.399 | 201.837

The minimum cooling demand per square meter is 19.4 kWh, corresponding to a building
with an east-west dimension of 16 meters and a north-south dimension of 22 meters, with a
height of 2.8 meters and an orientation angle of 15 degrees. The maximum cooling demand
per square meter is 19.4 kWh, associated with a building with an east-west dimension of 22
meters and a north-south dimension of 8 meters, with a height of 2.6 meters and an
orientation angle of -45 degrees. The minimum total cooling demand is 1,257.22 kWh,
corresponding to a building with an east-west dimension of 8 meters and a north-south
dimension of 8 meters, with a height of 2.8 meters and an orientation angle of 0 degrees.
The maximum cooling demand per square meter is 10,096.6 kWh/m?, associated with a
building with an east-west dimension of 22 meters and a north-south dimension of 22 meters,
with a height of 3.2 meters and an orientation angle of -45 degrees. The descriptive statistics

of cooling demand results, based on all simulations conducted, for the minimum and
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maximum cooling demand per square meter and total cooling demand, are presented in the

table 4-4.

Table 4-4. Analysis of Descriptive Statistics of Cooling Demand Results Based on All Simulations

%]
= o =
N IR I
Performance g E a f‘, T | £ S Z E 3 S s
Objective = c | €| E| & = g0 8 = E = o
= |22 |2|E|E|E| 2|5 |&B| & | 2
2| 2| &2 2| 5| €| || % £
2| Bl S| A £ s | 5| 2 g
=) 2 5| Z|Z2| % | %
[-%
Minimum 5| 8|64 [28 [ 0 ]179.2 [0.285 |4.276 [1.496] 6.4 [1257.222
Value |8 [ 8 [64 [2.6 [ 15 [166.4 [0.307 |4.437 [1.442[6.400 [1257.246
Total Cooling 8 | 8 [64 [2.8] 15 [179.2 [0.285 [4.276 [1.496] 6.4 [1257.419
Demand Maximum | 2222484 [3.2 | -45 [1548.80.687518.241 .653 | 48.4 [10098.6
Vae 122 [22 [484 [3.8 [ -45 [1839.2[0.578 [16.739 .891 |48.399 [10096.81
22 |22 (484 2.6 | -45 [1258.4]0.846 [20.2372.391 | 48.4 [10095.55
- 16 |22 [352 (2.8 | 15 |985.6 |0.785 [14.182 2.481| 35.2 | 19.405
M{',‘;ﬁ‘l‘e‘m 14 |22 [308 [2.6 | 15 [800.8 [0.846 [12.8782.391] 30.8 | 19.407
Cooling Demand 18 |22 [396 [2.8 | 15 [1108.8]0.785 [15.9552.481[39.600] 19.412
per SquareMeter | 22 | 8 176 2.6 [ -45 |457.6 [0.307 [12.203 [1.442[17.600 | 21.130
Vale (20 [ 8 [160[2.6 [ -45 | 416 [0307 [11.094]1.44216.000] 21.124
22 |8 [176 |32 |45 [5632 025 | 11 | 1.6 | 17.6 | 21.120

The minimum heating demand per square meter is 17.95 kWh/m?, associated with a building
with an east-west dimension of 22 meters and a north-south dimension of 22 meters, with a
height of 2.6 meters and an orientation angle of 0 degrees. The maximum heating demand
per square meter is 8§7.125 kWh/m?, corresponding to a building with an east-west dimension
of 8 meters and a north-south dimension of 8 meters, with a height of 4 meters and an
orientation angle of -45 degrees. The minimum total heating demand is 2,884.684 kWh,
related to a building with an east-west dimension of 8 meters and a north-south dimension
of 8 meters, with a height of 2.6 meters and an orientation angle of 0 degrees. The maximum
total heating demand is 17,180.03 kWh, associated with a building with an east-west
dimension of 22 meters and a north-south dimension of 22 meters, with a height of 4 meters
and an orientation angle of -45 degrees. The descriptive statistics of heating demand results,
based on all simulations conducted, for the minimum and maximum heating demand per

square meter and total heating demand, are presented in the table 4-5.

Additionally, an analysis of lighting demand indicates a clear dependence on the unit area.
Accordingly, the minimum lighting demand is associated with a building measuring 8

meters by 8 meters, while the maximum lighting demand is associated with a building
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measuring 22 meters by 22 meters. To further investigate lighting demand, two indices, the

Useful daylight illuminance and the Daylight autonomy Index, are also considered.

Table 4-5. Analysis of Descriptive Statistics of Heating Demand Results Based on All Simulations

D
£ = =
S E BB 5 2|52 |5|5| B
Performance g g a E,, T | s = = E E < 5
Objective = | €| E| &€ g e £ £ £ 3
= Sl 2|2 2| 5 ' = | 2| = 2
s|l@| 5 | = | 5| = £ = g
O - -~ 5 < s £ £ E
< = =} M = s s 2 S
= 2 S 4 Z )
A~
N 8 | 8 | 64 |26 | 0 |166.4 |0.307 |4.4376 |1.442|6.400 2883.684
Value 8 | 8 | 64 [2.6 |15 |166.4 [0.307 |4.437 [1.442|6.400 |2889.18
Total Heating 8 | 8 | 64 2.6 |-15]166.4 |0.307 [4.4376 |1.442|6.400 |2915.96
Demand Maximum 22 |22 [484 | 4 |-45 11936 | 0.55 |16.315 [2.966 148.39917180.03
Value 22 |22 [484 | 4 |45 |1936 | 0.55 [16.315 [2.966 48.399 |16747.76
22 |22 [484 | 4 [-30 | 1936 | 0.55 [16.315 [2.966 48.399 |16427.77
N 22 |22 484 [2.6 | 0 |1258.4]0.846 [20.237 [2.391 | 48.4 | 17.950
Value 22 |22 484 [2.6 |15 |1258.4]0.846 [20.237 [2.391 | 48.4 | 18.079
Heating Demand 22 |22 484 [2.6 |-15 ]1258.4]0.846 [20.237 [2.391 | 48.4 | 18.269
per square Meter N 8 |8 | 64 | 4 |-45]| 256 | 0.2 |3.577 |1.78816.399 | 87.125
Value 8 | 8 | 64 | 4 |45 | 256 | 0.2 |3.577 [1.7886.399 | 86.006
8 |8 | 64 | 4 |-30] 256 | 0.2 |3.577 [1.788]6.399 | 85.042

The minimum average Useful daylight illuminance is associated with a building with an
east-west dimension of 8 meters and a north-south dimension of 22 meters, with a height of
2.6 meters and an orientation angle of -15 degrees. Conversely, the maximum average
Useful daylight illuminance is linked to a building with an east-west dimension of 8 meters
and a north-south dimension of 8 meters, with a height of 4 meters and an orientation angle
of -45 degrees. Additionally, the maximum average Daylight autonomy Index is associated
with the same building dimensions (8 meters by 8 meters), height (4 meters), and orientation
angle (-45 degrees). The minimum average Daylight autonomy Index is associated with a
building with an east-west dimension of 8 meters and a north-south dimension of 22 meters,

with a height of 2.6 meters and an orientation angle of -15 degrees.

Based on the findings, alterations in the architectural features of the buildings studied can
lead to changes of up to 63,538 kWh in the total annual energy consumption of the residential
buildings, which is a significant amount. According to this section's findings, variations in
building geometrical factors in Melbourne can alter residential energy consumption by up
to 86%. Additionally, changes in the architectural features of the buildings studied can result

in a variation of up to 71 kWh per square meter in the total annual energy consumption of
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the residential buildings, which is also notable. These findings suggest that changes in
building geometrical factors in Melbourne can affect residential energy consumption by up

to 34% (Table 4-6).

Table 4-6. Analysis of Descriptive Statistics of Daylight Results Based on All Simulations

8 | 22 [176 |2.6 |-15 [457.6 0.846 |7.358 |2.391 | 17.6 |37.276
Minimum
o 8 |22 176 |26 | 0 |457.6(0.846|7.358 2391 | 17.6 | 37.3
alue
Daylight Useful 8 | 22 (176 |2.6 |-45 457.6 0.846 | 7.358 2391 | 17.6 |37.427
Index 8 | 8 |64 |4 |-45|256 |02 [3.577 |1.788 |6.399 |82.384
Maximum
o 8 | 8 |64 |38 |-45243200.210]3.670 |1.743 |6.400 |81.872
Tl g 8 [64 |4 30|25 |02 3577 [1.788 6399 |81.720
8 | 22 (176 |2.6 |-45 457.6 0.846 | 7.358 2391 | 17.6 |28.830
Minimum
o 8 | 22 (176 |2.6 |-30 457.6(0.846 | 7.358 2391 | 17.6 |29.478
alue
Daylight autonomy 8 | 22 [176 |2.6 |-15 457.6 [0.846 |7.358 |2.391 | 17.6 |29.880
Index 10| 8 |80 |4 |30 32002 |4472 [1.788 [7.999 | 75391
Maximum
o 10| 8 |80 |4 |15]320 |02 |4472 [1.788 [7.999 | 75203
alue
" 10| 8 [80]4 |0 [320]02 |4472[1.788 [7.999 |75.014

The changes in the architectural features studied in this research result in a variation of
approximately 8,841 kWh and 87% in the cooling demand of the residential buildings. These
changes can also lead to approximately 2 kWh per square meter and a 9% variation in
cooling demand per square meter. Furthermore, the alterations in architectural features lead
to about 70 kWh per square meter and an 86% change in heating demand per square meter
of the residential building. Additionally, the changes result in a variation of 14,297 kWh and
83% in total heating demand. In terms of daylight performance, the architectural changes
lead to a variation of 45 units and 52% in the average Useful daylight illuminance. The
average Daylight autonomy Index also shows a variation of approximately 47 units and 62%.
These figures underscore the significant impact of building geometrical factors on energy
performance, which is crucial for urban planning and the formulation of city planning and

architectural regulations.
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4-2-1- Results of Correlation Analysis

Initially, correlation analysis is performed on the data pairwise to identify significant
relationships (Table 4-7; 4-8). The correlation coefficient is a statistical tool used to
determine the type and degree of the relationship between two quantitative variables. The
correlation coefficient is one of the criteria used to assess the correlation between two
variables. It indicates both the strength and the type (positive or negative) of the relationship.
This coefficient ranges from -1 to 1, with a value of 0 indicating no relationship between the

two variables. In this context, Pearson's correlation test is utilized based on the variables.

Table 4-7. Results of Correlation Test Between Architectural Factors and Performance Objectives

. Pearson Correlation -.498" .004 -503" ° 690" .694™ 548" 691 281" .103"
;Xei?:n Sig. (2-tailed) 000 .805 .000 . .000 .000 .000 .000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

. Pearson Correlation -.506" -.154 -.504™ > 689" .686™ .547" .691** -.743" 787"
lenslei‘gzn Sig. (2-tailed)  .000 000 000 . .000 000 .000 .000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

Pearson Correlation -.690° -.103" -.691° > .993* 998" 768" 1.000"* -.255" -.446™

ﬁ&?ﬁﬁi Sig. (2-tailed)  .000 .000 .000 . .000 .000 .000 .000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

< hiop  FPearsonCorrelation 636" 021 640 P 112 001 6067 .000 376" 536"
I;fllﬁditn"g Sig. (2-tailed) 000 .209 000 . .000 .947 .000 1.000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

L Pearson Correlation -.060" -.754" -.028 > -012 -.043" -028 .000 .042* .105"
tovl‘i:r?sﬁ?gg 4, Sig. (-tailed) 000 000 093 . 490 009 092 1.000 Ol 000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

Pearson Correlation -.481°" -.092" -481" ° 976" 944" 924" 946 -.113™ -271"

\g’lll‘:l‘(’;; ;’f Sig. (2-tailed)  .000 000 .000 . .000 .000 .000 .000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

**_Correlation is significant at the 0.01 level (2-tailed).
*, Correlation is significant at the 0.05 level (2-tailed).
b. Cannot be computed because at least one of the variables is constant.

Pearson Correlation is a parametric method used for data that follows a normal distribution
or when the sample size is large. In these tests, only significance is reported. According to
Amrhein et al. (2019), the significance coefficient alone does not necessarily indicate the
meaningfulness of the data; it is simply a report that can assist in this assessment. Based on

the simulation results, Pearson correlation tests are conducted between architectural factors
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and performance objectives. The results are presented in the table. The tables provided
examine the correlation between general architectural characteristics of residential buildings
with energy performance objectives and window specifications of residential buildings with

energy performance objectives.

Table 4-8: Results of Correlation Test Between Architectural Factors and Performance Objectives

Pearson Correlation -.706™ -.148"™ -705™ ° 571 617" .228™ .622" -853™ -915™

vathwé::de Sig. (2-tailed) 000 .000 .000 . .000 .000 .000 .000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

it of Pearson Correlation -.772** -.069" -775" P 5927 930" -.121% -351™
‘xliitdogv Sig. (2-tailed) 000 .000 .000 . .000 .000 .000 .000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

i niop Peason Corrclation -222" 133" 218" P 673" 625" 747" 629" -498" -515"
}\;‘Zﬁ df)‘?v Sig. (2-tailed) 000 .000 000 . .000 .000 .000 .000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

Pearson Correlation -.690”" -.103" -691" > 993* 998" 768" 1.000” -.255" -.446"

@fﬁzé’va Sig. (2-tailed) 000 .000 000 . .000 .000 .000 .000 .000 .000
N 3584 3584 3584 3584 3584 3584 3584 3584 3584 3584

**_Correlation is significant at the 0.01 level (2-tailed).
*_ Correlation is significant at the 0.05 level (2-tailed).
b. Cannot be computed because at least one of the variables is constant.

According to the correlation test findings, the highest correlation between performance
objectives and architectural factors is observed in the relationship between the floor area and
energy consumption, as well as cooling demand, with correlation coefficients of 0.993 and
0.998, respectively. Among window specifications, the highest correlation is found in the
window area with energy consumption and cooling demand per square meter, with
correlation coefficients of 0.993 and 0.998, respectively. Following these factors, the next
highest correlations are related to the building volume with total energy consumption,

cooling demand, heating demand, and lighting demand.

4-2-2- Results of Curve Regression Testing

Subsequently, regression tests are conducted on the data based on the significant
relationships identified through correlation results. Regression testing is a method used to

identify new software defects or regressions in active and inactive areas of the system after
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making changes such as optimizations, patches, or configuration modifications. Initially,
curve regression tests are performed between variables on a pairwise basis. This process
forms the basis for the modeling sought in the research. Curve Regression evaluates the
relationship between two variables based on predefined model types and predicts which

model best fits the data.

In this study, all 11 possible models in SPSS software were tested using curve regression.
The predefined models are listed in the table below. Based on the results from curve
regression, both linear and nonlinear regression tests are conducted assuming the
relationships are significant. Thus, in this section, the curve regression test for architectural

factors and performance objectives is conducted pairwise.

In this section, the relationship between energy consumption per square meter and the east-

west dimension is examined. According to the findings from the curve regression test, the

highest F-statistic is related to the inverse relationship, and the highest R-squared value
corresponds to the inverse and cubic model. Thus, the relationship between the two
variables is identified as an inverse equation. Based on the results of the regression test, a

moderate relationship is detected between the two variables (Table 4-9).

Table 4-9. Results of Curve Regression Between Energy Consumption per Square Meter and the
East-West Dimension

Model Results Model Diagram
Model formula
R Square F Energy Consumption per Area (kWh)
Linear 248 1183.731 B—— =2 Jhsencd
Logarithmic 266 1299.209 e
Inverse 274 1349.307 o = Compund
Quadratic 272 668.175 o '_'EPM, y
Cubic 274 449.523 = = Logistic
Compound 251 1198.244 eocomoo I I
Power 267 1306.497 I
S 273 1347.402 140000000 I I
Growth 251 1198.244
Exponential 231 1198 244 o b h - T}: East-\;;st Di_m:;lsion (m)
Logistic 251 1198.244

Dependent Variable: Global Energy Per Area

The independent variable is EW Side Dimention.

In this section, the relationship between cooling demand per square meter and the east-west

dimension is examined (Table 4-10). Based on the findings from the curve regression test,
the highest F-statistic is associated with the linear relationship, and the R-squared values for

all relationships are close to zero. Consequently, the relationship between the two variables
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is identified as a linear equation with a prediction accuracy close to zero. Based on the

results of the curve regression test, a weak relationship is detected between the two variables.

Table 4-10. Results of Curve Regression Between Cooling Demand per Square Meter and the East-
West Dimension

Model Results Model Diagram
Model formula
R Square F Cooling Demand per Area (kWh)
Linear .000 .061 ‘ 2 s
Logarithmic .000 .053 100000 :Esdljm
Inverse .000 .043 | - EI'J"”“
Quadratic .000 034 ’ l l =
Cubic -000 .024 - ot
Compound .000 051
Power .000 .043 20000000
S .000 .034
Growth 000 051 -
Exponential .000 .051 T
LOgiS tic 000 051 The East-West Dimension (m)

Dependent Variable: Cooling Energy Per Area

The independent variable is EW Side Dimention.

In this section, the relationship between heating demand per square meter and the east-west

dimensions of the east-west side has been examined. Based on the findings from the
curvature regression test, the highest F-statistic was related to the inverse relationship, and
the highest R-squared value was associated with the inverse and cubic relationship.
Therefore, the relationship between the two variables is identified as an inverse equation.
In addition, based on the results of the regression test, a moderate and direct relationship is
detected between the two variables. The R-squared values in this test were less than 0.3 in

all equations (Table 4-11).

Table 4-11. Results of Curve Regression Between Heating Demand per Square Meter and the East-
West Dimensions

Model Results Model Diagram
Model formula
R Square F Heating Demand per Area (kWh)
Linear 253 1210.327 2 ot
5 B —- Logarithmic
Logarithmic 271 1328.999 o = e
Inverse 278 1380.440 2 e
Quadratic 276 683.561 o =
== Exponential
Cubic 278 459.890 = = Logistc
Compound 256 1232.956 _—
Power 269 1318.458
S 271 1332.352
Growth 256 1232.956 e
Exponential 256 1232.956 100 125 50 s -
Logistic 256 1232.956 The East-West Dimension (m)

Dependent Variable: Heating Energy Per Area

The independent variable is EW Side Dimention.
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In this section, the relationship between energy consumption and the dimensions of the east-

west side has been examined. Based on the findings from the curvature regression test, the
highest F-statistic was associated with the power model, and the highest R-squared value
was also related to the power model. Therefore, the relationship between the two variables
is identified as a power equation (Table 4-12).

Table 4-12. Results of Curve Regression Between Energy Consumption and the East-West
Dimensions

Model Results Model Diagram
Model formula
R Square F Energy Consumption (kWh)
Linear 476 3254.433 000500080 = o
Logarithmic 466 3124.989 I = Eﬂd‘"""
Inverse 437 2779.530 ] = EEEE.“"“
Quadratic 476 1626.784 —_—
Cubic 476 1084.221 om0 f e
Compound 486 3391.163 oo '
Power 494 3492.495 o000 00000
S 480 3312.655 S
Growth 486 3391.163 B
Exponential 486 3391.163 e =
Logistic 486 3391.163 The East-West Dimension (m)

Dependent Variable: Global Energy

The independent variable is EW Side Dimention.

In this section, the relationship between cooling demand and the dimensions of the east-west

side has been examined. Based on the findings from the curvature regression test, the highest
F-statistic was associated with the power relationship, and the highest R-squared value was
also related to the power relationship. Therefore, the relationship between the two variables
is identified as a power equation. In addition, based on the results of the regression test, a

moderate and direct relationship is detected between the two variables (Table 4-13).

Table 4-13. Results of Curve Regression Between Cooling Demand and the East-West Dimensions

Model Results Model Diagram
Model formula :
R Square F Cooling Demand (kWh)
Linear 482 3327.065 12000000000 o Opsened
Logarithmic 472 3197.858 =
Inverse 443 2844.908 o L s
Quadratic 482 1663.068 000002000 T ot
Cubic 482 1108.403 o S
Compound 494 3501.243
Power .505 3648.565 1000 oocc
S 494 3496.481 0000000 B
Growth 494 3501.243
Exponential 494 3501.243 o 100 s 160 7 20 as
Logistic 494 3501.243 The East-West Dimension (m)

Dependent Variable: Cooling Energy

The independent variable is EW Side Dimention.
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In this section, the relationship between heating demand and the dimensions of the east-west

side has been examined. Based on the findings from the curvature regression test, the highest
F-statistic and the highest R-squared value were associated with the composite, logistic, and
growth relationships. Therefore, the relationship between the two variables is identified as a
compound equation. In addition, based on the results of the regression test, a moderate and

direct relationship is detected between the two variables (Table 4-14).

Table 4-14. Results of Curve Regression Between Heating Demand and the East-West Dimensions

Model Results Model Diagram
Model formula
R Square F Heating Demand (kWh)
Linear .300 1535.963 20000000000 | 2 Obemes
Lo garithnﬁc 292 1480.187 E Q}‘“‘“l
Inverse 273 1344.298 S = Egag?m
Quadratic .300 768.121 =
Cubic 300 511.952 —Er
Compound 308 1597.293
Power .307 1588.840
S 293 1486.877 e
Growth 308 1597.293
Exponential 308 1597.293 oo m s o s 2 =
Logistic 308 1597.293 The East-West Dimension ()

Dependent Variable: Heating Energy

The independent variable is EW Side Dimention.

In this section, the relationship between lighting demand and the dimensions of the east-

west side has been examined (Table 4-15). Based on the findings from the curvature
regression test, the highest F-statistic and the highest R-squared value were associated with
the power model. Therefore, the relationship between the two variables is identified as a

power equation.

Table 4-15. Results of Curve Regression Between Lighting Demand and the East-West Dimensions

Model Results Model Diagram
Model formula
R Square F Lighting Demand (kWh)
Linear 478 3276.220 op— 2 Opsered
Logarithmic 468 3150.188 = e
Inverse 439 2804.943 ormce0o = gapd
Quadratic 478 1637.652 o -_-SM
Cubic 478 1091.463 o o e
Compound 490 3438.308 I '
Power .500 3582.000
S 489 3434.370 stoseoom
Growth 490 3438.308
Exponential 450 2438508 b b b - T‘;ISG East-\:]oest Dhlfesnsion (m)
Logistic 490 3438.308

Dependent Variable: Lighting Energy

The independent variable is EW Side Dimention.
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In this section, the relationship between the average useful daylight and the dimensions of

the east-west side has been examined. Based on the findings from the curvature regression

test, the highest F-statistic and the highest R-squared value were associated with the S-curve
model. Therefore, the relationship between the two variables is identified as an S-curve

equation (Table 4-16).

Table 4-16. Results of Curve Regression Between Average UDI and the East-West Dimensions

Model Results Model Diagram
Model formula
R Square F Average UDI (%)
Linear .079 306.704 sonooom | 2 oo
Logarithmic .087 341.003 Eigd”m
Inverse 092 361.082 o =
Quadratic 092 182.293 roomom 1 .. e
Cubic .093 122.045 o e
Compound .090 354.309
POWCI‘ .099 394.349 50000000
S 105 418.013 -
Growth .090 354.309
Exponential .090 354.309 000000 00 s o s m
Logistic .090 354.309 The East-West Dimension (m)

Dependent Variable: UDI Average

The independent variable is EW Side Dimention.

In this section, the relationship between the average daylight autonomy and the dimensions

of the east-west side has been examined. Based on the findings from the curvature regression

test, the highest F-statistic and the highest R-squared value were associated with the S-curve
relationship. Therefore, the relationship between the two variables is identified as an
S-curve equation. Based on the results of the curve regression test, a weak relationship is

detected between the two variables (Table 4-17).

Table 4-17. Results of Curve Regression Between Average DA and the East-West Dimensions

Model Results Model Diagram
Model formula
R Square F Average DA (%)
Linear 011 38.614 o— 18 Gbearsd
Logarithmic 013 46.284 - e
Inverse 015 52.723 5 (élvpd
Quadratic .016 28.948 60000000 -
Cubic 016 19.837 - e
Compound .016 58.989 = .
Power .019 68.663 e
S 021 76.185 e
Growth .016 58.989
Exponential 016 58.989 T o om om0 @ m  w
Lo gi stic 016 58 989 The East-West Dimension (i)

Dependent Variable: DA Average

The independent variable is EW Side Dimention.
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In this section, the relationship between energy consumption per square meter and the

dimensions of the north-south side has been examined. Based on the findings, the highest

F-statistic was associated with the inverse equation, and the highest R-squared value was
related to the inverse, S-curve, and cubic model. Therefore, the relationship between the
two variables is identified as an S-curve equation (Table 4-18).

Table 4-18. Results of Curve Regression Between Energy Consumption per Square Meter and the
North-South Dimensions

Model Results Model Diagram
Model formula
R Square F Energy Consumption per Area (kWh)
Linear 257 1235.818 20000000 = ovuarad
Logarithmic 275 1356.021 :Egdmt
Inverse 282 1407.084 20000000 - Egggm
Quadratic .280 696.766 :—'—:émw‘h
Cubic 282 468.695 T hgene
Compound 259 1251.762 I
Power 276 1364.240 -
S 282 1405434 - I I |
Growth 259 1251.762
Exponential 259 1251.762 romce: mm
LOgiStiC 259 1251.762 The North-South Dimension (m)

Dependent Variable: Global Energy Per Area

The independent variable is NS Side Dimention.

In this section, the relationship between cooling demand per square meter and the

dimensions of the north-south side has been examined. Based on the findings from the

curvature regression test, the highest F-statistic and the highest R-squared value were
associated with the power model. Therefore, the relationship between the two variables is
identified as a power equation (Table 4-19).

Table 4-19. Results of Curve Regression Between Cooling Demand per Square Meter and the North-
South Dimensions

Model Results Model Diagram
Model formula
R Square F Cooling Demand per Area (kWh)
Linear .024 87.347 2 Dbsened
B B —- Logarithmic
Logarlthmlc 024 88 225 21.000000 I ' ' ' ' ' - g:z’;:m
e 023 85330 U
Quadratic 024 44.161 A i TS
20500000 ' . ' —Exponential
Cubic .024 29.436 - = Logistic
Compound .024 88.847 .
Power 024 89.705 —
S 024 86.727 )
Growth '024 88 '847 19500000
Exponential 024 88.847 00 s I s wm
Logis e 024 38.847 I The North-South Dimension (m)

Dependent Variable: Cooling Energy Per Area

The independent variable is NS Side Dimention.
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In this section, the relationship between heating demand per square meter and the

dimensions of the north-south side has been examined. Based on the findings from the

curvature regression test, the highest F-statistic was associated with the inverse equation,
and the highest R-squared value was related to the inverse and cubic model. Therefore, the
relationship between the two variables is identified as an S-curve equation (Table 4-20).

Table 4-20. Results of Curve Regression Between Heating Demand per Square Meter and the North-
South Dimensions

Model Results Model Diagram
Model formula :
R Square F Heating Demand per Area (kWh)
Linear 254 1219.653 _Ltin’g:;ra’:m
Lo garithmic 272 1339.219 40000000 : ELE'EM N
Inverse .280 1390.890 = Compouns
Quadratic 278 688.720 I :_' E;;?nh B
Cubic 280 463.358 - - Logistic
Compound 258 1242.773
Power 271 1328.747
S 273 1342.387
Growth 258 1242.773 oo
Exponential 258 1242.773 oo s P - w0 o
Lo gi stic 258 1242.773 The North-South Dimension (m)

Dependent Variable: Heating Energy Per Area

The independent variable is NS Side Dimention.

In this section, the relationship between energy consumption and the north-south dimensions

has been examined. Based on the findings from the curvature regression test, the highest F-
statistic and the highest R-squared value were associated with the power model. Therefore,
the relationship between the two variables is identified as a power equation (Table 4-21).

Table 4-21. Results of Curve Regression Between Energy Consumption and the North-South
Dimensions

Model Results Model Diagram
Model formula .
R Square F Energy Consumption (kWh)
Linear 474 3229.571 80000 00000 LE:::::’V‘U
. B =+ Logarithmic
Logarithmic Ao 0020/ = thas
Inverse 435 2760.858 a Eﬁﬂiwnn
Quadratic 474 1614351 i
==*Exponentia
Cubic 474 1075.934 soaneoses s - aiic
Compound 484 3363.377 40000.00000 ’
Power 492 3463.717
S 478 3286.286
Growth .484 3363 .377 2000000000
Exponentia] 484 3363.377 1000000000 100 25 150 s 00 75
Logistic 484 3363.377 The North-South Dimension (m)

Dependent Variable: Global Energy

The independent variable is NS Side Dimention.
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In this section, the relationship between cooling demand and the dimensions of the north-

south side has been examined. Based on the findings, the highest F-statistic and the highest
R-squared value were associated with the power model. Therefore, the relationship between
the two variables is identified as a power equation (Table 4-22).

Table 4-22. Results of Curve Regression Between Cooling Demand and the North-South
Dimensions

Model Results Model Diagram
Model formula
R Square F Cooling Demand (kWh)
Linear 471 3186.127 2000000000 = s
Logarithmic 461 3068.543 o = Egd.
Inverse 433 2738.869 : E::;;W
Quadrat]c 471 1592.632 5000000000 == éyuw\h
Cubic 471 1061.458 . 5 T et
Comp()und 483 3339.989
Power 493 3478.452 00000000
S 482 3337.962 I
Growth 483 3339.989
Exponential 483 3339.989 T
Logistic 483 3339.989 The North-South Dimension (m)

Dependent Variable: Cooling Energy

The independent variable is NS Side Dimention.

In this section, the relationship between heating demand and the dimensions of the north-

south side has been examined. Based on the findings from the curvature regression test, the
highest F-statistic and the highest R-squared value were associated with the compound,
growth, and logistic relationships. Therefore, the relationship between the two variables
is identified as a composite equation (Table 4-23).

Table 4-23. Results of Curve Regression Between Heating Demand and the North-South
Dimensions

Model Results Model Diagram
Model formula
R Square F Heating Demand (kWh)
Linear .299 1525.434 20000000000 & otz
Lo garithmic 291 1470.368 - Eidjc
Inverse A2 1335.809 I = gmm
Quadratic .299 762.841 = §mwm
Cubic 299 508.433 S = Logieie
Compound 307 1585.942
Power .306 1577.694
S 292 1476.763 -
Growth 307 1585.942
Exponential 307 1585.942 oo o m
Lo giStiC 307 1585.942 The North-South Dimension (m)

Dependent Variable: Heating Energy

The independent variable is NS Side Dimention.
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In this section, the relationship between lighting demand and the dimensions of the north-

south side has been examined. Based on the findings, the highest F-statistic and the highest
R-squared value were associated with the S-curve model. Therefore, the relationship
between the two variables is identified as an S-curve equation (Table 4-24).

Table 4-24. Results of Curve Regression Between Lighting Demand and the North-South
Dimensions

Model Results Model Diagram
Model formula
R Square F Lighting Demand (kWh)
Linear 478 3276.220 2500.000000 2 O
Logarithmic 468 3150.188 = e
Inverse 439 2804.943 om0 A
Quadratic 478 1637.652 o :—-Ei.m .
Cubic 478 1091.463 Z - - Logistie
Compound 490 3438308 S
Power .500 3582.000
S 489 3434.370 a0 onms
Growth 490 3438.308
Exponential 490 3438.308 000000 =
Logistic 490 3438.308 The North-South Dimension (m)

Dependent Variable: Lighting Energy

The independent variable is NS Side Dimention.

In this section, the relationship between the average useful daylight and the dimensions of

the north-south side has been examined. Based on the findings, the highest F-statistic was

associated with the linear equation, and the highest R-squared value was related to the linear
and cubic model. Therefore, given the low F-statistic for the cubic curve, the relationship

between the two variables is identified as a linear equation (Table 4-25).

Table 4-25. Results of Curve Regression Between Average UDI and the North-South Dimensions

Model Results Model Diagram
Model formula
R Square F Average UDI (%) _
Linear 552 4414.648 90000000 Lwt‘:::vea
= Logarithmic
Logarithmic 497 3542411 i
= = Cubic
Inverse 425 2643.318 = Compoos
Quadratic 592 2599.460 Togmeo0o =
= Exponential
Cubic .599 1781.013 i == Lagatc
Compound 523 3932268
Power 468 3146.812 50000000
S .396 2353.217 -
Growth 523 3932.268
Exponentlal 523 3932268 2000000 100 125 150 175 200 25
Logistic 523 3932.268 The East-West Dimension (m)

Dependent Variable: UDI Average

The independent variable is NS Side Dimention.




In this section, the relationship between the average daylight autonomy and the dimensions

of the north-south side has been examined. Based on the findings, the highest F-statistic was
associated with the logarithmic equation, and the highest R-squared value was related to the
power, quadratic and cubic curves. Therefore, the relationship between the two variables

is identified as a logarithmic equation (Table 4-26).

Table 4-26. Results of Curve Regression Between Average DA and the North-South Dimensions

Model Results Model Diagram
Model formula
R Square F Average DA (%)
Linear 619 5816968 80.000000 ‘_Ltli‘.:::;:;d
Logarithmic .631 6124.337 = ,Ogd‘
Inverse 616 5741.854 e =
Quadratic .632 3068.417 50000000 kSN
Cubic .632 2045.042 . o
Compound .630 6090.054
Power .631 6113.149 a0
S .605 5476.278 I
Growth .630 6090.054
EXpOnentlal 630 6090.054 20000000 100 125 150 175 200 . 25 .
Lo gi stic 630 6090.054 The North-South Dimension (m)

Dependent Variable: DA Average

The independent variable is NS Side Dimention.

In this section, the relationship between energy consumption per square meter and the

building area has been examined. Based on the findings from the curvature regression test,
the highest F-statistic was associated with the power equation, and the highest R-squared
value was related to the cubic and power relationship. Therefore, based on the R-squared
value of the power equation, the relationship between the two variables is identified as a
power equation (Table 4-27).

Table 4-27. Results of Curve Regression Between Energy Consumption per Square Meter and the
Building Area

Model Results Model Diagram
Model formula
R Square F Energy Consumption per Area (kWh)
Linear 476 3249412 covonah ) + cbms
Logarithmic 541 4217.512 by T
Inverse 533 4085.119 wooman| WY = Compoun
Quadratic 539 2093.510 R ‘_‘M
Cubic .546 1436.752 T Erponenal
Compound 486 3384.299
Power .543 4256.749
S 525 3958.873
Growth 486 3384.299
Exponential 486 3384.299 s 1 = w m =
Logistic 486 3384.299 Area of Building (m2)

Dependent Variable: Global Energy Per Area

The independent variable is Area of Building.
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In this section, the relationship between cooling demand per square meter and the building's

floor area has been examined. Based on the findings from the curvature regression test, the
highest F-statistic and the highest R-squared value were associated with the power model.
Therefore, based on the overall findings, the relationship between the two variables is
identified as a power equation (Table 4-28).

Table 4-28. Results of Curve Regression Between Cooling Demand per Square Meter and the
Building Area

Model formula Model Results Model Diagram
R Square F Cooling Demand per Area (kWh)
Linear .011 38.707 'l 2 O
Logarithmic OIT 41411 nown| |0 ’:l'i 'l‘,' :. Yy "% i Zom
Inverse 011 38412 \ UHAL LY boooo T
P \ 858 0.6 2 Roher
Quadratic o oast G\ e gy, S
Cubic 011 13.769 N L - = Logistic
.\
Compound 011 39.555 )
Power .012 42.334 o000
S .011 39.284
Growth 011 39.555 e
EXpOl’lel’ltial 011 39.555 o 100 200 300 T a0 500
LOgiStiC 011 39.555 Area of Building (m2)

Dependent Variable: Cooling Energy Per Area

The independent variable is Area of Building.

In this section, the relationship between heating demand per square meter and the building

area has been examined. Based on the findings, the highest F-statistic was associated with
the logarithmic equation, and the highest R-squared value was related to the cubic and
logarithmic model. Based on the R-squared value and the F-statistic, the relationship
between the two variables is identified as a logarithmic equation (Table 4-29).

Table 4-29. Results of Curve Regression Between Heating Demand per Square Meter and the
Building Area

Model Results Model Diagram
Model formula :
R Square F Heating Demand per Area (kWh)
Linear 477 3270.088 13 =+ oo
Logarithmic 543 4251.744 et L ‘ = it
Inverse 535 4120.903 " ol
Quadratic 541 2111.010 - = GM
Cubic .548 1449.057 e
Compound 505 3657.594 -
Power 540 4198.635
S 496 3528.545
Growth 505 3657.594 ==
Exponential 505 3657.594 o " = o
Logistic .505 3657.594 Area of Building (m2)

Dependent Variable: Heating Energy Per Area

The independent variable is Area of Building.
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In this section, the relationship between energy consumption and the building area has been

examined. Based on the findings from the curvature regression test, the highest F-statistic

was associated with the linear equation, and the highest R-squared value was related to the

linear, quadratic, and cubic model. Therefore, the relationship between the two variables

is identified as a linear equation. In addition, based on the results of the regression test, a

strong and direct relationship is detected between the two variables (Table 4-30).

Table 4-30. Results of Curve Regression Between Energy Consumption and the Building Area

Model Results Model Diagram
Model formula
R Square F Energy Consumption (kWh)
Linear 986  245360.528 J—— 2 Obsened
Logarithmic 930 47618202 o
Inverse 750 10758.711 _ = 2
Quadratic 986 124346303 . =
Cubic 986 83204317 s Rt iy
Compound 928  45869.876 -
Power 985  239744.693 o
S 905  34066.049 )
Gioin 928 45869.876 .
Exponentia] 928 45869.876 1R, o 20 =) ) i
Lo gisti c 928 45869.876 Area of Building (m2)

Dependent Variable: Global Energy

The independent variable is Area of Building.

In this section, the relationship between cooling demand and the building's floor area has

been examined. Based on the findings from the curvature regression test, the highest F-

statistic and the highest R-squared value were associated with the power relationship.

Given all the results, it can be concluded that the relationship between the two variables is

identified as a power equation (Table 4-31).

Table 4-31. Results of Curve Regression Between Cooling Demand and the Building Area

Model Results Model Diagram
Model formula
R Square F Cooling Demand (kWh)
Linear .996 955625.147 12000000000  Dbsened
Logarithmic 933 49912.160 ;09
Inverse 746 10504.489 = Gompand
Quadratic 996 477937.133 £000.000000 et
Cubic 996 318537.809 gy = T T
COInpound 933 50100.781 .z r.
Power 997 1291578.066 #000.000000 ,’.
S 921 42000.537 ~
Growth 933 50100.781 ~ 7
Exponential 933 50100.781 s % %0 s w
LOgiStiC 933 50100.781 Area of Building (m2)

Dependent Variable: Cooling Energy

The independent variable is Area of Building.
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In this section, the relationship between heating demand and the building's floor area has

been examined. Based on the findings, overall, the highest F-statistic and the highest R-

squared value were associated with the power relationship. Therefore, according to the

results of the curvature regression test, the relationship between the two variables is

identified as a power equation. In addition, based on the results of the regression test, a

moderate and direct relationship is detected between the two variables (Table 4-32).

Table 4-32. Results of Curve Regression Between Heating Demand and the Building Area

Model Results Model Diagram
Model formula
R Square F Heating Demand (kWh)
Linear .589 5138.023 20000000000 2 Qutarng
Lo garithmic .583 5016.701 Z \L;zgj;::
Inverse 498 3555.302 — ___ EE:;E"’““"
Quadratic .595 2627.689 il
' == Exponential
Cubic .596 1763.109 I | == Logstic
Compound 574 4816.935
Power .613 5674.794
S .569 4724.550 — 5
Growth 574 4816.935 Wi
o000 bl 4
Exponential 574 4816.935 o = = e - -
LOgiStiC 574 4816.935 Area of Building (m2)

Dependent Variable: Heating Energy

The independent variable is Area of Building.

In this section, the relationship between lighting demand and the building's floor area has

been examined. Based on the findings from the curvature regression test, the highest F-

statistic and the highest R-squared value were associated with the linear relationship

between the two variables. Therefore, according to the results, the relationship between the

two variables is identified as a linear equation (Table 4-33).

Table 4-33. Results of Curve Regression Between Lightng Demand and the Building Area

Model formula Model Results Model Diagram
R Square F Lighting Demand (kWh)
Linear 1.000  460911253292599740.000 ..o + oo
Logarithmic 936 52263311 ;;gdh
Inverse 747 10597.661 omoonnns i - é:!’.!;m.m
Quadratic 1.000 230391289508782144.000 L - _Eegm‘
Cubic 1.000  153551301580921568.000
Compound 936 52263.311 i
Power - }
S 924 43549.410 -
Growth 936 52263311
Exponential 936 52263.311 oo - -
Logistic 936 52263.311 Area of Building (m2)

Dependent Variable: Lighting Energy

The independent variable is Area of Building.
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In this section, the relationship between the average useful daylight and the building area

has been examined. Based on the findings from the curvature regression test, the highest F-
statistic was associated with the inverse equation, and the highest R-squared value was
related to the cubic model. Therefore, the relationship between the two variables is identified
as an inverse equation. Based on the results of the curve regression test, a weak relationship

is detected between the two variables (Table 4-34).

Table 4-34. Results of Curve Regression Between Average UDI and the Building Area

Model Results Model Diagram
Model formula
R Square ~ F Average UDI (%)
Linear 065 248.758 pm— ¢ =
Logarithmic 084 329.238 bk =
Inverse 098 389.941 oo X, — e
Quadratic 081 157.002 —_— e
Cubic 104 138.800 Ed= T oo
Compound 051 191318 - i
Power .068 261.588 5000000
S .082 318.723 osoma] ’
Growth 051 191.318
Exponential 051 191.318 no e = x w w
LOgiStiC 051 191.318 Area of Building (m2)

Dependent Variable: UDI Average

The independent variable is Area of Building.

In this section, the relationship between the average daylight autonomy and the building area

has been examined. Based on the findings from the curvature regression test, the highest F-
statistic was associated with the inverse equation, and the highest R-squared value was
related to the inverse, quadratic, and cubic model. Therefore, the relationship between the

two variables is identified as an inverse equation (Table 4-35).

Table 4-35. Results of Curve Regression Between Average DA and the Building Area

Model formula Model Results Model Diagram
R Square F Average DA (%)
Linear 199 890.749 - o
Logarithmic 232 1082.941 \ ) Eigdm(m
Inverse 238 1116.587 i 2
Quadratic 228 529.441 i S .
Cubic 238 372720 . — Eoma
Compound 187 822.402 .
Power 216 985.550 “aoomeo
S 219 1004211 .
Growth 187 822.402
Exponential 187 822.402 B, = = w
Lo gistic 187 822.402 Area of Building (m2)

Dependent Variable: DA Average

The independent variable is Area of Building.

113



In this section, the relationship between energy consumption per square meter and building

height has been examined. Based on the findings from the curvature regression test, the
highest F-statistic and the highest R-squared value were associated with the compoond,
growth, and logistic equations. Therefore, the relationship between the two variables is
identified as a compound equation (Table 4-36).

Table 4-36. Results of Curve Regression Between Energy Consumption per Square Meter and
Building Height

Model Results Model Diagram
Model formula :
R Square F Energy Consumption per Area (kWh)
Linear 404 243201 1 220000000 Laizz:\'an
Lo garithmic 401 2402.804 :rd"""
Inverse 396 2344197 oo . b Eirpns
Quadratic 405 1217.248 =S
180.000000 — Exponential
Cubic 405 1217.248 - - Logistc
Compound 415 2539.575 S e
Power 413 2519.675
S 408 2467881 140.000000
Growth 415 2539.575
Exponential 415 2539.575 000 —— ™ -
Logistic 415 2539.575 Height of Building (m)

Dependent Variable: Global Energy Per Area

The independent variable is Height of Building.

In this section, the relationship between cooling demand per square meter and building

height has been examined. Based on the findings from the curvature regression test, the
highest F-statistic was associated with the composite, growth, and logistic equations, while
the R-squared values for all equations were zero. Therefore, the relationship between the
two variables is identified as a compound equation (Table 4-37).

Table 4-37. Results of Curve Regression Between Cooling Demand per Square Meter and Building
Height

Model Results Model Diagram
Model formula
R Square F Cooling Demand per Area (kWh)
Linear .000 1.580 L[‘i::‘md
Logarithmic 000 1.551 l T
Inverse .000 1.505 - E;f"‘;m
Quadratic .000 797 o I l l I T
CubiC .000 197 = = Logistic
Compound .000 1.643 i
Power .000 1.613 00002
S .000 1.566
Growth -000 1.643 -
EXpOI’lential .000 1.643 275 300 ) 325 350 :75. so0 N
LOgiStiC .000 1.643 Height of Building (m)

Dependent Variable: Cooling Energy Per Area

The independent variable is Height of Building.
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In this section, the relationship between heating demand per square meter and building

height has been examined. Based on the findings the highest R-squared value were
associated with the power relationship. Therefore, the relationship between the two variables
is identified as a power equation. In addition, based on the results of the regression test, a
moderate and direct relationship is detected between the two variables. The R-squared
values in this test were less than 0.45 in all equations (Table 4-38).

Table 4-38. Results of Curve Regression Regression Between Heating Demand per Square Meter
and Building Height

Model Results Model Diagram
Model formula
R Square F Heating Demand per Area (kWh)
Linear 410 2486.685 2 Ousems
Logarithmic 407 2456.619 - e
Inverse 401 2396.255 : é::?m
Quadratic 410 1244.617 o =
= Exponential
Cubic 410 1244.617 - - Logistc
Compound 441 2820.626
Power 442 2836.511
S 440 2813.997
Growth 441 2820.626
EXpOnentlal 441 2820626 278 300 325 350 3-75 4[|u- -
Logistic 441 2820.626 Height of Building (m)

Dependent Variable: Heating Energy Per Area

The independent variable is Height of Building.

In this section, the relationship between total building energy consumption and building

height has been examined. Based on the findings from the curvature regression test, the
highest F-statistic and the highest R-squared value were associated with the compound,
growth, and logistic equations. Therefore, the relationship between the two variables is

identified as a compound equation (Table 4-39).

Table 4-39. Results of Curve Regression Between Energy Consumption and Building Height

Model formula Model Results Model Diagram
R Square F Energy Consumption (kWh)
Linear 013 45.600 I e
Logarithmic 012 45264 e
Inverse 012 44584 R T B
Quadratic 013 22.813 S L : : P8 T
Cubic 03 22813 S B T Sl
Compound .013 48.520 4000000000 L
Power .013 48.294 2000000000
S .013 47.699 o
Civein 013 48520 o
Exponential 013 48.520 B “ - - " oo
Logistic e 48520 Height of Building (m)

Dependent Variable: Global Energy

The independent variable is Height of Building.
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In this section, the relationship between cooling demand and building height is examined.

Based on the findings of, the highest F-statistic values are associated with the power,
compound, growth, and logistic equations, and the R-squared value obtained is close to
zero. Accordingly, the relationship between the two variables can be selected from among

these equations, although the prediction accuracy is close to zero (Table 4-40).

Table 4-40. Results of Curve Regression Between Cooling Demand and Building Height

Model Results Model Diagram
Model formula
R Square F Cooling Demand (kWh)
Linear .000 004 — » o
Logarithmic 000 004 S
Inverse .000 004 i = e
Quadratic .000 .002 J— :—'-?Eilﬁlm.
Cubic .000 .002 I - - Logistc
Compound .000 .005
Power .000 .005 s
S .000 .004 S
Growth .000 .005
Exponential -000 .005 T e = oo
LOgiStiC 000 005 Height of Building (m)

Dependent Variable: Cooling Energy

The independent variable is Height of Building.

In this section, the relationship between the total heating demand of the building and its

height is examined. Based on the findings of the curvilinear regression test, the highest F-
statistic and R-squared values correspond to the power relationship. Accordingly, the
relationship between the two variables—total building heating demand and building

height—is identified as a power equation (Table 4-41).

Table 4-41. Results of Curve Regression Between Heating Demand and Building Height

Model Results Model Diagram
Model formula
R Square F Heating Demand (kWh)
Linear 368 2083.170 o + chur
Logarithmic 365 2059.309 :—}gﬂ:gji::m
Inverse .360 2011.641 S ___ ES;E"M
Quadratic 368 1042.639 :_'_'E‘,”;;}.",,n.‘a,
Cubic 368 1042.639 . o
Compound 370 2106.332
Power 371 2116.863
S 370 2101.932 .
Growth 370 2106.332
Exponential 370 2106.332 T e

LOgiStiC 370 2106332 Height of Building (m)

Dependent Variable: Heating Energy

The independent variable is Height of Building.
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In this section, the relationship between lighting demand and building height is examined.

According to the findings of the curvilinear regression test, both the F-statistic value and the

R-squared value are zero. Therefore, no relationship is identified between the two variables.

It is suggested to input the data into both linear and nonlinear regression models for further

testing. Based on the results of the curve regression test, a weak relationship is detected

between the two variables (Table 4-42).

Table 4-42. Results of Curve Regression Between Lighting Demand and Building Height

Model Results Model Diagram
Model formula
R Square F Lighting Demand (kWh)
Linear .000 .000 2500,000000 ;a:::ﬂd
o 5 —- Logarithmic
Logarithmic 000 000 e
Inverse .000 .000 omootn e e e e e e e i
Quadratic -000 000 T
- 1500000000 8 8 8 8 8 8 8 —Exponential
Cubic .000 .000 8 8 8 8 8 8 g oo
Compound -000 -000 p—
Power .000 .000
S .000 .000 som000000
Growth .000 .000
Exponential .000 .000 000000 275 300 325 350 375 - 400 o
LOgiStiC 000 000 Height of Building (m)

Dependent Variable: Lighting Energy

The independent variable is Height of Building.

In this section, the relationship between the average useful daylight and building height is

examined. Based on the findings of the curvilinear regression test, the highest F-statistic

value is associated with the inverse equation, and the highest R-squared value corresponds

to the inverse, quadratic, and cubic relationships. Therefore, the relationship between the

two variables is identified as an inverse equation (Table 4-43).

Table 4-43. Results of Curve Regression Between Average UDI and Building Height

Model Results Model Diagram
Model formula
R Square F Average UDI (%)
Linear 141 590.133 50.000000 | ;L:S:?*d
Logarithmic 144 601.749 . = ow
Inverse 145 608.198 _—_ Egi::prwnd
Quadratic -145 304.524 om0 =G
Cubic 145 304.524 o et
Compound .140 581.943 " g
Power 143 595322 soomowo : : PR
g 144 603.670 s : '
Growth .140 581.943
Exponential 140 581.943 R -
Logistic 140 581.943 Height of Building (m)

Dependent Variable: UDI Average

The independent variable is Height of Building.
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In this section, the relationship between the average daylight autonomy and building height

is examined. Based on the findings of the curvilinear regression test, the highest F-statistic
and the highest R-squared value are associated with the S-curve relationship. Therefore, the
relationship between the two variables, average daylight autonomy and building height, is

identified as an S-curve equation (Table 4-44).

Table 4-44. Results of Curve Regression Between Average DA and Building Height

Model Model Results Model Diagram
formula R Square F Average DA (%)
Linear 287 1443.634 I = vt
Logarithmic 288 1449.483 EL:':“
Inverse 287 1439.829 - s
Quadratic 288 724.628 sn0000c0 =
Cubic .288 724.632 o o
Compound .296 1506.187
Power 298 1523.499 40000000
S 299 1524.419 i
Growth 296 1506.187
Exponential 296 1506.187 R o
Lo giStiC 296 1506.187 Height of Building (m)

Dependent Variable: DA Average

The independent variable is Height of Building.

In this section, the relationship between energy consumption per square meter and the

building orientation relative to the north is examined. Based on the findings, the highest F-

statistic value is associated with the quadratic equation, and the highest R-squared value
corresponds to the quadratic and cubic relationships. The relationship between the two
variables is identified as a quadratic equation (Table 4-45).

Table 4-45. Results of Curve Regression Between Energy Consumption per Square Meter and the
Building Orientation

Model Results Model Diagram
Model formula
R Square F Energy Consumption per Area (kWh)
Linear 004 12.747 2000 =
Logarithmic : : . :E"mdpd
Inverse : : i B s . . —E;’M[h"
Quadratic 017 30.424 i ¢ 3 & 3 3 @
Cubic 017 20.309
Compound .004 13.255 p—— | I | | | R
Power - : l | l | I
s — - |
Growth 004 13.255
Exponential 004 13.255 e = o K
Logistic 004 13.255 Direction toward North (Degree)

Dependent Variable: Global Energy Per Area

The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic
and Power models cannot be calculated.
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Also, the relationship between cooling demand per square meter and building orientation

relative to the north is examined. The highest F-statistic value is associated with the

quadratic equation, while the highest R-squared value corresponds to the cubic relationship.

Thus the relationship is generally identified as a quadratic equation (Table 4-46).

Table 4-46. Results of Curve Regression Between Cooling Demand per Square Meter and the

Building Orientation

Model Results Model Diagram
Model formula
R Square F Cooling Demand per Area (kWh)
Linear 569 4724747 "\ o
Logarithmic o000 } T
\ + 7" Gomgoun
Inverse : . \ = .
Quadratic 938  27028.788 / 9
Cubic 944 20008.010 - . i
Compound 566 4667.150 N B
P ower 20.000000 \I:\:. L2
S . . N, .
Growth .566 4667.150 — [ “*-:I-.-:'-
Exponential 566 4667.150 E ; = Py
Logistic .566 4667.150 Direction toward North (Degree)

Dependent Variable: Cooling Energy Per Area

The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic

and Power models cannot be calculated.

Also, the relationship between heating demand per square meter and building orientation

relative to the north is examined. The highest F-statistic value is associated with the

quadratic equation, while the highest R-squared value corresponds to both the quadratic and

cubic relationships and the relationship is identified as a quadratic equation (Table 4-47).

Table 4-47. Results of Curve Regression Between Heating Demand per Square Meter and the

Building Orientation

Model Results Model Diagram
Model formula
R Square F Heating Demand per Area (kWh)
Linear .001 2.827 . 2
Logarithmic oo s .o — :gl‘:td
Inverse . : Pof S __Egm,h”
Quadratic 009  16.030 o HE
Cubic .009 10.688
Compound .001 3.066 I l | I )
Power
>——— | [][]
Growth 001 3.066
Exponential 001 3.066 ® * oo “
Logis T 001 3.066 Direction toward North (Degree)

Dependent Variable: Heating Energy Per Area

The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic
and Power models cannot be calculated.
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In this section, the relationship between energy consumption and building orientation

relative to the north is examined. According to the findings, the highest F-statistic value and

the highest R-squared value are associated with the quadratic relationship. Therefore, the

relationship between the two variables is identified as a quadratic equation (Table 4-48).

Table 4-48. Results of Curve Regression Regression Between Energy Consumption and the Building
Orientation

Model Results Model Diagram
Model formula
R Square F Energy Consumption (kWh)
Linear .000 477 — 2 Obsenes
. . =+ Quadratic
Logarithmic 3 : S ome
Inverse . : = ‘Eflit"nim
60000.00000 = = Logistic
Quadratic .001 1.078
Cubic .001 719 000000060
Compound .000 425 4000000000
Power . . ——
S : . 20000 00000
Growth .000 425
Exponential .000 425 RS - v = “
LOgiStiC 000 425 Direction toward North (Degree)

Dependent Variable: Global Energy

The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic
and Power models cannot be calculated.

In this section, the relationship between cooling demand and orientation is examined. Based

on the findings of the curvilinear regression test, the relationship between the two variables
is identified as a linear equation. Based on the results of the curve regression test, a weak

relationship is detected between the two variables (Table 4-49).

Table 4-49. Results of Curve Regression Between Cooling Demand and the Building Orientation

Model Results Model Diagram
Model formula :
R Square F Cooling Demand (kWh)
Lll‘lear 002 6774 12000.000000 L a:z:;ved
=+ Quadratic
Logarithmic : : U . Compouns
Inverse : : T T ot
B o ° ° ° ° ° = = Logistic
Quadratic .003 5.343 000.000000 g : ® . 5 v o
Cubic .003 3.584 g 1 8 8 o 0
Compound 002 5.680 L _
Power ] ] 100000000
S . . 2000.000000
Growth .002 5.680
Exponential .002 5.680 o = . = B
Logistic .002 5.680 Direction toward North (Degree)

Dependent Variable: Cooling Energy

The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic
and Power models cannot be calculated.
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Also, the relationship between heating demand and building orientation relative to the north

is examined. According to the findings, the highest F-statistic value is associated with the
quadratic equation, and the highest R-squared value corresponds to both the quadratic and

cubic relationships and the relationship is identified as a quadratic equation (Table 4-50).

Table 4-50. Results of Curve Regression Between Heating Demand and the Building Orientation

Model Results Model Diagram
Model formula
R Square F Heating Demand (kWh)
Linear .001 2.832 20000000000 =
Logarithmic . : 3 . 2) g'mid
Inverse : : & & S "E;’Mh‘
Quadratic .009 16.424
Cubic .009 10.950 —_—
Compound .001 2.576 ~—-4 j —
Power '5000.000000
S . .
Growth .001 2.576
Exponential .001 2.576 . = ’ ?
Logis e 001 2576 Direction toward North (Degree)

Dependent Variable: Heating Energy

The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic
and Power models cannot be calculated.

b. The independent variable (NS Direction towards the North) contains values of zero. The Inverse and S models cannot be calculated.

In this section, the relationship between lighting demand and building orientation relative to

the north is examined. According to the findings, both the F-statistic value and the R-squared
value are close to zero. Based on the results of the curve regression test, a weak relationship

is detected between the two variables (Table 4-51).

Table 4-51. Results of Curve Regression Between Lighting Demand and the Building Orientation

Model Results Model Diagram
Model formula
R Square F Lighting Demand (kWh)
Linear 000 000 sooomo o
Logarithmic : : L = Compouns
Inverse . . 2000000000 ° o o ° o ° . :\ ?l‘;:g‘;{;nl\al
Quadratic -000 000 oo e e
. 1500000000 8 8 8 8 8 8 8
Cubic .000 .000 g ¢ ¢ § § g 3
Compound 000 -000 -
Power . .
s . . 500.000000
Growth 000 .000
Exponential .000 000 e ’ D : . ;”N "
LOgiStiC 000 000 irection toward North (Degree)

Dependent Variable: Lighting Energy

The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic
and Power models cannot be calculated.
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Also, the relationship between the average useful daylight and building orientation relative

to the north is examined. According to the findings, the highest F-statistic value is associated
with the linear equation, and the R-squared value remains constant across all relationships.

Thus, the relationship of the two variables is identified as a linear equation (Table 4-52).

Table 4-52. Results of Curve Regression Between Average UDI and the Building Orientation

Model Results Model Diagram
Model formula
R Square F Average UDI (%)
Linear .002 6.441 ocoonm| Koy
Logarithmic : : = gbid
Inverse ] g - = E:”".
Quadratic .002 3.236 70000000 | )
Cubic 002 2.161 .
Compound .002 5.941
Power . 5 sooom|
S : g fommmee] N T A TEA
Growth .002 5.941
Exponential 002 5.941 e v ”
Logis tic 002 5041 Direction toward North (Degree)

Dependent Variable: UDI Average
The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic
and Power models cannot be calculated.

In this section, the relationship between the average daylight autonomy and building

orientation relative to the north is examined. Based on the values of the two statistics, the

relationship between the two variables is identified as a compound equation. Based on the

results of the curve regression test, a weak relationship is detected between the two variables
(Table 4-53).

Table 4-53. Results of Curve Regression Between Average DA and the Building Orientation

Model Results Model Diagram
Model formula
R Square F Average DA (%)
Linear 01 1 403 1 1 80.000000 sz:;ved
Logarithmic : : = g:d
Inverse - : ’ i
= = Logistic
Quadratic .O 1 4 24523 60.000000
Cubic 014 16.349
Compound 011 41382 I = =
Power . . 40,000000
s ° ° 30.000000
Growth .011 41.382
Exponential 011 41.382 e R -
o o0 rection towars orth egree
Logistic .011 41.382 D d North (D )

Dependent Variable: DA Average
The independent variable is NS Direction towards the North.

a. The independent variable (NS Direction towards the North) contains non-positive values. The minimum value is -45. The Logarithmic
and Power models cannot be calculated.
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In this section, the relationship between energy consumption per square meter and building

volume is examined. According to the findings of the curvilinear regression test, the highest
F-statistic value is associated with the logarithmic equation, while the highest R-squared
value corresponds to the cubic curve relationship. Based on the values of the statistics, the
relationship between the two variables is identified as a logarithmic equation (Table 4-54).

Table 4-54. Results of Curve Regression Between Energy Consumption per Square Meter and the
Building Volume

Model Results Model Diagram
Model formula
R Square F Energy Consumption per Area (kWh)
Linear 232 1080.231 mmm! ) + cuss
Logarithmic 270 1324.909 iy i
Inverse 257 1238.507 oconn b4 e
Quadratic 278 689.844 by i
Cubic 279  460.846 RS ‘ oo
Compound 232 1082.558 .
Power .269 1317.142
S 254 1219.553 140000000
Growth 232 1082.558
Exponenﬁal - Sl o - - ‘S:ollu11e of g::ilding (m3)
Logistic 232 1082.558 g

Dependent Variable: Global Energy Per Area

The independent variable is Volume of Building.

In this section, the relationship between cooling demand per square meter and building

volume is examined. According to the findings of the curvilinear regression test, the highest
F-statistic value and the highest R-squared value are associated with the power relationship.
Therefore, the relationship between the two variables is identified as a power equation.

Based on the results, a weak relationship is detected between the two variables (Table 4-55).

Table 4-55. Results of Curve Regression Between Cooling Demand per Square Meter and the
Building Volume

Model Results Model Diagram
Model formula
R Square F Cooling Demand per Area (kWh)
Linear .008 30.494 =
Logarithmic .009 33.498 Ezgdu‘
Inverse .008 30.645 .
Quadratic .009 16.695 ___gh
Cubic .009 11.185 = S
Compound .009 31.129
Power .009 34.204
S .009 31.299
Growth .009 31.129 ] e
Exponential 009  31.129 e 0 om0 s -
Logistic .009 31.129 Volume of Building (m3)

Dependent Variable: Cooling Energy Per Area

The independent variable is Volume of Building.
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In this section, the relationship between heating demand per square meter and building

volume is examined. According to the findings of the curvilinear regression test, the highest
F-statistic value is associated with the logarithmic equation, while the highest R-squared
value corresponds to the cubic curve relationship. Based on the values of the statistics, the

relationship between the two variables is identified as a logarithmic equation (Table 4-56).

Table 4-56. Results of Curve Regression Between Heating Demand per Square Meter and the
Building Volume

Model Results Model Diagram
Model formula
R Square F Heating Demand per Area (kWh)
Linear 232 1080.026 kY - + oo
Logarithmic 270 1325.511 . " 'l = O
Inverse 257 1239.559 ] e
Quadratic 278 690.515 . .\\&‘;' ___éwm
Cubic 279 461.282 I il
Compound 227 1049.605 .
Power 260 1258.207
S 242 1142.640
Growth 227 1049.605 o
Exponential 227 1049.605 0 o o0 = - i
Logistic 227 1049.605 Volume of Building (m3)

Dependent Variable: Heating Energy Per Area

The independent variable is Volume of Building.

In this section, the relationship between energy consumption and building volume is

examined. According to the findings, the highest F-statistic value and the highest R-squared
value are associated with the power relationship. Therefore, the relationship between the
two variables is identified as a power equation. In addition, based on the results of the
regression test, a strong and direct relationship is detected between the two variables. The

R-squared values in this test were more than 0.7 in all equations (Table 4-57).

Table 4-57. Results of Curve Regression Between Energy Consumption and the Building Volume

Model Results Model Diagram
Model formula
R Square F Energy Consumption (kWh)
Linear 952 70770.586 I o

»7  =—Linear

Logarithmic 913 37364449 o £ e
Inverse 727 9525.905 £47 _ o
Quadratic 957  39722.302 oo 2 '__ . __.SM
Cubic 957 26559.347 00100 i o B
Compound .889 28605.125 wwocoons
Power 967  104717.925 I
S .884 27397.199 o
Growth 889  28605.125 :
Exponential 889 28605.125 R =
Logistic .889 28605.125 Volume of Building (m3)

Dependent Variable: Global Energy

The independent variable is Volume of Building.

124



In this section, the relationship between cooling demand and building volume is examined.

According to the findings, the highest F-statistic value and the highest R-squared value are
associated with the power relationship. Therefore, the relationship between the two variables
is identified as a power equation. In addition, based on the results of the regression test, a
strong and direct relationship is detected between the two variables. The R-squared values

in this test were more than 0.67 in all equations (Table 4-58).

Table 4-58. Results of Curve Regression Between Cooling Demand and the Building Volume

Model Results Model Diagram
Model formula
R Square F Cooling Demand (kWh)
Linear .892 29541.462 _— o Observad

— Linsar
? —- Logarithmic

Logarithmic 855  21109.166
Inverse 678 7549.260 AP S
Quadratic 898 15677.851 - . i
Cubic 898  10535.933 R g B -
Compound 835 18175.363 S
Power 914 37942227 ocomon
S 838 18541.999 _—
Growth 835  18175.363 A
Exponential 835  18175.363 o oo ey
Logistic 835 18175.363 Volume of Building (m3)

Dependent Variable: Cooling Energy

The independent variable is Volume of Building.

In this section, the relationship between heating demand and building volume is examined.

According to the findings, the highest F-statistic value and the highest R-squared value are
associated with the power model. Therefore, the relationship between heating demand and

building volume is identified as a power equation (Table 4-59).

Table 4-59. Results of Curve Regression Between Heating Demand and the Building Volume

Model Results Model Diagram
Model formula
R Square F Heating Demand (kWh)
Linear 854 21022.403 — + oo
Logarithmic 822 16487.116 o g
Inverse .668 7211.598 e

15000.000000

Quadratic 856 10654.676 R

—Exponential

Cubic 861  7365.808 S
Compound 803 14601389 o
Power 858 21626.398
S 781 12790.046 o
Civeriin 803 14601.389 s ‘}
Exponential 803 14601.389 o 00 s = =
Lo gistic .803 14601.389 Volume of Building (m3)

Dependent Variable: Heating Energy

The independent variable is Volume of Building.

125



Also, the relationship between lighting demand and building volume is examined.

According to the findings, the highest F-statistic value and the highest R-squared value are
associated with the power model. Therefore, the relationship between lighting demand and

building volume is identified as a power equation (Table 4-60).

Table 4-60. Results of Curve Regression Between Lighting Demand and the Building Volume

Model Results Model Diagram
Model formula
R Square F Lighting Demand (kWh)
Linear 894 30360.167 — 2 s
Logarithmic 857 21452.159 S
Inverse 679 7587.674 o AT L
Quadratic 900 16112827 . - ___E”
Cubic 901 10833.627 g@ =T ----"" - = Logisi
Compound 837 18406.288 I
Power 916 38882.106
S 840  18782.941 somows
Growth 837 18406.288 Wz
Exponential LB IR “ olume of Buikding (m3)
Logistic 837 18406.288 '

Dependent Variable: Lighting Energy

The independent variable is Volume of Building.

In this section, the relationship between average useful daylight and building volume is

examined. According to the findings of the curvilinear regression test, the highest F-statistic
value is associated with the inverse equation, while the highest R-squared value corresponds
to the cubic curve relationship. Based on the overall statistical measures, the relationship
between the two variables is identified as an inverse equation. In addition, based on the
results of the regression test, a weak relationship is detected between the two variables. The

R-squared values in this test were less than 0.13 in all equations (Table 4-61).

Table 4-61. Results of Curve Regression Between Average UDI and the Building Volume

Model Results Model Diagram
Model formula
R Square F Average UDI (%)
Linear 013 46.085 suoomcul “ Ltl:x:\:d
1 3 I == Logarithmic
HoecliLITENEN 5 s - e
Inverse 045 167.119 o et
Quadratic .047 89.187 - i
== Exponential
Cubic .057 71.993 —_— b . Lagistie
Compound .007 26.235
Power 020 71.602 snoomcn
S 035 128393 .
Growth .007 26.235
Exponentia] .007 26.235 e s000 10000 15000 20000
Logistic .007 26.235 Volume of Building (m3)

Dependent Variable: UDI Average

The independent variable is Volume of Building.
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In this section, the relationship between average daylight autonomy and building volume is

examined. According to the findings of the curvilinear regression test, the highest F-statistic

value is associated with the inverse equation, while the highest R-squared value corresponds

to the cubic curve relationship. Based on the overall statistical measures, the relationship

between the two variables is identified as an inverse equation (Table 4-62).

Table 4-62. Results of Curve Regression Between Average DA and the Building Volume

Model Results Model Diagram
Model formula
R Square F Average DA (%)
Linear .074 284.684 -
Logarithmic 093 367.811 ;. =
Inverse 096 381.783 ! =
Quadratic 098 193.882 oo (Y =,
Cubic .100 132.202 wonos| s / : " o
Compound 062 237798 " = 3
Power .082 318.692 e
S 087  343.014 —_—
Growth .062 237.798
Exponential 062 237.798 B e a0 - -
LOgiStiC 062 237.798 Volume of Building (m3)

Dependent Variable: DA Average

The independent variable is Volume of Building.

In this section, the relationship between energy consumption per square meter and the

window-to-wall ratio is examined. According to the findings of the curvilinear regression

test, the highest F-statistic value and the highest R-squared value are associated with the S-

curve relationship. Therefore, the relationship between the two variables is identified as an

S-curve equation (Table 4-63).

Table 4-63. Results of Curve Regression Between Energy Consumption per Square Meter and the

WWR
Model formula Model Results Model Diagram
R Square F Energy Consumption per Area (kWh)
Linear 498 3557.362 — ¢ o
Logarithmic 535 4122.061 Etgd«t
Inverse 544 4271.560 =
Quadratic 526 1988.855 : =
Cubic 546 1436.179 e G
Compound Sl 3748.479 oomo|
Power 542 4235536
S 543 4259.711 o000
Growth S11 3748.479
Exponential Sl 3748.479 O o oo o o
Logistic 511 3748.479 WWR of the North Fagade (-)

Dependent Variable: Global Energy Per Area

The independent variable is WWR of North Facade.
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In this section, the relationship between cooling demand per square meter and the window-

to-wall ratio is examined. According to the findings of the curvilinear regression test, the
highest F-statistic value and the highest R-squared value are associated with the power
relationship. Therefore, the relationship between cooling demand per square meter and the
window-to-wall ratio is identified as a power equation. In addition, based on the results of

the regression test, a weak relationship is detected between the two variables (Table 4-64).

Table 4-64. Results of Curve Regression Between Cooling Demand per Square Meter and the WWR

Model Results Model Diagram
Model formula
R Square F Cooling Demand per Area (kWh)
Logarithmic .023 83.213 - 35'!@“%\ | :_t’g"”
Inverse 022 79.946 ) 'ﬂ'{l Yodog 0y 9 o
Quadratic 023 41.804 B"!W&llm“\ Ié . I8
- 20.500000 | M‘ 8 ‘ (T'] '. ' —Exponential
Cubic .023 27.868 Cogisti
Compound 022 81.443 :
Power .023 84.718
S .022 81.355
Growth .022 81.443
Exponential .022 81.443
Logistic 022 81.443 WWR of the North Fagade (-)

Dependent Variable: Cooling Energy Per Area

The independent variable is WWR of North Facade.

In this section, the relationship between heating demand per square meter and the window-

to-wall ratio is examined. According to the findings of the curvilinear regression test, the
highest F-statistic value and the highest R-squared value are associated with the power
relationship. Therefore, the relationship between heating demand per square meter and the

window-to-wall ratio is identified as a power equation (Table 4-65).

Table 4-65. Results of Curve Regression Between Heating Demand per Square Meter and the WWR

Model Results Model Diagram

Model formula .
R Square F Heating Demand per Area (kWh)

Linear 497 3545.269 2 s
Logarithmic 534 4109.443 - = zgd‘“‘”

Inverse 543 4262.693 : i
Quadratic .525 1982.112 . 'i | | i -_-(:;M

Cubic .546 1433.298 { ‘ -
Compound 537 4162.386 .

Power .548 4341267

S .528 4012.279

Growth 537 4162.386 S
Exponentia] 537 4162.386 200000 400000 ) preey

Logistic .537 4162.386 WWR of the North Fagade (-)

Dependent Variable: Heating Energy Per Area

The independent variable is WWR of North Facade.
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In this section, the relationship between energy consumption and the window-to-wall ratio

is examined. According to the findings of the curvilinear regression test, the highest F-
statistic value and the highest R-squared value are associated with the power relationship.
Therefore, the relationship between energy consumption and the window-to-wall ratio is
identified as a power equation. In addition, based on the results of the regression test, a

moderate and direct relationship is detected between the two variables (Table 4-66).

Table 4-66. Results of Curve Regression Between Energy Consumption and the WWR

Model Results Model Diagram
Model formula
R Square F Energy Consumption (kWh)

Linear 326 1729.148 — * b
Logarithmic 339 1834.406 ] iy, f

Inverse 322 1703.434 : EEEE,W
Quadratic 344 940.159 e = S

Cubic 348 635.988 stocoo| ~ e
Compound 336 1812.520 Jra—

Power 359 2002.365 _——

S 350 1930.467 .

Growth 336 1812520 ' D-....
Exponential 336 1812.520 e o = o

Logistic 336 1812.520 WWR of the North Fagade (-)

Dependent Variable: Global Energy

The independent variable is WWR of North Facade.

In this section, the relationship between cooling demand and the window-to-wall ratio is

examined. According to the findings of the curvilinear regression test, the highest F-statistic
value and the highest R-squared value are associated with the power relationship. Therefore,
the relationship between cooling demand and the window-to-wall ratio is identified as a

power equation (Table 4-67).

Table 4-67. Results of Curve Regression Between Cooling Demand and the WWR

Model Results Model Diagram
Model formula
R Square F Cooling Demand (kWh)
Linear .380 2196.511 B
Logarithnlic 389 2281.168
Inverse .366 2071.019
Quadratic .393 1159.115 8000000000
Cubic .395 778.737 _—
Compound .390 2287.005
Power 415 2545.743 on0ceo0
S 408 2466.576 _—
Growth .390 2287.005
Exponential s sl o - - WWR 0;::: North Fagade (-
Logistic .390 2287.005 cade (-)

Dependent Variable: Cooling Energy

The independent variable is WWR of North Facade.
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In this section, the relationship between heating demand and the window-to-wall ratio is

examined. According to the findings of the curvilinear regression test, the highest F-statistic

value and the highest R-squared value are associated with the S-curve relationship.

Therefore, the relationship between heating demand and the window-to-wall ratio is

identified as an S-curve equation. In addition, based on the results of the regression test, a

weak relationship is detected between the two variables (Table 4-68).

Table 4-68. Results of Curve Regression Between Heating Demand and the WWR

Model Results Model Diagram
Model formula _
R Square F Heating Demand (kWh)
Linear .052 196.828 20000000000 _L'L‘:sZ:vzd
Logarithmic .066 254.192 =y EDYZE (""c
Inverse .071 274.904 . ome
000.000000 bR
Quadratic .101 200.730 =
Cublc 113 151.853 '_—_‘E:;zr‘-inual
Compound .060 227.857 R
Power .072 276.589
S 073 284.137 5000000000
Growth .060 227.857
Exponential .060 227.857 ooongn — — —
Logistic Y 22,857 WWR of the North Fagade (-)

Dependent Variable: Heating Energy

The independent variable is WWR of North Facade.

In this section, the relationship between lighting demand and the window-to-wall ratio is

examined. According to the findings of the curvilinear regression test, the highest F-statistic

value and the highest R-squared value are associated with the power relationship. Therefore,

the relationship between lighting demand and the window-to-wall ratio is identified as a

power equation (Table 4-69).

Table 4-69. Results of Curve Regression Between Lighting Demand and the WWR

Model Results Model Diagram
Model formula
R Square F Lighting Demand (kWh)
Linear 386 2255.584 . = oo
Logarithmic 395 2339.908 = Lgdm
Inverse 372 2119.458 eateonn Lonoe et T
Quadratic .399 1189.241 600 ® PO D00 S0
Cubic 401 799.153 e
Compound 396 2349.876 —
Power 422 2617.467
S 414 2534.034 sa0ooon f558
Growth .396 2349.876 [renesss
EXponential .396 2349.876 " Shoono 400000 s00000 e
Logistic 396 2349.876 WWR of the North Fagade (-)

Dependent Variable: Lighting Energy

The independent variable is WWR of North Facade.
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In this section, the relationship between energy consumption and the window-to-wall ratio

is examined. According to the findings, the highest F-statistic value is associated with the

linear equation, while the highest R-squared value corresponds to the cubic curve. Based on

the obtained statistics, the relationship between energy consumption and the window-to-wall

ratio is identified as a linear equation (Table 4-70).

Table 4-70. Results of Curve Regression Between Average UDI and the WWR

Model Results Model Diagram
Model formula
R Square F Average UDI (%)
Linear 727 9553.297 - + ousas
Lo garithmic .636 6261.378 o N :_ fg}mum
Inverse .509 3706.833 : EEE";,”"
Quadratic 763 5767.328 — =]
Cubic 784 4340.711 ) R ) -1
Compound 703 8485.312 T Tl
Power .604 5468.517 no000
S 475 3246391 o
Growth 703 8485.312 L
Exponential 703 8485.312 2 a0 ey Py preees =
Logistic 703 8485.312 WWR of the North Fagade (-)

Dependent Variable: UDI Average

The independent variable is WWR of North Facade

In this section, the relationship between the average daylight autonomy and the window-to-

wall ratio is examined. According to the findings, the highest F-statistic value and the highest

R-squared value are associated with the power relationship. Therefore, the relationship

between the average daylight autonomy and the window-to-wall ratio is identified as a

power equation. In addition, based on the results of the regression test, a strong and direct

relationship is detected between the two variables (Table 4-71).

Table 4-71. Results of Curve Regression Between Average DA and the WWR

Model Results Model Diagram
Model formula
R Square F Average DA (%)
Linear 838 18483.958 2 obnag
==+ Logarithmic
Lo garithmic .887 28028.032 o - 'SET:,Z‘.C
Inverse .875 24980.676 = E:T:m"”
Quadrat]c 885 13749.066 £0.000000 B3 - gmw{h
= Exponential
Cubic .890 9620.678 T Lo
Compound 875 25137.646
Power .893 29991.614
S .850 20284.835
Growth .875 25137.646
EXpOIlenti al .875 25137.646 0 Bonoa 400000 500000 o
Logistic 875 25137.646 WWR of the North Fagade (-)

Dependent Variable: DA Average

The independent variable is WWR of North Facade.
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In this section, the relationship between energy consumption per square meter and the width

of the northern window is examined. According to the findings of the curvilinear regression

test, the highest F-statistic value is associated with the inverse equation, and the highest R-
squared value is associated with both the inverse and cubic curve relationships. Therefore,

the relationship between the two variables is identified as an inverse equation (Table 4-72).

Table 4-72. Results of Curve Regression Between Energy Consumption per Square Meter and the
Width of the Window

Model Results Model Diagram
Model formula
R Square F Energy Consumption per Area (kWh)
Linear .596 5276.189 o 8. Bbami
Logarithmic 644 6492.486 e
Inverse 652 6696.578 oo, = Bt
Quadratic 634 3095.178 i '_'Sm .
Cubic .652 2239.001 3 - = Logistc
Compound 610 5607.835 .
Power .649 6637.132
S 645 6510.034 oo
Growth 610 5607.835
Exponential 610 5607.835 O somnn o000 500000 —m—
LOgiStiC 610 5607.835 Width of Window (m)

Dependent Variable: Global Energy Per Area

The independent variable is Width of Window.

In this section, the relationship between cooling demand per square meter and the width of

the northern window has been examined. According to the findings from the curvilinear
regression test, the highest F-statistic corresponds to the compound, growth, and logistic
relationships, while the R-squared value remains constant. Based on these findings, the

relationship between the two variables is identified as a compound equation (Table 4-73).

Table 4-73. Results of Curve Regression Between Cooling Demand per Square Meter and the Width
of the Window

Model Results Model Diagram
Model formula
R Square F Cooling Demand per Area (kWh)
Linear .005 17.191 2 Obueres
Logarithmic .005 16.951 e :—:gdn
Inverse .005 16.262 -_— EEE}E‘W
Quadratic .005 8.612 :_‘ (:_,mel
Cubic .005 6.175 = = Logisic
Compound .005 17.663
Power .005 17.440 A
S .005 16.749
Growth .005 17.663 6
Exponenﬁal 2 17,663 - mm:w o Wid{;lﬂt:\Villdow (m)
Logistic .005 17.663

Dependent Variable: Cooling Energy Per Area

The independent variable is Width of Window.
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In this section, the relationship between heating demand per square meter and the width of

the north-facing window is examined. Based on the findings from the curvilinear regression

test, the highest F-statistic is associated with the power function, and the highest R-squared
value corresponds to the cubic curve function. Based on the Results, the relationship

between the two variables is identified as a power function (Table 4-74).

Table 4-74. Results of Curve Regression Between Heating Demand per Square Meter and the Width
of the Window

Model Results Model Diagram
Model formula
R Square F Heating Demand per Area (kWh)
Linear .601 5387.897 \ o Obsened

Logarithmic 650 6655.784 —

ic
== Cubic

Inverse 657 6872.229 e
Quadratic 639 3172359 . -_—E
Cubic 658  2297.029 7
Compound 644 6493516 .
Power .655 6804.488
S 620 5846.724
Growth 644 6493516 e ‘
Exponential 644 6493516 i Tomms e
LOgiStiC 644 6493516 Width of Window (m)

Dependent Variable: Heating Energy Per Area

The independent variable is Width of Window.

In this section, the relationship between energy consumption and the width of the north-

facing window has been examined. Based on the findings of the curvilinear regression
analysis, the highest F-statistic and the highest R-squared value were associated with the
power-law relationship. The relationship between the two variables, energy consumption
and the width of the north-facing window, is identified as a power equation (Table 4-75).

Table 4-75. Results of Curve Regression Between Energy Consumption and the Width of the
Window

Model Results Model Diagram
Model formula
R Square F Energy Consumption (kWh) )
Linear 812 15436.922 — 2 s
Logarithmic 770 12019.150 i ™ . > =5 Egd‘tc
Inverse 671 7289.413 =~ = écia"”“
Quadratic 812 7750.786 e
Cubic .813 5173.976 o000 omee e T Eoonentll
Compound 792 13636.410 4000000000
Power 816  15893.445 I
S 775 12353.893 )
Growth 792 13636410 -
Exponential 792 13636.410 R S Taoomoo o
Lo gi stic 792 13636.410 Width of Window (i)

Dependent Variable: Global Energy

The independent variable is Width of Window.
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In this section, the relationship between cooling demand and the width of the northern

window is examined. Based on the findings, the highest F-statistic and the highest R-squared
value were associated with the power-law relationship. Accordingly, the relationship
between the two variables, cooling demand and the width of the northern window, is
identified as a power equation. In addition, based on the results of the regression test, a

strong and direct relationship is detected between the two variables (Table 4-76).

Table 4-76. Results of Curve Regression Between Cooling Demand and the Width of the Window

Model Results Model Diagram
Model formula
R Square F Cooling Demand (kWh)
Linear 864 22831.660 —— 18 Ghsard
Logarithmic 812 15521.023 e

10000.000000 {

Inverse 701 8383.151 = o
Quadratic 867 11678.356 —— = =
Cubic .867 7787.057 i T Rl
Compound .839 18683.508
Power .869 23693.986 o000
S 830 17527301 S
Growth 839 18683.508 2%
Exponential 839 18683.508 T Soomeo Tocomeo Tecommo oo
Logistic .839 18683.508 Width of Window (m)

Dependent Variable: Cooling Energy

The independent variable is Width of Window

In this section, the relationship between heating demand and the width of the northern

window is examined. Based on the findings from the curvilinear regression test, the highest
F-statistic and the highest R-squared value were associated with the power-law relationship.
Accordingly, the relationship between the two variables, heating demand and the width of

the northern window, is identified as a power equation (Table 4-77).

Table 4-77. Results of Curve Regression Between Heating Demand and the Width of the Window

Model Results Model Diagram
Model formula
R Square F Heating Demand (kWh)
Linear 350 1929.894 6606008 18 ;:::V:d
5 5 = Logarithmic
Logarithmic 358 1994.110 il i B
Inverse 333 1785.017 — o

== Power

Quadratic 361 1011.887 ‘ | l - :- E;‘;{)";‘emm
Cubic 364 682.748 — /e
Compound 357 1991.586
Power 378 2177.444
S .366 2064.766
Growth 357 1991.586 4
Exponential 357 1991.586 0T oo oo e =
Logistic 357 1991.586 Width of Window ()

Dependent Variable: Heating Energy

The independent variable is Width of Window.
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In this section, the relationship between lighting demand and the width of the northern

window is examined. Based on the findings, the highest F-statistic and the highest R-squared
value were associated with the power-law relationship. Accordingly, the relationship
between the two variables, lighting demand and the width of the northern window, is
identified as a power equation. In addition, based on the results of the regression test, a

strong and direct relationship is detected between the two variables (Table 4-78).

Table 4-78. Results of Curve Regression Between Lighting Demand and the Width of the Window

Model Results Model Diagram
Model formula
R Square F Lighting Demand (kWh)
Linear .865 22919.384 O 2 O
Logarithmic 812 15505.523 ey di‘"m
Inverse .700 8361.957 2000600000 _—_ EZZ:EM
Quadratic 868 11744.939 000 €80 T i
Cubic 868 7830.743 . sty S B
Compound 839 18617.070 B %
Power .868 23557.204
S 830 17450.900 sovomone|
Growth .839 18617.070 /.v
EXpOnential 839 18617.070 000000 5000000 10.000000 16.000000 20000000
Logistic .839 18617.070 Width of Window (m)

Dependent Variable: Lighting Energy

The independent variable is Width of Window.

In this section, the relationship_between the average useful daylight and the width of the

northern window is examined. Based on the findings from the curvilinear regression test,
the highest F-statistic and the highest R-squared value were associated with the cubic curve
relationship. Accordingly, the relationship between the two variables, average useful

daylight and the width of the northern window, is identified as a cubic curve (Table 4-79).

Table 4-79. Results of Curve Regression Between Average UDI and the Width of the Window

Model Results Model Diagram
Model formula
R Square F Average UDI (%)
Lil’lear .015 52.997 50.000000 ;L‘:s::vnd
5 N —- Logarithmic
Lot S Mk - =l
Inverse .018 66.029 3§ ___ EEE&W
Quadratic .018 32.041 70000000 — E,ow,h |
Zw — Exponentia
Cubic .070 89.610 - e
Compound .009 31.060
Power .009 32.549 soouamo
S .012 42901 —
Growth .009 31.060 (
EXpOnentia] .009 31.060 o 5000000 10.000000 15000000 ‘ 20000000 '
LOgiStiC 009 31.060 Width of Window (m)

Dependent Variable: UDI Average

The independent variable is Width of Window.
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In this section, the relationship between the average daylight autonomy and the width of the

northern window is examined. Based on the findings, the highest F-statistic corresponds to

the linear equation, while the highest R-squared value is associated with the cubic curve.
However, considering the F-statistic and R-squared values for both equations, the

relationship between the two variables is identified as a linear model (Table 4-80).

Table 4-80. Results of Curve Regression Between Average DA and the Width of the Window

Model formula Model Results Model Diagram
R Square F Average DA (%)
Linear 124 504.733 e 2 ot
Logarithmic 123 502.801 o =
Inverse 122 495.903 = E:""“
Quadratic 124 253258 wm§ = Wi
Cubic 142 197.878 I = - = Logitic
Compound 112 452916
Power 110 441.529 oo
S 107 429.550 P
Growth d12 452916
Exponential d12 452916 BT Som 100000 Teoon0 =
Logistic 112 452916 Width of Window (m)

Dependent Variable: DA Average

The independent variable is Width of Window.

In this section, the relationship between energy consumption per square meter and the height

of the northern window is examined. Based on the findings from the curvilinear regression

test, the highest F-statistic corresponds to the inverse equation, while the highest R-squared
value is associated with the cubic curve. However, considering the F-statistic and R-squared
values for both equations, the relationship between the two variables is identified as an
inverse equation (Table 4-81).

Table 4-81. Results of Curve Regression Between Energy Consumption per Square Meter and the
Height of the Window

Model Results Model Diagram
Model formula
R Square F Energy Consumption per Area (kWh)
Linear .049 186.049 S 2 Chnas
Logarithmic .054 203.051 = g%g?
Inverse .056 211.865 20000000 ___ Eu:f"’“
Quadratic .068 130.689 =
Cubic 071 136.862 o -
Compound .048 180.180 S
Power .052 198.472
S .055 208.909 000000
Growth .048 180.180
Exponential .048 180.180 5 ons e Fr= o
Lo gistic 048 180.180 Height of Window (m)

Dependent Variable: Global Energy Per Area

The independent variable is Height of Window.
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In this section, the relationship between cooling demand per square meter and the height of

the northern window is examined. Based on the findings from the curvilinear regression test,

the highest F-statistic corresponds to the power-law equation, while the R-squared value was
identical across all equations. Accordingly, the relationship between the two variables is

identified as a power equation (Table 4-82).

Table 4-82. Results of Curve Regression Between Cooling Demand per Square Meter and the Height
of the Window

Model Results Model Diagram
Model formula
R Square F Cooling Demand per Area (kWh)
Linear .018 64.453 2 Ousenes
Logarithmic 018 _ 65760 e WGy T
Inverse .018 65.609 ; J .l!ﬁ! 8 o g:ﬁliw
Quadratlc S LYY 20500000 “.’”..w" ”“*N." ‘ (] :_'-Em»;nn‘ tial
Cubic 018 33.289 e . T ogie
Compound 018 65440 i
Power 018 66.759 000
S .018 66.595
Growth 018 65.440 —
& 8
EXpOnentlal 018 65.440 1.000000 1500000 2000000 2500000 ‘ noooao.
Logistic .018 65.440 Height of Window (m)

Dependent Variable: Cooling Energy Per Area

The independent variable is Height of Window.

In this section, the relationship between heating demand per square meter and the height of

the northern window is examined. Based on the findings, the highest F-statistic corresponds

to the inverse equation, while the highest R-squared value is associated with the cubic curve.
However, considering the F-statistic and R-squared values, the relationship between the two

variables is identified as an inverse equation (Table 4-83).

Table 4-83. Results of Curve Regression Between Heating Demand per Square Meter and the Height
of the Window

Model Results Model Diagram
Model formula
R Square F Heating Demand per Area (kWh)
Linear 048 179337 + o
Logarithmic 052 196.024 _— = e
Inverse 054 204.744 = o
== Power
Quadratic .066 127.267 . =
& = Exponential
Cubic 069  133.447 —Eons
Compound .041 153.888
Power .047 174.932
S .050 189.481
Growth .041 153.888 e
Exponential .041 153.888 120000 20000 P -
Logistic .041 153.888 Height of Window (m)

Dependent Variable: Heating Energy Per Area

The independent variable is Height of Window.
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In this section, the relationship between energy consumption and the height of the northern

window is examined. Based on the findings, the highest F-statistic and the highest R-squared
value were associated with the power-law relationship. Accordingly, the relationship of the
two variables, energy consumption and the height of the northern window, is identified as a
power equation. In addition, based on the results of the regression test, a moderate and

direct relationship is detected between the two variables (Table 4-84).

Table 4-84. Results of Curve Regression Between Energy Consumption and the Height of the
Window

Model formula Model Results Model Diagram
R Square F Energy Consumption (kWh)
Linear 453 2970.320 J— & Obsras
Logarithmic 449 2919.045 — s iii:m
Inverse 436 2769.928 s
Quadratic 453 1484.794 G ; g”:m
Cubic 453 1484.925 89003000 <t
Compound 469 3167.717 p— '
Power 476 3251.453 N
S 473 3217.039 )
Growth 469 3167717 R
Exponenﬁal p ST o - - :smmHeight o}ow\;lozlldow (m)
Logistic 469 3167.717 g

Dependent Variable: Global Energy

The independent variable is Height of Window.

In this section, the relationship between cooling demand and the height of the northern

window is examined. Based on the findings from the curvilinear regression test, the highest
F-statistic and the highest R-squared value were associated with the power-law relationship.
Accordingly, the relationship between the two variables, cooling demand and the height of

the northern window, is identified as a power equation (Table 4-85).

Table 4-85. Results of Curve Regression Between Cooling Demand and the Height of the Window

Model Results Model Diagram
Model formula
R Square F Cooling Demand (kWh)
Linear 391 2301.831 —_— 2
Logarithmic 390  2291.636 o
Inverse 381 2205.710 e L R
Quadratic 392 1154.734 5000000000 ::.g:h
Cirlhi 392 1155950 . T A
Compound 409 2480273 ot Tk
Power 417 2557.739 s
g 416 2546.766 I
Growih 409 2480273 ==
Exponential 409 2480273 Y o o =T
Logistic 209 2430273 Height of Window (m)

Dependent Variable: Cooling Energy

The independent variable is Height of Window.
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In this section, the relationship between heating demand and the height of the northern

window is examined. Based on the findings from the curvilinear regression test, the highest
F-statistic corresponds to the compound equation, while the highest R-squared value is
associated with the cubic curve. Accordingly, the relationship between the two variables is

identified as a compound equation (Table 4-86).

Table 4-86. Results of Curve Regression Between Heating Demand and the Height of the Window

Model Results Model Diagram
Model formula -
RS quare F Heating Demand (kWh)
Llnear 558 4530988 20000.000000 L[:::M
Logarithmic 539 4185.042 e
Inverse S12 3754.833 N e

== Power

Quadratic 572 2397.622 ol
Cubic 574 2408.439 _— g
Compound 565 4655.698
Power 560 4564.494
S 547 4327.532 g
Growth 565 4655.698 e
Exponential 565  4655.698 oo o oo o
Logistic .565 4655.698 Height of Window ()

Dependent Variable: Heating Energy

The independent variable is Height of Window.

In this section, the relationship between lighting demand and the height of the northern

window is examined. Based on the findings, the highest F-statistic and the highest R-squared
value were associated with the power-law relationship. Accordingly, the relationship of the
two variables, lighting demand and the height of the northern window, is identified as a
power equation. In addition, based on the results of the regression test, a moderate and

direct relationship is detected between the two variables (Table 4-87).

Table 4-87. Results of Curve Regression Between Lighting Demand and the Height of the Window

Model Results Model Diagram
Model formula
R Square F Lighting Demand (kWh)
Linear 396 2351.024 —— L+ oo
Logarithmic 395 2339908 ;LQ
Lo EETEN TR arens S
Quadratic 397 1179.309 o 0%0% &0 @@ 0 o —= S
Cubic 397 1180.552 e
Compound 415 2537371 —_—
Power 422 2617.467
S 421 2606.133 —
Growth 415 2537371 =
Exponential 415 2537371 o om0 2000 - .
Logistic 415 2537.371 Height of Window (m)

Dependent Variable: Lighting Energy

The independent variable is Height of Window.
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In this section, the relationship between energy consumption and the height of the northern

window is examined. Based on the findings from the curvilinear regression test, the highest
F-statistic corresponds to the logarithmic equation, while the highest R-squared value is
associated with the cubic curve. Considering the F-statistic and R-squared values, the

relationship between the two variables is identified as a logarithmic equation (Table 4-88).

Table 4-88. Results of Curve Regression Between Average UDI and the Height of the Window

Model Results Model Diagram
Model formula
R Square F Average UDI (%)
Linear 248 1182.019 - = ot
Logarithmic 248 1183.701 ' = nglh'm
Inverse 242 1145.019 e I
Quadratic 250  598.047 oo ___EM
Cubic 251 601.378 - o
Compound 229 1063.139
Power .230 1069.510 sxgson0s
S 225 1039.483 o
Growth 229 1063.139
Exponential 229 1063.139 2000 o0 1500000 200000 2500000 rp—
Logistic 229 1063.139 Height of Window (m)

Dependent Variable: UDI Average

The independent variable is Height of Window.

In this section, the relationship between the average daylight autonomy and the height of the

northern window is examined. Based on the findings, the highest F-statistic corresponds to

the logarithmic equation, while the highest R-squared value is associated with the cubic
curve. Considering the F-statistic and R-squared values for both equations, the relationship

between the two variables is identified as a logarithmic equation (Table 4-89).

Table 4-89. Results of Curve Regression Between Average DA and the Height of the Window

Model Results Model Diagram
Model formula
R Square F Average DA (%)
Linear .266 1296.350 e01000000 X L’Lll':::ved

\ == Logarithmic

Logarithmic 269  1315.130 sy S
Inverse 264 1284.105 PEUNGS ; S 2
Quadratic 272 669.014 - —
Cubic 274 675.447 s g
Compound 260 1259.774
Power 264 1287.599 “aoommo
S 261 1267.276 i
Growth 260  1259.774
Exponenti al .260 1259.774 PN om0 1500000 2000000 — e
Logistic 260 1259.774 Height of Window (m)

Dependent Variable: DA Average

The independent variable is Height of Window.

140



In this section, the relationship between energy consumption per square meter and the area

of the northern window is examined. Based on the findings, the highest F-statistic and the
highest R-squared value were associated with the power-law relationship. Accordingly, the
relationship between the two variables, energy consumption and the area of the northern

window, is identified as a power equation (Table 4-90).

Table 4-90. Results of Curve Regression Between Energy Consumption per Square Meter and the
Area of the Window

Model formula Model Results Model Diagram
R Square F Energy Consumption per Area (KkWh)
Linear 476 3249413 commh + o
Logarithmic 541 4217.513 by Ty
Inverse 533 4085.119 | B ok
Quadratic .539 2093.510 - éwm
Cubic .546 1436.752 o il
Compound 486 3384.299 —
Power .543 4256.749
S 525 3958.873 40000000
Growth 486 3384.299
Exponential 486 3384.299 it _
Logistic 486 3384.299 Area of Window (m2)

Dependent Variable: Global Energy Per Area

The independent variable is Area of Window

In this section, the relationship between cooling demand per square meter and the area of

the northern window is examined. Based on the findings from the curvilinear regression test,

the highest F-statistic and the highest R-squared value were associated with the compound
equation, growth, and logistics. Accordingly, the relationship between the two variables is

identified as a compound equation (Table 4-91).

Table 4-91. Results of Curve Regression Between Cooling Demand per Square Meter and the Area
of the Window

Model formula —Yodel Results LG Ui
R Square F Cooling Demand per Area (kWh)
Linear 011 38.707 i _® Obsewd
8 =+ Logarithmic
Logarlthmlc 0] 1 41 41 1 21.000000 l| 8 ' ’:‘ "‘,‘ & l.' " |. i' :.:EE.:;‘C
Inverse 011 38412 \ o i ;' I1LLE bo o O -
1 .\ " :: ower
Quadratic 011 20.481 s 4 ?.‘,’_ .l.): f. :.' B % b s o '—"-‘Ei: -
Cubic 011 13.769 L \\ LS L L o
Compound 011 39.555 L
Power 012 42334 20000000
S 011 39.284
Growth 011 39555
EXpOnent]al 011 39.555 000000000 10.000000000 20,000000000 :
Logistic 011 39.555 Area of Window (m2)

Dependent Variable: Cooling Energy Per Area

The independent variable is Area of Window.

141



In this section, the relationship between heating demand per square meter and the area of

the northern window is examined. Based on the findings from the curvilinear regression test,

the highest F-statistic and the highest R-squared value were associated with the logarithmic
relationship. Accordingly, the relationship between the two variables is identified as a
logarithmic equation. In addition, based on the results of the regression test, a moderate

and direct relationship is detected between the two variables (Table 4-92).

Table 4-92. Results of Curve Regression Between Heating Demand per Square Meter and the Area
of the Window

Model Results Model Diagram
Model formula
R Square F Heating Demand per Area (kWh)
Linear 477 3270.088 ‘.. il Ll
Logarithmic 543 4251744 s ".“\} =
Inverse 535 4120.903 R = e
Quadratic 541 2111010 el -_-SM
Cubic .548 1449.057 = = Logistc
Compound 505 3657.595 -
Power .540 4198.636
S 496 3528.546
Growth 505 3657595 o
Exponential 505 3657.595 o s o oo o
LOgiStiC 505 3657.595 Area of Window (m2)

Dependent Variable: Heating Energy Per Area

The independent variable is Area of Window.

In this section, the relationship between energy consumption and the area of the northern

window is examined. Based on the findings from the curvilinear regression test, the highest
F-statistic corresponds to the linear equation, while the highest R-squared values were
associated with the linear, quadratic, and cubic relationships. Accordingly, the relationship

between the two variables is identified as a linear equation (Table 4-93).

Table 4-93. Results of Curve Regression Between Energy Consumption and the Area of the Window

Model Results Model Diagram
Model formula .
R Square F Energy Consumption (kWh)
Linear .986 245360411 oo ooet 2 Obsencs
Lo garithmic 930 47618.198 — / E ,ngi;:l‘
Inverse 750 10758.711 _‘_Eby“
Quadratic 986 124346.244 S e
Cubic 986 83204.276 somoomo A TR
Compound 928 45869.874 -
Power 985 239744.598 ——
S 905 34066.045
Growth 928 45869.874 = .
Exponential 928 45869.874 B T e e T
Logistic 928 45869.874 Area of Window (m2)

Dependent Variable: Global Energy

The independent variable is Area of Window.
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In this section, the relationship between cooling demand and the area of the northern window

is examined. Based on the findings from the curvilinear regression test, the highest F-statistic
and R-squared value were associated with the power-law relationship. Accordingly, the
relationship between the two variables, cooling demand and the area of the northern window,

is identified as a power equation (Table 4-94).

Table 4-94. Results of Curve Regression Between Cooling Demand and the Area of the Window

Model Results Model Diagram
Model formula
R Square F Cooling Demand (kWh)
Linear 996 955625.134 /o obnes
Logarithmic 933 49912.159 =
Inverse 746 10504.488 _—_ éEE}E’ound
Quadratic 996 477937.126 s mon 2
Cubic 996 318537.805 o T
Compound 933 50100.782 o
Power 997 1291578.100 o
S 921 42000.537 .
Growth 933 50100.782 ~ 4/'_’/
Exponential 933 50100.782 )
Logistic 933 50100.782

Dependent Variable: Cooling Energy

The independent variable is Area of Window.

In this section, the relationship between heating demand and the area of the northern window

is examined. Based on the findings, the highest F-statistic and the highest R-squared value
were both associated with the power-law relationship. Accordingly, the relationship between
the two variables, heating demand and the area of the northern window, is identified as a
power equation. In addition, based on the results of the regression test, a moderate and

direct relationship is detected between the two variables (Table 4-95).

Table 4-95. Results of Curve Regression Between Heating Demand and the Area of the Window

Model Results Model Diagram
Model formula
R Square F Heating Demand (kWh)
Linear 589 5138.022 — 2 ot
Lo garithmic 583 5016.700 E E‘-‘d”:
Inverse 498 3555.301 _— = Er:"pd
Quadratic 595 2627.689 =
Cubic .596 1763.109 — R Coponsal
Compound 574 4816.935
Power 613 5674.794
S 569 4724550 .
Growth 574 4816.935 ; 1(/;
Exponential 574 4816.935 “Bhomo  Tome e oo o om0
Logistic 574 4816.935 Area of Window (m2)

Dependent Variable: Heating Energy

The independent variable is Area of Window.
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In this section, the relationship between lighting demand and the area of the northern

window is analysed. Based on the results, the highest F-statistic corresponds to the linear
equation, while the highest R-squared values are observed for linear, quadratic, cubic, and
power-law relationships. Considering the F-statistic and R-squared values, the relationship

between the two variables is identified as linear model (Table 4-96).

Table 4-96. Results of Curve Regression Between Lighting Demand and the Area of the Window

Model formula RS Mede] Resull?t S — Lo e
quarc Lighting Demand (kWh)
Linear 1.000  33399366180619848 ... . ALY
Logarithmic 936 52263.310 e
Inverse 147 10597.661 2000.00000 3 _—_ égé‘:pround
Quadratic 1.000  16695465794018060 - i
Cubic 1.000  11127364128593224 | A T
Compound 936 52263.312 J—
Power 1.000  35299548939254880
N 924 43549.410
Growth 936 52263312 5
Exponential 936 52263312
If)ogistic 936 52263312 Area of Window (m2)

Dependent Variable: Lighting Energy

The independent variable is Area of Window.

In this section, the relationship between the average useful daylight and the area of the

northern window is examined. Based on the findings from the curvilinear regression test,

the highest F-statistic corresponds to the inverse equation, while the highest R-squared value
is associated with the cubic curve. Considering the F-statistic and R-squared values, the

relationship between the two variables is identified as an inverse equation (Table 4-97).

Table 4-97. Results of Curve Regression Between Average UDI and the Area of the Window

Model Results Model Diagram
Model formula
R Square F Average UDI (%)
Linear 065 248758 waren| 8. L+ e
Logarithmic .084 329.238 . T
Inverse 098 389.941 oo ™ e
Quadratic .081 157.002 — = E“:M'h
Cubic .104 138.800 7 e
Compound 051 191318 o
Power .068 261.588 50000000
S 082 318723 i
Growth .051 191.318
Exponential 051 191.318 W e momn oo s
Logistic .051 191.318 Area of Window (m2)

Dependent Variable: UDI Average

The independent variable is Area of Window.
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In this section, the relationship between the average daylight autonomy and the area of the

northern window is examined. Based on the findings from the curvilinear regression test,
the highest F-statistic corresponds to the inverse equation, while the highest R-squared
values are associated with both the inverse relationship and the cubic curve. Accordingly,
the relationship between the two variables is identified as an inverse equation. In addition,
based on the results of the regression test, a moderate and direct relationship is detected
between the two variables. The R-squared values in this test were less than 0.25 in all

equations (Table 4-98).

Table 4-98. Results of Curve Regression Between Average DA and the Area of the Window

Model formula Model Results Model Diagram
R Square F Avernge DA ()
Linear .199 890.749 o4
Logarithmic 232 1082.941 sy
Inverse 238 1116.587 e I Y
Quadratic 228 529.441 |3
Cubic 238 372.720 .
Compound 187 822.402 :
Power 216 985.550 w00
S 219 1004211 -
Growth .187 822.402
Exponential 187 822.402 N
Logistic 187 822.402 Area of Window (m2)

Dependent Variable: DA Average

The independent variable is Area of Window.

Based on the results of the curvilinear regression test, analyses of the relationships can be
conducted; however, due to the extensive number of tests performed, this will not be
addressed here. Instead, the subsequent section will focus on modelling the relationships

based on the findings from the curvilinear regression.

4-2-3 Linear Modeling of Building Energy Performance Relationships

Linear regression is one of the methods of regression analysis. In general, regression is a
type of statistical model used to predict a variable based on one or more other variables.
Linear regression is a type of linear predictive function where the dependent variable is
predicted as a linear combination of independent variables; each of the independent variables
is multiplied by a coefficient obtained during the estimation process for that variable. The
final result is the sum of these products plus a constant value, which is also derived in the
estimation process. The simplest form of linear regression analysis is simple linear

regression, which, unlike multiple linear regression, has only one independent variable.
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Another type of linear regression is multivariate linear regression, where multiple dependent
variables are predicted instead of just one. The estimation process aims to select the
coefficients of the linear regression model in such a way that they align closely with the
available data, meaning that the predictions are near the observed values in the data. One of
the most critical issues in linear regression is minimizing the difference between these two.
Various methods exist to address this issue. In probabilistic methods, linear regression
models attempt to estimate the conditional probability distribution of the dependent variable
(rather than the joint probability distribution), using this to derive a statistic of the dependent
variable as the final prediction. The mean is one of the most used statistics, although other
statistics such as the median or quantiles are also utilized. In this research, linear regression
analysis is defined between performance objectives as the dependent variable and spatial
factors as the predictor or independent variable. The findings from the nonlinear regression
section indicate that, in most relationships, the linear model is appropriate. Therefore, in this
section, assuming the linearity of the relationships, a linear regression test will be conducted
on four potential relationships between the area of interior spaces and the length and width
of these spaces as independent variables, and the environment of the final plan and the area
of the environmental rectangle as dependent variables. The assumption of linearity implies
that the dependent variable comprises the sum of a constant value with the effect of all
influencing independent variables, each multiplied by its specific coefficient, as described

in the following equation.

A =a+ (byBy) + (byB;) + (b3B3) + (byB,) + (bsBs)

In the above equation, A is the dependent variable influenced by five independent variables,
Bi. Initially, a linear regression analysis was conducted with energy consumption per square
meter as the dependent variable and the spatial factors as the predictor variables, as detailed

in the variable description table 4-99.

Table 4-99. Results of Linear Regression between Spatial Factors and Global Energy Per Area

Model R R Square Adjusted R Square Std. Error of the Estimate

1 .9792 .959 .959 2.386246721
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

According to the results of the linear regression analysis, an R Square value of 0.959 was
obtained, indicating that the resulting equation predicts approximately 95.9% of the

variations in energy consumption per square meter.
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Additionally, based on the ANOVA test regarding energy consumption per square meter as
the dependent variable and spatial factors, a significance level of less than 0.05 was obtained,

confirming the significance of the regression test.

The significance of all spatial factors in the equation has also been found to be less than
0.05, confirming their relevance. In the conducted regression test, based on standardized
coefficients, the largest contribution to the equation is associated with the dimensions of the
north-south side, with a standardized beta coefficient of 3.637. Following that, the window
height is the most influential variable in the equation (Table 4-100).

Table 4-100. Results of Linear Regression Between Spatial Factors and Global Energy Per Area

Unstandardized Coefficients  Standardized Coefficients

bz el B Std. Error Beta : Sig.
(Constant) 154.609 1.333 115977  .000

EW Side Dimention -3.615 .150 -1.409 -24.046  .000
NS Side Dimention 9.329 .295 3.637 31.645 .000
Height of Building 46.781 743 1.824 62.963 .000

1 NS Direction towards the North -.023 .001 -.060 -17.560 .000
Volume of Building .010 .003 .300 3.500 .000
WWR of North Facade -90.658 3.360 -1.215 -26.981 .000
Width of Window 6.626 455 2.017 14.551 .000
Height of Window -105.993 2.796 -3.432 -37.912  .000
Area of Window -1.741 .198 -1.474 -8.786 .000

a. Dependent Variable: Global Energy Per Area

Additionally, the least contribution to the equation is for the orientation of the building
relative to the north axis. Furthermore, the variable representing the area of the building has
been excluded from the equation based on the test. This is due to its high correlation with
the building volume and the dimensions of the building's sides included in the equation.
Based on the results of the test, the equation for global energy consumption per square meter

1s obtained as follows:

GEPA = 154.609 — (3.615 x EW) + (9.329 x NS) + (46.781 x H) — (0.023 x D) + (0.010 x V)
— (90.658 x WWR) + (6.626 x WW) — (105.993 x WH) — (1.741 x WA)
Additionally, a linear regression test was conducted with cooling demand per square meter
as the dependent variable and spatial factors as the independent predictive variables, which
can be seen in the variable description table 4-101. According to the results of the linear
regression test, an R-squared value of 0.593 was obtained, indicating that the resulting
equation predicts approximately 59.3% of the changes in cooling demand per square meter.

Furthermore, based on the ANOVA test regarding the cooling load per square meter as the
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dependent variable and spatial factors, a significance level of less than 0.05 was obtained,

confirming the significance of the regression test.

Table 4-101. Results of Linear Regression Between Spatial Factors and Cooling Energy Per Area

Model R R Square Adjusted R Square Std. Error of the Estimate

1 7702 .593 .592 315350619
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

The significance of the orientation in the equation has also been found to be less than 0.05,
confirming its relevance. However, other factors have significance levels greater than 0.05,
and their significance is not confirmed. Although according to modern statistical science, a
significance level greater than 0.05 does not necessarily reject the significance of the test. In
the conducted regression analysis, based on standardized coefficients, the largest
contribution to the equation is attributed to the building orientation, with a standardized beta
coefficient of -0.754. Following that, the window height is identified as the most influential
variable in the equation (Table 4-102).

Table 4-102. Results of Linear Regression Between Spatial Factors and Cooling Energy Per Area

Model Unstandardized Coefficients Sctzg(fig(r;(ii;ig " e,

B Std. Error Beta
(Constant) 20.418 176 115.898 .000
EW Side Dimention -016 .020 -.147 -.798 425
NS Side Dimention .043 .039 .399 1.103 270
Height of Building 136 .098 126 1.388 .165
1 NS Direction towards the North -.012 .000 -.754 -70.706 .000
Volume of Building .000 .000 .161 .596 551
WWR of North Facade -.630 444 -.201 -1.419 156
Width of Window .048 .060 .350 .803 422
Height of Window -.539 .369 -416 -1.459 .145
Area of Window -.018 .026 -.369 -.699 485

a. Dependent Variable: Cooling Energy Per Area

In the regression analysis, based on standardized coefficients, the smallest contribution to
the equation is related to the building height, with a standardized beta coefficient of 0.126.
Subsequently, the dimensions of the east-west side have the least influence in the equation.
Additionally, the variable representing the area of the building has also been excluded from
this equation. This is due to its high correlation with the building volume and the dimensions
of the building sides included in the equation. Based on the results of the analysis, the

equation for cooling demand per square meter is derived as follows:

CEPA = 20418 — (0.016 x EW) + (0.043 x NS) + (0.136 x H) — (0.012 x D) — (0.630 x WWR)
+ (0.048 x Ww) — (0.539 x WH) — (0.018 x WA)
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Also, a linear regression test was conducted with heating demand per square meter as the
dependent variable and spatial factors as the predictor variables, as detailed in the variable
description table. According to the results of the linear regression test, an R-squared value
of 0.964 was obtained, indicating that the resulting equation predicts approximately 96.4%

of the variations in heating demand per square meter (Table 4-103).

Additionally, based on the ANOVA test regarding heating demand per square meter as the
dependent variable and spatial factors, a significance level of less than 0.05 was obtained,

confirming the significance of the regression test.

Table 4-103. Results of Linear Regression Between Spatial Factors and Heating Energy Per Area

Model R R Square Adjusted R Square Std. Error of the Estimate
1 .9822 .964 .964 2.226089680
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

Furthermore, the significance of all spatial factors in the equation was also found to be less
than 0.05, confirming their relevance. In the conducted regression test, based on
standardized coefficients, the largest contribution to the equation is associated with the

north-south dimensions, with a standardized beta coefficient of 3.649 (Table 4-104).

Table 4-104. Results of the Linear Regression between Spatial Factors and Heating Energy Per Area

Model Unstandardized Coefficients S(;[zleufigz(ii;ig " i,

B Std. Error Beta
(Constant) 37.988 1.244 30.546 .000
EW Side Dimention -3.599 140 -1.414 -25.663 .000
NS Side Dimention 9.286 275 3.649 33.766 .000
Height of Building 46.645 .693 1.833 67.296 .000
1 NS Direction towards the North -.011 .001 -.028 -8.807 .000
Volume of Building .010 .003 296 3.668 .000
WWR of North Facade -90.028 3.135 -1.216 -28.721 .000
Width of Window 6.578 425 2.018 15.484 .000
Height of Window -105.454 2.608 -3.442 -40.433 .000
Area of Window -1.723 185 -1.470 -9.319 .000

a. Dependent Variable: Heating Energy Per Area

Following that, the window height is the most influential variable in the equation, which has
a negative effect. In the conducted regression test, based on standardized coefficients, the
least contribution to the equation is associated with the building orientation, with a
standardized beta coefficient of -0.028. Following that, the building volume has the least

influence in the equation. Additionally, in this case as well, the variable of building area has
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been excluded from the equation. Based on the results of the test, the heating demand

equation per square meter is obtained as follows:

HEPA = 37.988 — (3.599 x EW) + (9.286 x NS) + (46.645 x H) — (0.011 x D) + (0.010 x V)
—(90.028 x WWR) + (6.578 x WW) — (105.454 x WH) — (1.723 x WA)

Subsequently, a linear regression test was conducted with energy consumption as the
dependent variable and spatial factors as the predictor variables, which can be seen in the
variable description table. According to the results of the linear regression test, the R-
squared value obtained is 0.999, indicating that the resulting equation predicts

approximately 99.9% of the variations in energy consumption (Table 4-105).

Additionally, based on the ANOVA test regarding energy consumption as the dependent
variable and spatial factors, a significance level of less than 0.05 has been obtained,
confirming the significance of the regression test. The significance of all spatial factors,
except for the window-to-wall ratio, in the equation has also been found to be less than 0.05,

confirming their relevance.

Table 4-105. Results of the Linear Regression Between Spatial Factors and Global Energy

Model R R Square Adjusted R Square Std. Error of the Estimate
1 1.000? .999 .999 331.34724812
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

In the conducted regression test, based on standardized coefficients, the largest contribution
to the equation is associated with the window area, with a standardized beta coefficient of
0.643. Following that, the building volume is the most influential variable in the equation,

with a standardized beta coefficient of 0.232 (Table 4-106).

Other standardized coefficients of the variables have been found to be less than 0.12.
Therefore, the impact of the building area on predicting energy consumption is significantly
greater than that of other factors. Furthermore, the least contribution to the equation is from
the window-to-wall ratio. Additionally, similar to previous tests, the variable representing
the building area has been excluded from the equation based on the test results.
Subsequently, a linear regression test was conducted with cooling load as the dependent
variable and spatial factors as the predictor variables, as outlined in the variable description

table. According to the results of the linear regression test, the R-squared value obtained is
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0.998, indicating that the resulting equation predicts approximately 99.8% of the variations

in the cooling load (Table 4-106).

Table 4-106. Results of Linear Regression Test Between Spatial Factors and Global Energy

Model Unstandardized Coefficients S(;[?)Ielgggijgjg ¢ S

B Std. Error Beta
(Constant) -4580.788 185.112 -24.746 .000
EW Side Dimention 141.485 20.873 .048 6.778 .000
NS Side Dimention 340.867 40.934 115 8.327 .000
Height of Building 2027.022 103.171 .068 19.647 .000
1 NS Direction towards the North -5.221 .184 -.012 -28.298 .000
Volume of Building 9.063 404 232 22.452 .000
WWR of North Facade -632.830 466.573 -.007 -1.356 175
Width of Window 203.657 63.230 .054 3.221 .001
Height of Window -1560.292 388.214 -.044 -4.019 .000
Area of Window 877.495 27.525 .643 31.880 .000

a. Dependent Variable: Global Energy

The R-squared value obtained allows the use of this model in forecasting tools. Based on

the results of the test, the global energy consumption equation is obtained as follows:

GE = —4580.788 + (141.485 x EW) + (340.867 x NS) + (2027.022 x H) — (5.221 x D) + (9.063 x V)
— (632.830 x WWR) + (203.657 x WW) — (1560.292 x WH) + (877.495 x WA)
Additionally, based on the ANOVA test concerning cooling load as the dependent variable
and spatial factors, the significance coefficient was found to be less than 0.05, confirming
the significance of the regression test. The significance of all spatial factors, except for the
window area, was found to be greater than 0.05, which does not confirm their relevance.
Only the area showed a significance level of less than 0.05. In the conducted regression test,
based on standardized coefficients, the largest contribution to the equation is associated with

the window area, with a coefficient of 0.980 (Table 4-107).

Table 4-107. Results of Linear Regression Between Spatial Factors and Cooling Energy

Model R R Square Adjusted R Square Std. Error of the Estimate
1 .9992 .998 .998 84.560981754
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

The R-squared value obtained allows the use of this model in forecasting tools. Following
that, the building orientation is the next most influential variable in the equation. However,
there is a significant and substantial difference between the impact of the window area and

that of other spatial factors on the cooling demand. Additionally, the least contribution in

151



the equation is attributed to the WWR. Furthermore, similar to previous tests, the variable

for building area has been excluded from the equation based on the analysis (Table 4-106).

Table 4-108. Results of Linear Regression between Spatial Factors and Cooling Energy

Model Unstandardized Coefficients Séigggi?;‘:g ¢ S

B Std. Error Beta
(Constant) -44.671 47.241 -.946 344
EW Side Dimention 1.302 5.327 .003 244 .807
NS Side Dimention -8.762 10.446 -.020 -.839 402
Height of Building -13.429 26.330 -.003 -.510 .610
1 NS Direction towards the North -2.873 .047 -.043 -61.030 .000
Volume of Building .038 .103 .007 373 709
WWR of North Facade 68.857 119.071 .005 578 563
Width of Window 5.869 16.137 .011 .364 716
Height of Window 85.233 99.074 .016 .860 .390
Area of Window 195.542 7.024 .980 27.837 .000

a. Dependent Variable: Cooling Energy

Additionally, the least contribution in the equation is attributed to the window-to-wall ratio.
Furthermore, similar to previous tests, the variable for building area has been excluded from
the equation based on the analysis. Based on the results of the test, the equation for cooling

demand is derived as follows:

CE = —44.671 + (1.302 x EW) — (8.762 x NS) — (13.429 x H) — (2.873 x D) + (0.038 x V)
+ (68.857 x WWR) + (5.869 x WW) + (85.233 x WH) + (195.542 x WA)
In the continuation, a linear regression test was conducted with heating demand as the
dependent variable and spatial factors as the predictor variables, which can be seen in the
table of variable descriptions. According to the results of the linear regression test, the R-
squared value obtained was 0.989, indicating that the resulting equation predicts

approximately 98.9% of the variations in heating demand (Table 4-109).

Table 4-109. Results of the Linear Regression Test Between Spatial Factors and Heating Energy

Model R R Square Adjusted R Square Std. Error of the Estimate
1 9952 989 .989 257.910427810
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

Additionally, based on the ANOVA test regarding heating demand as the dependent variable
and spatial factors, a significance level of less than 0.05 was obtained, confirming the
significance of the regression test. Additionally, the significance of all spatial factors in the

equation, except for the window-to-wall ratio, is found to be less than 0.05, confirming their
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relevance, while the coefficient of the window-to-wall ratio has a somewhat minor error

(Table 4-110).

Table 4-110. Results of the Linear Regression Test Between Spatial Factors and Heating Energy

Unstandardized Coefficients Standardized Coefficients

bl el B Std. Error Beta ! Sig.
(Constant) -4536.123 144.085 -31.482 .000

EW Side Dimention 140.183 16.247 256 8.628  .000
NS Side Dimention 349.627 31.862 .640 10.973  .000
Height of Building 2040.449 80.305 373 25.409 .000
NS Direction towards the North -2.347 .144 -.028 -16.345 .000
Volume of Building 9.025 314 1.250 28.722  .000
WWR of North Facade -701.670 363.166 -.044 -1.932 .053
Width of Window 197.785 49.217 282 4.019 .000
Height of Window -1645.514 302.174 -.250 -5.446  .000
Area of Window -280.074 21.424 -1.112 -13.073 .000

a. Dependent Variable: Heating Energy

In the conducted regression test, based on standardized coefficients, the largest contribution
to the equation is associated with the building volume, with a coefficient of 1.250. Following
that, the window area is the most influential variable in the equation. There is a significant
and substantial difference between the impact of these two factors and other spatial factors
concerning the cooling demand. Additionally, the least contribution in the equation is for
the building orientation. Also, similar to previous tests, the variable of building area has
been excluded from the equation based on the test. Based on the results of the test, the

equation for heating demand is as follows:

HE = —4536.123 + (140.183 x EW) + (349.627 x NS) + (2040.449 x H) — (2.347 x D) + (9.025 x V)
— (701.670 x WWR) + (197.785 x WW) — (1645.514 x WH) — (280.074 x WA)
Furthermore, a linear regression test was conducted with lighting demand as the dependent
variable and spatial factors as predictor variables, as detailed in the table of variable
descriptions. According to the results of the linear regression test, an R-squared value of
1.000 was obtained, indicating that the resulting equation predicts approximately 100% of
the variations in lighting demand. This is due to the specific formula for lighting demand

based on each square meter of space (Table 4-111).

Additionally, based on the ANOVA test regarding lighting demands as the dependent
variable and spatial factors, a significance level of less than 0.05 has been obtained,

confirming the significance of the regression test. Furthermore, the significance of all spatial
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factors, except for the height and orientation of the building, is found to be less than 0.05 in

the equation, confirming their relevance (Table 4-111).

Table 4-111. Results of the Linear Regression Test Between Spatial Factors and Lighting Energy

Model R R Square Adjusted R Square Std. Error of the Estimate
1 1.000? 1.000 1.000 .000130653
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

The data regarding orientation indicates that there is no definitive relationship between this
variable and the lighting requirement. In the conducted regression test, based on
standardized coefficients, the largest contribution in the equation is attributed to the window
area, with a coefficient of 1.000. Other variables yielded values close to zero. There is a
significant and substantial difference between the impact of window area and other spatial

factors on the lighting requirement (Table 4-112).

Table 4-112. Results of the Linear Regression Test Between Spatial Factors and Lighting Energy

Model Unstandardized Coefficients %22?;2?;?3 ’ Sig.
B Std. Error Beta

(Constant) .000 .000 4.357 .000

EW Side Dimention -3.459E-5 .000 .000 -4.201 .000
NS Side Dimention 5.873E-5 .000 .000 3.638 .000
Height of Building 6.551E-5 .000 .000 1.610 .107
1 NS Direction towards the North .000 .000 .000 .000 1.000
Volume of Building 7.767E-7 .000 .000 4.878 .000
WWR of North Facade -.001 .000 .000 -3.932 .000
Width of Window .000 .000 .000 4.081 .000
Height of Window .000 .000 .000 -3.206 .001
Area of Window 42.431 .000 1.000 3908624.426 .000

a. Dependent Variable: Lighting Energy

The variable of building area has been excluded from the equation based on the test, similar
to previous tests. According to the results of the test, the equation for lighting requirements

1s derived as follows:

LE = —(3.459E — 5 x EW) + (5.873E — 5 x NS) + (6.551E — 5 x H) + (7.767E — 7 x V)
—(0.001 x WWR) + (42.431 x WA)
Subsequently, a linear regression test was conducted with the average useful daylight as the
dependent variable and spatial factors as the predictor variables, which can be seen in the
table describing the variables. This test can define the performance of daylight based on the

useful daylight illuminance. According to the results of the linear regression test, the R-
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squared value obtained is 0.957, indicating that the resulting equation predicts

approximately 95.7% of the changes in the average useful daylight (Table 4-113).

Table 4-113. Results of the linear regression test between spatial factors and UDI Average

Model R R Square Adjusted R Square Std. Error of the Estimate
1 9782 957 957 2.174983178
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

Furthermore, based on the ANOVA test regarding the mean useful daylight as the dependent
variable and spatial factors, a significance level of less than 0.05 has been obtained,

confirming the significance of the regression test.

The significance of all spatial factors, except for the window area, has also been found to be
less than 0.05, which is confirmed. Regarding the window area, the test indicates that the
relationship has considerable error. In the linear regression test conducted, based on the
standardized coefficients, the greatest contribution to the equation is related to the
dimensions of the north-south facade, with a standardized regression coefficient of -3.676

(Table 4-114).

Table 4-114. Results of Linear Regression Test Between Physical Factors and UDI Average

Unstandardized Coefficients Standardized Coefficients

Model B Std. Error Beta : D1
(Constant) 97.605 1.215 80.327 .000

EW Side Dimention -2.935 137 -1.281 -21.418 .000
NS Side Dimention -8.425 .269 -3.676 -31.354 .000
Height of Building -15.559 .677 -.679 -22.975 .000

1 NS Direction towards the North .015 .001 .042 12.246 .000
Volume of Building .017 .003 .546 6.241  .000
WWR of North Facade -25.144 3.063 -.377 -8.210  .000
Width of Window 3.965 415 1.351 9.554  .000
Height of Window 68.794 2.548 2.494 26.997 .000
Area of Window .066 181 .063 .367 714

a. Dependent Variable: UDI Average

Additionally, the window height follows the dimensions of the north-south facade with a
standardized regression coefficient of 2.494, having the most significant impact.
Additionally, in this test, the width of the north-facing window and the dimensions of the
east-west side, with coefficients of 1.351 and -1.281, respectively, hold the greatest
significance in predicting the daylighting index. The least importance in this test is attributed

to the orientation of the building.
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Additionally, the variable of the building's floor area has been excluded from the equation,
similar to previous tests. This is due to the high correlation of this variable with the variables
present in the linear equation, as previously mentioned. Based on the results of the test, the

equation for the average useful daylight is obtained as follows:

UDIA = 97.605 — (2.935 x EW) — (8.425 x NS) — (15.559 x H) + (0.015 x D) + (0.017 x V)
— (25.144 x WWR) + (3.965 x WW) + (68.794 x WH) + (0.066 x WA)
Next, a linear regression test was conducted with the average daylight autonomy as the
dependent variable and spatial factors as the predictor variables, which can be seen in the
table describing the variables. According to the results of the linear regression test, the R-
squared value obtained is 0.969, indicating that the resulting equation predicts

approximately 96.9% of the changes in average daylight autonomy (Table 4-115).

Table 4-115. Results of Linear Regression Between Spatial Factors and DA Average

Model R R Square Adjusted R Square Std. Error of the Estimate
1 .9852 .969 .969 1.631313322
a. Predictors: (Constant), Area of Window, NS Direction towards the North, Height of Building, NS Side Dimention, EW
Side Dimention, WWR of North Facade, Volume of Building, Height of Window, Width of Window

Additionally, based on the ANOVA test regarding the average daylight autonomy as the
dependent variable and the spatial factors, a significance level of less than 0.05 was obtained,

confirming the significance of the regression test (Table 4-116).

Table 4-116. Results of Linear Regression between Spatial Factors and DA Average

Unstandardized Coefficients Standardized Coefficients

WG B Std. Error Beta ! Vi
(Constant) 44.677 911 49.023  .000

EW Side Dimention -.320 .103 -.158 -3.114  .002
NS Side Dimention .509 202 250 2.524 012
Height of Building 23.915 .508 1.178 47.082 .000

1 NS Direction towards the North .033 .001 .105 36.030 .000
Volume of Building -.002 .002 -.074 -1.005 315
WWR of North Facade 3.701 2.297 .063 1.611  .107
Width of Window -.902 311 -.347 -2.898 .004
Height of Window -40.217 1.911 -1.645 -21.042  .000
Area of Window .822 136 .879 6.069  .000

a. Dependent Variable: DA Average

Furthermore, the significance of all spatial factors, except for building volume and the
window-to-wall ratio, has been found to be less than 0.05, confirming their relevance in the
equation. In the case of building volume and the window-to-wall ratio, the tests indicate that

there is a considerable error in the relationship. In the conducted regression analysis, based
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on the standardized coefficients, the highest contribution in the equation is attributed to the

height of the window, with a standardized coefficient of -1.645.

Following this, the height of the building has the next highest impact, with a standardized
regression coefficient of 1.178. There is a substantial difference between the effects of these
two variables and other variables on the mean daylight autonomy. Therefore, these two
variables can be regarded as having a significantly higher importance compared to the
others. Additionally, the least importance in this analysis pertains to three variables: the
aspect ratio, building volume, and building orientation, with coefficients of 0.063, -0.074,

and 0.105, respectively (Table 4-116).

The variable of the building's floor area has been automatically excluded from the equation
based on the test results, similar to all previous tests. The R-squared value obtained allows
the use of this model in forecasting tools. Based on the results of the test, the equation for

the mean daylight autonomy is obtained as follows:

DAA = 44.677 — (0.320 x EW) + (0.509 x NS) + (23.915 x H) + (0.033 x D) — (0.002 x V)
+ (3.701 x WWR) — (0.902 x WW) — (40.217 x WH) + (0.822 x WA)
The results of the linear modeling indicate that in most cases, the linear equation can provide
satisfactory predictions. However, to enhance the accuracy of predictions, it is necessary to

conduct a nonlinear analysis.

4-2-4- Nonlinear Modeling of Building Energy Performance Relationships

In this section, based on the findings of the nonlinear regression analysis, nonlinear models
are defined to achieve higher accuracy coefficients for the relationships between each energy
performance objective of the residential building, considered as the dependent variable, and
the physical factors of the residential building, considered as independent and predictive

variables.

To this end, the results of the curve regression tests are first presented in the table 4-117,
and based on those results, a nonlinear equation is formulated and tested for each
performance objective. Based on the results of the curvilinear regression tests, nonlinear
equations have been defined for total energy consumption, energy consumption per square
meter, cooling demand, cooling demand per square meter, heating demand, heating demand

per square meter, average daylight factor, and average daylight autonomy index. Following
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the explanation of each equation, nonlinear regression testing based on the coding of the

relevant equation in SPSS software has been conducted, and the results are presented.

Table 4-117. Results of Curvilinear Regression Tests

Global Cooling Heating Global Cooling Heating | Lighting UDI DA
Energy Energy Energy Ener Ener; Ener Ener Average Average
Per Area Per Area Per Area 8y 8y 8y 8y verag verag
F_:,W Slfie Inverse Linear Inverse Power Power Compound Power S S
Dimention
I.VS S“?e Inverse Power Inverse Power Power Compound Power Linear Logarithmic
Dimention
Ar.ea.of Power Power Logarithmic Linear Power Power Linear Inverse Inverse
Building
Height of
Building Compound Compound Power Compound | Compound Power - Inverse S
RE Quadratic Quadratic Quadratic Quadratic Linear Quadratic - Linear Compound
Direction P
VOh.lm.e o Logarithmic Power Logarithmic Power Power Power Power Inverse Inverse
Building
R Inverse Power Power Power Power Power Power Linear Power
N Facade
Wl.dth o Inverse Compound Inverse Power Power Power Power Cubic Linear
Window
He}ght of Inverse Power Inverse Power Power Compound Linear Logarithmic | Logarithmic
Window
A?“’a of Power Power Logarithmic Linear Power Power Power Inverse Inverse
Window

According to the findings from the curvilinear regression tests, the nonlinear equation for

energy consumption per square meter has been derived and is presented as follows:

GEPA=a+ (b /EW) + (c/NS)+ (dx A+ (fxg") +(hxD)+ (ixD?) + (j xlogV) + (k) WWR)
+({/WwW) + (m/WH) + (n x WA®)
In this equation, energy consumption per square meter (GEPA) is defined based on the
dimensions of the east-west side (EW), dimensions of the north-south side (NS), building
orientation (D), building floor area (A), building volume (V), window-to-wall ratio of the
north facade (WWR), width of the north window (WW), height of the north window (WH),
and area of the north window (WA). Based on the established equation, the coded nonlinear
regression test is conducted and executed. According to the results of the linear regression

test, the coefficients of the equation are presented in the table 4-118.
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Table 4-118. Results of Nonlinear Regression Between Spatial Factors and Global Energy Per Area

0,
Parameter Estimate Std. Error 257 Lt gnes ezl

Lower Bound Upper Bound
a .802 3151.409 -6177.941 6179.545
b -30.154 3914 -37.827 -22.481
c 468.803 11.479 446.297 491.308
d -288.025 226981.565 -445314.641 444738.590
e 151 12.676 -24.703 25.004
f -.029 194.418 -381.209 381.152
g -6.066 10746.537 -21076.037 21063.905
h -.023 .000 -.024 -.023
i .002 .000 .002 .002
j 380.597 1579.122 -2715.477 3476.670
k 2.514 152 2.216 2.811
1 381.321 3.326 374.799 387.842
m -91.027 2.647 -96.217 -85.838
n -199.147 319737.428 -627085.586 626687.292
0 .147 31.405 -61.427 61.721

Based on the results of the test, a significance level close to zero and less than 0.05 has been
obtained, thus confirming the significance. Additionally, the adjusted R-squared value is

0.998 (Table 4-119).

Table 4-119. Results of Non-Linear Regression between Spacial Factors and Global Energy Per Area

Source Sum of Squares df Mean Squares
Regression 22718467.368 15 1514564.491
Residual 304.945 3569 .085
Uncorrected Total 22718772.313 3584
Corrected Total 150110.291 3583

Dependent variable: Global Energy Per Area
a. R squared =1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .998.

Therefore, with 95% confidence, the equation obtained from the non-linear regression test
can predict 99.8% of the changes in energy consumption per square meter. The equation

based on the results is presented as follows:

GEPA = 0.802 + (—30.154 / EW) + (468.803 / NS) + (—288.025 x A®!°1) 4+ (-0.029 x —6.066")
+ (=0.023 x D) + (0.002 x D?) + (380.597 x logV) + (2.514 / WWR) + (381.321 / WW)
+(=91.027 / WH) + (—=199.147 x WA**7)

Also, based on the findings from the set of curvature regression tests conducted in the

previous section, the nonlinear equation for the cooling requirement per square meter was

obtained and presented as follows:

CEPA=a+ (bxEW) + (cxNs) + (exa) +(gxh")+(ixD)+ (xD*)+ (kxVv)
+ (mx WWR™) + (o x p"™) + (g x WH") + (s x WA")
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In this equation, the cooling demand per square meter (CEPA) is defined based on the
dimensions of the east-west side (EW), the dimensions of the north-south side (NS), the
orientation of the building (D), the floor area of the building (A), the volume of the building
(V), the window-to-north wall ratio (WWR), the width of the north window (WW), the
height of the north window (WH), and the area of the north window (WA).

Table 4-120. Results of Non-Linear Regression Between Factors and Cooling Energy Per Area

95% Confidence Interval

LIEEEe Estimate Std. Error Lower Bound Upper Bound
a 14284.310 .000 14284.310 14284.310
b -274 28.286 -55.732 55.184
c -3452.202 .000 -3452.202 -3452.202
d -.002 961 -1.886 1.883
& .021 268563.289 -526553.175 526553.216
f -2.548 422 -3.376 -1.720
g 46.325 131 46.068 46.582
h 1.002 119374.483 -234048.169 234050.173
i -.012 1341.526 -2630.248 2630.224
j .000 .035 -.068 .069
k -1924.031 43815.731 -87830.460 83982.398
1 -.003 123333.957 -241812.237 241812.231
m -.098 .053 -.203 .007
n 1.347 4.123 -6.737 9.431
0 1.085 91612.392 -179616.902 179619.073
p 1.006 .000 1.006 1.006
q -4126.519 .037 -4126.593 -4126.446
r .003 .023 -.042 .047
S -4833.290 .000 -4833.290 -4833.290
t .001 .056 -.109 111

Based on the defined equation, a coded non-linear regression test has been executed (Table
4-120). The coefficients of the equation, according to the results of the non-linear regression
test, are presented in the following table. Based on the results of the nonlinear regression

test presented in the form of a table, the coefficients of the coded equation can be defined.

Table 4-121. Results of Non-linear Regression Between Spatial Factors and Cooling Energy Per Area

Source Sum of Squares df Mean Squares
Regression 1440979.338 20 72048.967
Residual 32.812 3564 .009
Uncorrected Total 1441012.149 3584
Corrected Total 874.080 3583

Dependent variable: Cooling Energy Per Area
a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .962.

Based on the test results, a significance level close to zero, less than 0.05, has been obtained.
Therefore, the significance is confirmed. Additionally, the R-squared value is 0.962 (Table

4-121). Therefore, with 95% confidence, the equation obtained from the non-linear
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regression test can predict 96.2% of the variations in cooling energy consumption per square

meter (Table 4-121).

The R-squared value obtained indicates that the formula obtained from the nonlinear
regression test can be used as an efficient tool for prediction. The equation resulting from

the nonlinear regression test is presented as follows:

CEPA = 14284.310 + (—0.274 x EW) + (—3452.202 x NS~%%0%) 4 (0.021 x A™%5*®) + (46.325 x 1.002)
4+ (=0.012 x D) + (=1924.031 x V~2993) 4 (-0.098 x WWR'**") + (1.085 x 1.006"")
+ (—4126.519 x WH*%%) + (—4833.290 x wA*h)

Based on the findings from the curvature regression tests, the non-linear equation for heating

demand per square meter has been derived, as presented below:

HEPA =a+ (b/EW) + (c/NS) + (d x logA) + (e x H') + (g x D) + (h x D*) + (i x log V)
+ (G xWWR) + (1/ww) + (m/WH) + (n x log WA)
In this equation, the heating demand per square meter (HEPA) is defined based on the east-
west dimensions (EW), the north-south dimensions (NS), the building orientation (D), the
building's area (A), the building volume (V), the WWR of the north facade (WWR), the
width of the window (WW), the height of the window (WH), and the window’s area (WA).

Table 4-122. Results of Non-Linear Regression Between Spatial Factors and Heating Energy Per Area

0,
Parameter Estimate Std. Error o5V Lnmifdeanse iz |

Lower Bound Upper Bound
a -17.081 80013.874 -156894.580 156860.418
b 118.624 5.938 106.982 130.265
c -103.736 31.882 -166.245 -41.227
d 1.322 80016.273 -156880.881 156883.525
e 4.178 11.385 -18.143 26.498
f 1.454 1.064 -.631 3.539
g -011 .001 -012 -.010
h .001 .000 .001 .001
i -8.483 57.567 -121.350 104.385
j 5.494 .624 4.271 6.718
k -1.207 .056 -1.317 -1.098
1 101.972 2.402 97.262 106.682
m 10.892 9.678 -8.082 29.867
n 13.532 80013.714 -156863.652 156890.716

Based on the established equation, the non-linear regression test is coded and executed

(Table 4-122). The coefficients of the equation are presented based on the results of the test.
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Based on the results of the test, the significance level is found to be close to zero and less
than 0.05. Therefore, the significance is confirmed. Additionally, the R-squared value

obtained is 0.992 (Table 4-123).

Table 4-123. Results of Non-linear Regression Between Spatial Factors and Heating Energy Per Area

Source Sum of Squares df Mean Squares
Regression 5969255.224 14 426375.373
Residual 3829.197 3570 1.073
Uncorrected Total 5973084.421 3584
Corrected Total 487306.561 3583

Dependent variable: Heating Energy Per Area
a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .992.

Therefore, with 95% confidence, the equation resulting from the linear regression test can
predict 99.2% of the changes in heating demand per square meter. This rate provides a very
good prediction of the building's energy performance. The prediction error of this equation

is less than one percent. The equation based on the results is presented as follows:

HEPA = —17.081 + (118.624 / EW) + (—=103.736 / NS) + (1.322 x log A) + (4.178 x H***)
+(=0.011 x D) + (0.001 x D?) + (~8.483 x log V) + (5.494 x WWR™*°")
+ (101,972 yww) + (10.892 / WH) + (13.532 x log WA)

Based on the findings of the curvature regression tests, the nonlinear equation for total

energy consumption has been obtained, which is presented as follows:

GE =a+ (bxEW) + (dxNS) + (f xA) + (g x h") + (ix D) + (j x D?) + (k x V') + (m x WWR™)
+ (o x WWP) + (g x WH") + (s x WA)
In this equation, total energy consumption (GE) is defined based on the dimensions of the
east-west side (EW), dimensions of the north-south side (NS), building orientation (D),
building floor area (A), building volume (V), window-to-wall ratio of the north wall
(WWR), width of the north window (WW), height of the north window (WH), and area of
the north window (WA).

Based on the established equation, the nonlinear regression test has been coded and
executed. The test was performed several times to achieve high accuracy. The regression
test results confirm the high convergence of the output equation based on the input data.
According to the results of the nonlinear regression test, the coefficients of the equation are
presented in the table below. The standard error of the obtained coefficients is very low and

accurate estimated coefficients have been obtained (Table 4-124).
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Table 4-124. Results of the Nonlinear Regression Test Between Physical Factors and Global Energy

0,
Parameter Estimate Std. Error 25 Comifdanss i |

Lower Bound Upper Bound
a -3022.149 1921.210 -6788.931 744.634
b 43.835 15.843 12.772 74.898
c 1.364 .093 1.181 1.547
d 252913 308.256 -351.464 857.290
e .926 271 .396 1.457
f 45.943 79518.637 -155860.653 155952.540
g 359.905 355.509 -337.116 1056.927
h 1.647 .243 1.171 2.122
i -5.221 .078 -5.374 -5.067
j 377 .003 371 .383
k 30.581 4.639 21.486 39.677
1 .853 .016 .821 .884
m 350.145 875.912 -1367.194 2067.483
n -.819 707 -2.205 567
0 .002 .004 -.006 .010
p 4.400 757 2915 5.884
q 216 498 -.761 1.192
r 6.729 1.845 3.112 10.345
s 459.515 795186.422 -1558606.554 1559525.584

Based on the results of the test, a significance level close to zero and less than 0.05 has been
obtained. Therefore, the significance is confirmed. Additionally, the R-squared value is

found to be 1.000 (Table 4-125).

Table 4-125. Results of Non-Linear Regression Tests Between Physical Factors and Global Energy

Source Sum of Squares df Mean Squares
Regression 4840147307213.824 19 254744595116.517
Residual 70397105.113 3565 19746.734
Uncorrected Total 4840217704318.937 3584
Corrected Total 659886080983.070 3583

Dependent variable: Global Energy
a. R squared =1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = 1.000.

Therefore, with 95% confidence, the equation derived from the non-linear regression test
can predict 100% of the changes in total energy consumption. The equation based on the

results is presented as follows:

GE = —3022.149 + (43.835 x EW3¢*) 4+ (252.913 x NS%?%%) + (45.943 x A) + (359.905 x 1.647")
4+ (=5.221 x D) + (0.377 x D?) + (30.581 x V*85%) 4+ (350.145 x WWR™"819)
+ (0.002 x ww**%%) 1 (0.216 x WH"*?) + (459.515 x WA)

Based on the findings of the curvature regression tests, the non-linear equation for total

cooling demand has been derived, which is presented as follows:

CE=a+ (bxEW)+ (dxNs®)+ (fxa9) + (hxi") + (G xD) + (kx V) + (m x WWR™)
+ (o x WWP) + (g x WH") + (s x wA"Y)
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In this equation, total cooling demand (CE) is defined based on the dimensions of the east-

west side (EW), dimensions of the north-south side (NS), building orientation (D), building

floor area (A), building volume (V), window-to-north wall ratio (WWR), width of the north

window (WW), height of the north window (WH), and area of the north window (WA).

Table 4-126. Results of Nonlinear Regression Tests Between Physical Factors and Cooling Energy

Parameter

95% Confidence Interval

Estimate Std. Error Lower Bound Upper Bound
a 2348.056 1053704.790 -2063576.985 2068273.097
b -106.063 2083.784 -4191.593 3979.466
c 438 2.182 -3.840 4.715
d 74.660 11212.342 -21908.592 22057.911
e 401 14.813 -28.642 29.443
f 4.304 203662.761 -399302.980 399311.588
g 1.017 7239.547 -14193.054 14195.088
h -.001 117 -.230 229
i 10.541 448.068 -867.954 889.036
j -2.873 .047 -2.966 -2.781
k 7.091 146.422 -279.988 294.169
1 .594 1.820 -2.974 4.162
m -2404.608 1039918.400 -2041299.642 2036490.426
n .025 12.209 -23.913 23.962
0 63.288 892.938 -1687.434 1814.009
p 7194 2.393 -3.897 5.485
q -83.279 7417.757 -14626.754 14460.196
r 922 23.787 -45.716 47.560
s 126.456 1396603.878 -2738096.764 2738349.676
t 1.017 2563.127 -5024.326 5026.360

Based on the established equation, the coded nonlinear regression test is executed and the

R-squared value obtained is 0.998 (Table 4-127).

Table 4-127. Results of Nonlinear Regression Between Physical Factors and Cooling Energy

Source Sum of Squares df Mean Squares
Regression 86826602028.383 20 4341330101.419
Residual 25552930.118 3564 7169.733
Uncorrected Total 86852154958.501 3584
Corrected Total 14109248383.495 3583

Dependent variable: Cooling Energy

a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .998.

The R-squared value obtained allows the use of this model in forecasting tools. Therefore, ,

the equation obtained from the nonlinear regression test can predict 99.8% of the changes in

total cooling demand. The equation based on the results is presented as follows:

CE = 2348.056 + (—106.063 x EW"*3®) + (74.660 x NS**°1) + (4.304 x A**17) + (-0.001 x 10.541")
+ (2873 x D) + (7.091 x V*%*) + (—2404.608 x WWR"%%) + (63.288 x ww"7%*)

+ (—83.279 x WH**?2) + (126.456 x WA°17)
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Based on the findings of the curvilinear regression tests, the nonlinear equation for total

heating demand has been obtained, which is presented as follows:

HE =a+ (b x ")+ (dxe™) + (Fx49) + (hx H) + (j x D) + (k x D?) + (I x V™) + (n x WWR°)
+ (@ xww?) + (r xs"®) + (t x waY)
In this equation, the total heating demand (HE) is defined based on the dimensions of the
east-west side (EW), the dimensions of the north-south side (NS), the orientation of the
building (D), the building's floor area (A), the building volume (V), the window-to-north
wall ratio (WWR), the width of the north window (WW), the height of the north window
(WH), and the area of the north window (WA).

Table 4-128. Results of the Nonlinear Regression Between Physical Factors and Heating Energy

95% Confidence Interval

Parameter Estimate Std. Error Lower Bound \Ufper B
a -13098.801 129994.477 -267969.875 241772.273
b 604.096 578.568 -530.261 1738.454
c 1.071 .023 1.026 1.117
d 553.985 1037.462 -1480.094 2588.064
e 1.063 .043 .979 1.146
f -227.868 781624.349 -1532704.027 1532248.291
g .621 17.639 -33.963 35.206
h 197 1.023 -1.208 2.8303
i 5.070 775 3.552 6.589
j -2.347 .059 -2.462 -2.232
k 293 .002 .288 297
1 167.483 109.503 -47.211 382.178
m .657 .058 .542 771
n 1.643 3.486 -5.191 8.477
0 -3.254 1.091 -5.393 -1.115
p 8936.631 125615.715 -237349.311 255222.573
q .083 1.065 -2.005 2.170
r 2641.833 7365.165 -11798.530 17082.197
s 1.258 .396 482 2.034
t -611.251 3253430.920 -6379385.562 6378163.060
u .617 27.971 -54.224 55.459

Based on the established equation, the nonlinear regression test is coded and executed (Table
4-128). According to the results of the nonlinear regression test, the coefficients of the
equation are presented in the following table. The results indicate a high convergence of the
thermal energy performance modeling process. The results show that the prediction can be

made to a satisfactory extent based on the equation.

Based on the results of the test, a significance level close to zero and less than 0.05 has been
obtained. Therefore, the significance is confirmed. Additionally, the R-squared value of

0.998 has been achieved .Therefore, with 95% confidence, the equation derived from the
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nonlinear regression test can predict 99.8% of the changes in total heating demandof the

residential building (Table 4-129).

Table 4-129. Results of the Nonlinear Regression Between Physical Factors and Heating Energy

Source Sum of Squares df Mean Squares
Regression 251920978382.247 21 11996237065.821
Residual 39496734.744 3563 11085.247
Uncorrected Total 251960475116.991 3584
Corrected Total 22492694886.524 3583

Dependent variable: Heating Energy
a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .998.

The equation based on the results is presented as follows:

HE = —13098.801 + (604.096 x 1.071"") + (553.985 x 1.063"%) + (—227.868 x A*%*") + (0.797 x H*>""°)
+ (-2347 x D) + (0.293 x D?) + (167.483 x V*%7) + (1.643 x WWR***)
+(8936.631 x WIW*®) + (2641.833 x 1.258"") + (-611.251 x wA**")

Based on the findings of the curvature regression tests, the nonlinear equation for lighting

demand has been derived, which is presented as follows:

LE =a+ (b x EW®) + (d x NS®) + (f x A) + (g x V?) + (i x WWR)) + (k x ww!) + (m x WH)
+ (n x WA®)

In this equation, the total lighting demand (LE) is defined based on the east-west dimensions
(EW), the north-south dimensions (NS), the orientation of the building (D), the area of the
building (A), the volume of the building (V), the window-to-north wall ratio (WWR), the
width of the north window (WW), the window height (WH), and the window area (WA).

Table 4-130. Results of the Nonlinear Regression Test Between Spatial Factors and Lighting Energy

95% Confidence Interval

Parameter Estimate Std. Error Lower Bound Urspa B
a -2.621E-5 .000 -2.621E-5 -2.621E-5
b -1.530E-13 .000 -1.530E-13 -1.530E-13
c 1.000 .000 1.000 1.000
d -5.783E-1217 .000 -5.788E-12 -5.778E-12
e 1.000 .000 1.000 1.000
f 4.243 .000 4.243 4.243
g 9.827E-6 .000 9.827E-6 9.827E-6
h -3.550E-7 .000 -3.550E-7 -3.550E-7
i 3.828E-5 .000 3.828E-5 3.828E-5
j 2.363E-6 .000 2.363E-6 2.363E-6
k -2.517E-5 .000 -2.517E-5 -2.517E-5
1 -1.365E-6 .000 -1.365E-6 -1.365E-6
m 2.476E-11 .000 2.476E-11 2.476E-11
n 3.276E-6 .000 3.276E-6 3.276E-6
0 2.855E-6 .000 2.855E-6 2.855E-6
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Based on the established equation, the nonlinear regression test has been coded and executed
(Table 4-130). The test was performed several times to achieve high accuracy. The
regression test results confirm the high convergence of the output equation based on the
input data. According to the results of the nonlinear regression test, the coefficients of the
equation are presented in the table below. The standard error of the obtained coefficients is

very low and accurate estimated coefficients have been obtained.

Based on the test results, a significance level close to zero, less than 0.05, has been obtained.
Therefore, the significance is confirmed. Additionally, the R-squared value obtained is
1.000. The R-squared value obtained allows the use of this model in forecasting tool (Table
4-131). The results indicate a high convergence of the thermal energy performance modeling
process. Also, the results show that the prediction can be made to a satisfactory extent based

on the equation.

Table 4-131. Results of the Nonlinear Regression Between Physical Factors and Lighting Energy

Source Sum of Squares df Mean Squares
Regression 3904906918.683 15 260327127.912
Residual .000 3569 .000
Uncorrected Total 3904906918.683 3584
Corrected Total 638235083.824 3583

Dependent variable: Lighting Energy
a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = 1.000.

Therefore, with 95% confidence, the equation resulting from the nonlinear regression test
can predict 100% of the changes in lighting demand. The equation based on the results is

presented as follows:

LE = -2621E — 5 + ((~1.530E — 13) x EW) + ((~5.783E — 12) x NS) + (4.243 x A)
+ ((9.827E — 6) x V35557 1 ((3.828E — 5) x WWR*3%E~6)
+ (~2517E — 5 x Ww3550) 4 ((2.476E — 11) x WH) + ((3.276E — 6) x wa>¥5-6)

Based on the findings of the curvature regression tests and based on the obtained
coefficients, the nonlinear equation for the average useful daylight illuminance has been

derived, which is presented as follows:

UDIA=a+ (bx EWS) + (dx NS)+ (e /A) + (f / H) + (g x D) + (A / V) + (i x WWR) + (j x WW)
+ (kX WW?2) + (A XWW3) + (m xlogWH) + (n /WA)

The average Useful Daylight Illuminance (UDIA) is defined based on east-west dimension

(EW), north-south dimension (NS), building orientation (D), floor area (A), building volume
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(V), window-to-wall ratio on the northern facade (WWR), width of northern window (WW),
height of the northern window (WH), and area of the northern window (WA).

Table 4-132. Results of the Nonlinear Regression Test Between Physical Factors and UDI Average

95% Confidence Interval

Parameter Estimate Std. Error Lower Bound Uiys: o
a 139.180 11.336 116.955 161.405
b -16.632 2.473 -21.480 -11.785
c 738 .029 .682 .795
d -3.616 .078 -3.768 -3.464
© -1065.194 241.191 -1538.079 -592.309
f -42.501 13.759 -69.478 -15.524
g .015 .001 .013 .017
h 4453.090 563.873 3347.543 5558.636
i -101.211 2.040 -105.210 -97.212
j 17.195 .904 15.423 18.966
k -.551 .051 -.651 -.452
1 .008 .001 .006 .011
m 77.554 9.515 58.899 96.208
n .708 .057 .596 .820

Based on the specified equation, the nonlinear regression test is coded and executed (Table
4-133). The test was performed several times to achieve high accuracy. The regression test

results confirm the high convergence of the output equation based on the input data.

Table 4-133. Results of the Nonlinear Regression Test Between Physical Factors and UDI Average

Source Sum of Squares df Mean Squares
Regression 17294170.728 14 1235297.909
Residual 10208.130 3570 2.859
Uncorrected Total 17304378.859 3584
Corrected Total 395196.902 3583

Dependent variable: UDI Average
a. R squared =1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .974.

According to the results of the nonlinear regression test, the coefficients of the equation are
presented in the table below. The standard error of the obtained coefficients is very low and
accurate estimated coefficients have been obtained. Based on the results of the test, a
significance level close to zero and less than 0.05 has been obtained. Therefore, the
significance is confirmed. Additionally, the R-squared value obtained is 0.974. Therefore,
with 95% confidence, the equation resulting from the nonlinear regression test can predict
97.4% of the variations in the average Useful Daylight Illuminance (UDIA). The equation

based on the results is presented as follows:

UDIA = 139.180 + (—16.632 x EW®738) + (=3.616 x NS) + (—1065.194 / A) + (—42.501 / H) + (0.015 X D)
+ (4453.090 / V) + (—101.211 x WWR) + (17.195 x WW) + (—0.551 x WIW'?)
+(0.008 X WW3) + (77.554 x log WH) + (0.708 / WA)
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Based on the findings of the curvature regression tests, the nonlinear equation for the average
Daylight autonomy has been obtained, which is presented as follows:

DAA=a+ (bx EW®) + (d x1logNS) + (e / A) + (f x HI) + (h x i®) + (j / V) + (k x WWRY) + (m x WW)
+ (nxlogWH) + (o / WA)

In this equation, the average Daylight autonomy Index (DAA) is defined based on the east-
west dimension (EW), north-south dimension (NS), building orientation (D), building floor
area (A), building volume (V), window-to-wall ratio on the northern facade (WWR), width
of the northern window (WW), height of the northern window (WH), and the area of the
northern window (WA).

Table 4-134. Results of the Linear Regression Test Between Physical Factors and DA Average

95% Confidence Interval

Parameter Estimate Std. Error Lower Bound Uy Bl
a -15592.661 2224115.316 -4376257.413 4345072.090
b 6778.397 39266.741 -70209.110 83765.903
c .005 .029 -.052 .062
d 524.188 38915.006 -75773.698 76822.074
e 685059.409 31587602.433 -61246506.618 62616625.436
f 718.180 39942.819 -77594.865 79031.224
g 161 4.127 -7.929 8.252
h 5216.455 2117170.997 -4145770.176 4156203.086
i 1.000 .003 .995 1.005
j -8598.934 423.413 -9429.089 -7768.778
k 2318.205 784826.825 -1536435.945 1541072.354
1 -.021 3.522 -6.925 6.884
m -1.839 142 -2.118 -1.560
n -819.127 41364.462 -81919.486 80281.232
[ -67992.515 3158758.225 -6261145.162 6125160.131

Based on the specified equation, the linear regression test is coded and executed (Table 4-
134). According to the results of the linear regression test, the coefficients of the equation
are presented in the table below. Based on the results of the test, a significance level close
to zero and less than 0.05 has been obtained. Therefore, the significance is confirmed.
Additionally, the R-squared value obtained is 0.961. The R-squared value obtained allows
the use of this model in forecasting tools (Table 4-135).

Table 4-135. Results of the Nonlinear Regression Test Between Physical Factors and DA Average

Source Sum of Squares df Mean Squares
Regression 8531541.833 15 568769.456
Residual 12155.810 3569 3.406
Uncorrected Total 8543697.643 3584
Corrected Total 310423.064 3583

Dependent variable: DA Average
a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .961.
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Therefore, with 95% confidence, the equation resulting from the linear regression test can

predict 96.1% of the variations in the average Useful Daylight Illuminance (UDIA).

DAA = —15592.661 + (6778.397 X EW©905) + (524.188 X log NS) + (685059.409 / A) + (718.180 x HO161)
+(5216.455 x 1°) + (—8598.934 / V) + (2318.205 X WWR~°021) 4 (=1.839 x WW)
+(—819.127 x logWH) + (—67992.515 / WA)

The results obtained from the nonlinear regression tests achieved higher R-squared values
in all cases. Based on the results of the tests, overall, the equations derived from them can
predict more than 95% of energy performance with over 95% confidence, which is a very
high level. In general, equations resulting from nonlinear regression testing provide better
results than equations resulting from linear regression testing. In the next chapter, a
comparative study of the results of the equations obtained from the nonlinear regression test

and the equations obtained from the linear regression test is presented.

Providing energy performance prediction models using nonlinear regression method is one
of the research innovations; it has been able to predict energy performance with an accuracy
of over 95% compared to simulated models and with high accuracy compared to actual
energy consumption. In the studies conducted in various researches, a model that is
accurately presented by defining a mathematical equation and has high accuracy has not
been seen. The models obtained in this section can be used in various sectors and can be

utilized in future research.

4-3- Optimization of Energy Performance in Residential buildings

Following the energy performance modeling of the residential building, the energy
performance optimization process was taken into consideration through the Non-Dominated
Sorting Genetic Algorithm II (NSGA-II). The performance objectives for the optimization
process include cooling demand per square meter, heating demand per square meter, and
useful daylight illuminace index. The modeling results of the residential building indicated
that various spatial and physical factors influence energy performance goals. The diversity
of the impacts of these spatial layout factors, combined with the inability to quantitatively
define many of them, has added significant complexity to the energy performance

assessment process.

Accordingly, this research aims to optimize the building envelope to achieve the best

geometric specifications for residential buildings based on energy performance. To this end,
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a larger and more precise stepwise approach was employed for the modeling process,
considering all possible scenarios. An optimization process was carried out using the Non-
dominated Sorting Genetic Algorithm II (NSGA-II) within the Wallacei plugin in

Grasshopper coding environment.

Table 4-136. Stepwise Breakdown of Genes in Spatial layout Models for Optimization Process

North-South East-West Building Building
Dimension Dimension Height Orientation
Minimum Step 8 8 2.6 -45
Maximum Step 22 22 4 45
Step Value 1 1 0.1 5
Number of Step Scenarios 800 800 140 17

In this process, four input genes, including the north-south dimension, the east-west
dimension, the internal height of the units, and the building orientation, were defined and
stepwise configured according to the table for initiating the optimization process (Table 4-

136; Figure 4-1).

Standard Deviation (SD) Fitness Values

SD Value Trendline Mean Value Trendline

Figure 4-1. Results of Performance Objective Values and Standard Deviation of Responses in the
Optimization Process

Additionally, three energy performance objectives, including cooling demand per square
meter, heating demand per square meter, and the average Useful daylight illuminance (UDI),
were defined as optimization targets. The optimization process was conducted over 100
generations with a population of 30 samples per generation, based on building energy
performance simulations with the settings specified in the methodology chapter and

according to the climatic characteristics of Melbourne (Figure 4-1).
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The reproduction probability coefficient was set at 0.9, and the mutation probability
coefficient was determined as one divided by the number of genes. Based on the results, 30

responses from generation 99 were obtained as the Pareto frontier optimal solutions.
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Figure 4-3. Performance Objective Chart of All Responses

In the image, the 3D chart of the Pareto frontier performance objective responses and all
responses can be observed together. The responses enclosed by a brown cube represent the
Pareto frontier solutions. Based on the Pareto frontier responses, it can be understood that

the optimization was conducted with high convergence across the entire set of responses

(Figure 4-2; Figure 4-3).
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Figure 4-4. Performance Objective Chart of Pareto Frontier Responses

In general, the responses do not show a specific correlation between performance objectives.
Instead, some contradiction between the Useful daylight illuminance and the cooling
demand per square meter and heating demand per square meter can be observed in the chart.
Additionally, there is no visible unit convergence in the scale of the Pareto frontier responses

(Figure 4-4; Figure 4-5).
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Figure 4-5. Performance Objective Chart of Pareto Frontier Responses

The Pareto frontier responses generally exhibit an irregular spread and distinct
categorizations, which need to be addressed further. Additionally, an analysis of the standard

deviation chart and the median values of the performance objectives shows that the
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responses have high variance. However, overall, after three-quarters of the optimization

process, they have reached a specific convergence (Table 4-137).

Table 4-137. Specifications of Pareto Frontier Responses

2 | 3f|fs| £ 25| 2 | g2 . 23
E |22 | &% & s | % | % 2% - 0y % s
1 D = L - A = < - =
< | ¢E| 28| & |<|E|E| i | 22 SECi
g | 85| 5§ & E | £| EZg | £ <= E2Z
z 22| 2 > || 2% S5 2=
S = A =
0 8 8 1 64 33 | -40 | 21.076363 65.53545 77.826042
1 8 22 2.75 176 | 2.6 | -15 | 20.082405 | 30.252622 36.178529
2 10 8 0.8 80 3.2 | -40 | 21.102558 | 56.294063 77.476222
3 8 22 2.75 176 | 3.3 | -15 | 20.053713 | 42.422477 42.157843
4 22 22 1 484 | 2.6 | -15 | 20.166913 17.795507 49.238417
5 22 20 0.909091 | 440 | 2.6 | -20 | 20.328846 | 18.665567 53.316917
6 8 8 1 64 33 -35 20.93853 64.882879 77.832083
7 22 19 0.863636 | 418 | 2.7 -20 20.34265 20.040111 57.461024
8 10 8 0.8 80 2.7 -35 | 20.974196 | 43.928747 76.253556
9 22 15 0.681818 | 330 | 2.7 -30 | 20.726819 22.90011 68.383517
10 10 8 0.8 80 3.1 -30 | 20.795727 | 52.684989 77.271056
11 22 17 0.772727 | 374 | 2.6 | -25 | 20.533158 | 20.243198 61.139672
12 10 22 2.2 220 | 3.3 -15 | 20.079333 | 36.524307 45.609824
13 9 8 0.888889 | 72 33 -15 | 20.215894 | 59.247004 77.23881
14 22 12 0.545455 | 264 | 3.3 -15 | 20.242718 | 32.752513 74.802418
15 10 9 0.9 90 3.1 -20 | 20.413477 | 48.459458 76.665571
16 22 16 0.727273 | 352 | 2.6 | -25 | 20.547681 | 20.791705 63.867318
17 10 9 0.9 90 2.6 | -25 | 20.626086 38.13514 74.443333
18 10 22 2.2 220 | 2.7 -15 | 20.108298 | 27.497972 39.556667
19 22 11 0.5 242 | 2.7 -15 | 20.292561 | 25.975291 72.759118
20 10 9 0.9 90 3.1 -30 | 20.779745 | 49.330405 76.797952
21 10 8 0.8 80 3.1 -25 | 20.608045 | 52.195132 76.959444
22 22 15 0.681818 | 330 | 2.6 | -20 | 20.396524 | 21.132887 66.743031
23 9 22 2444444 | 198 | 2.7 -15 20.09364 29.428601 38.232773
24 22 12 0.545455 | 264 | 2.6 | -15 | 20.254963 | 23.457859 71.73781
25 22 11 0.5 242 | 2.6 | -20 | 20.451246 24.89474 72.02436
26 10 22 2.2 220 | 3.2 -15 | 20.092185 34.95718 44.765196
27 22 15 0.681818 | 330 | 2.7 -20 | 20.384967 | 22.244464 68.032788
28 10 8 0.8 80 26 | -15 20.25687 40.051826 75.774
29 9 22 2444444 | 198 | 3.3 -15 | 20.066371 39.113304 44.403193

In the tables, the specifications of the Pareto frontier responses include geometric
specifications and three energy performance objectives: the Useful daylight illuminance,
heating demand per square meter, and cooling demand per square meter. Additionally, the
energy performance specifications of the Pareto frontier responses are presented in the
tables. Descriptive statistics for these responses are also provided in another table, which
can indicate the orientation of the Pareto frontier responses. Based on this, all 30 responses
have a negative orientation ranging from -40 to -15 degrees. The building height varies from

2.6 to 3.3 meters (Table 4-138).
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Table 4-138. Descriptive Statistics of Pareto Frontier Response Specifications

Number Minimum Maximum  Median Stagdgrd
Deviation
East-West Dimensions of the Building 30 8 22 14.43 6.317
North-South Dimensions of the Building 30 8 22 14.33 5.797
Building Height 30 2.6 3.3 2.893 3016
Building Area 30 64 484 211.60 126.161
Building Volume 30 208.0 1258.4 592.573 324.9051
Length to Width Ratio of the Building 30 .500000  2.750000 1.166 728746092
Building Orientation 30 -40 -15 -21.83 8.039
Cooling Demand per Square Meter 30 1340.065 9760.785 4308.481  2560.330
Heating Demand per Square Meter 30 3204.146  8646.663  6056.990 1767.575
Average Useful Daylight 30 36.178 77.832 63.831 14.566

Additionally, other geometric specifications of the Pareto frontier responses were obtained

with variability (Table 4-139).

Table 4-139. Specifications of Pareto Frontier Response

S
N = w23 = ) i o0 T ® =8| = E
5} = = =
SFEE=fFEE|SE: | 8% |E§%% 25 | 2535 4%
< @) 17} a =

0 | 184.7241 | 11822.34 | 21.07636 | 1348.887 | 65.53545 | 4194.269 77.82604 61.59215
1 148.4473 | 26126.72 | 20.08241 | 3534.503 | 30.25262 | 5324.461 36.17853 29.10216
2 | 175.5089 | 14040.71 | 21.10256 | 1688.205 | 56.29406 | 4503.525 7747622 61.51067
3 | 160.5884 | 28263.57 | 20.05371 | 3529.453 | 42.42248 | 7466.356 42.15784 33.85444
4 | 136.0747 | 65860.14 | 20.16691 | 9760.786 | 17.79551 | 8613.025 49.23842 33.90837
5 | 137.1067 | 60326.93 | 20.32885 | 8944.692 | 18.66557 | 8212.849 53.31692 35.53514
6 | 183.9337 | 11771.75 | 20.93853 | 1340.066 | 64.88288 | 4152.504 77.83208 61.82194
7 138.495 | 57890.91 | 20.34265 | 8503.228 | 20.04011 | 8376.766 5746102 37.49829
8 | 163.0152 | 13041.22 | 20.9742 | 1677.936 | 43.92875 | 35143 76.25356 51.55

9 | 141.7392 | 46773.93 | 20.72682 | 6839.85 | 22.90011 | 7557.036 68.38352 40.76091
10 | 171.593 | 13727.44 | 20.79573 | 1663.658 | 52.68499 | 4214.799 77.27106 59.70661
11 | 138.8886 | 51944.34 | 20.53316 | 7679.401 | 20.2432 | 7570.956 61.13967 38.11576
12 | 154.7159 | 34037.5 | 20.07933 | 4417.453 | 36.52431 | 8035.348 45.60982 35.50578
13 | 177.5751 | 12785.41 | 20.21589 | 1455.544 | 59.247 | 4265.784 77.23881 62.20649
14 | 151.1075 | 39892.37 | 20.24272 | 5344.078 | 32.75251 | 8646.663 74.80242 52.23582
15 | 166.9852 | 15028.67 | 20.41348 | 1837.213 | 48.45946 | 4361.351 76.66557 55.96176
16 | 139.4516 | 49086.98 | 20.54768 | 7232.784 | 20.79171 | 7318.68 63.86732 38.64042
17 | 156.8735 | 14118.61 | 20.62609 | 1856.348 | 38.13514 | 3432.163 74.44333 47.15962
18 | 145.7185 | 32058.07 | 20.1083 | 4423.826 | 27.49797 | 6049.554 39.55667 31.33973
19 | 144.3801 | 34939.98 | 20.29256 | 4910.8 | 25.97529 | 6286.02 72.75912 44.15213
20 | 168.2224 | 15140.02 | 20.77975 | 1870.177 | 49.33041 | 4439.736 76.79795 56.00448
21 | 170.9154 | 13673.23 | 20.60805 | 1648.644 | 52.19513 | 4175.611 76.95944 59.40394
22 | 139.6417 | 46081.75 | 20.39652 | 6730.853 | 21.13289 | 6973.853 66.74303 39.49333
23 | 147.6345 | 29231.63 | 20.09364 | 3978.541 | 29.4286 | 5826.863 38.23277 30.54767
24 | 141.8251 | 37441.82 | 20.25496 | 5347.31 | 23.45786 | 6192.875 71.73781 41.44624
25 | 143.4582 | 34716.89 | 20.45125 | 4949.202 | 24.89474 | 6024.527 72.02436 42.59183
26 | 153.1616 | 33695.56 | 20.09219 | 4420.281 | 34.95718 | 7690.58 44.7652 34.757

27 | 140.7417 | 46444.75 | 20.38497 | 6727.039 | 22.24446 | 7340.673 68.03279 40.45679
28 | 158.4209 | 12673.68 | 20.25687 | 1620.55 | 40.05183 | 3204.146 75.774 49.22028
29 | 157.2919 | 31143.8 | 20.06637 | 3973.141 | 39.1133 | 7744.434 44.40319 34.70071
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Based on this, all 30 responses have a negative orientation ranging from -40 to -15 degrees.

The building height varies from 2.6 to 3.3 meters (Table 4-140).

Table 4-140. Specifications of Pareto Frontier Responses
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0 184.7241 11822.34 | 21.07636 1348.887 | 65.53545 | 4194.269 | 77.82604 | 61.59215
1 148.4473 | 26126.72 | 20.08241 3534.503 30.25262 | 5324.461 36.17853 29.10216
2 175.5089 14040.71 21.10256 1688.205 56.29406 | 4503.525 77.47622 | 61.51067
3 160.5884 | 28263.57 | 20.05371 3529.453 | 42.42248 | 7466.356 | 42.15784 | 33.85444
4 136.0747 | 65860.14 | 20.16691 9760.786 17.79551 8613.025 | 49.23842 | 33.90837
5 137.1067 | 60326.93 20.32885 8944.692 18.66557 | 8212.849 | 53.31692 | 35.53514
6 183.9337 11771.75 | 20.93853 1340.066 | 64.88288 | 4152.504 | 77.83208 | 61.82194
7 138.495 57890.91 20.34265 | 8503.228 | 20.04011 8376.766 | 57.46102 | 37.49829

8 163.0152 13041.22 20.9742 1677.936 | 43.92875 3514.3 76.25356 51.55
9 141.7392 | 46773.93 | 20.72682 6839.85 22.90011 7557.036 | 68.38352 | 40.76091
10 171.593 13727.44 | 20.79573 1663.658 | 52.68499 | 4214.799 | 77.27106 | 59.70661
11 138.8886 | 51944.34 | 20.53316 | 7679.401 20.2432 7570.956 | 61.13967 | 38.11576
12 154.7159 34037.5 20.07933 | 4417.453 | 36.52431 8035.348 | 45.60982 | 35.50578
13 177.5751 12785.41 20.21589 1455.544 59.247 4265.784 | 77.23881 62.20649
14 151.1075 | 39892.37 | 20.24272 | 5344.078 | 32.75251 8646.663 | 74.80242 | 52.23582
15 166.9852 15028.67 | 20.41348 1837.213 | 48.45946 | 4361.351 76.66557 | 55.96176
16 139.4516 | 49086.98 | 20.54768 | 7232.784 | 20.79171 7318.68 63.86732 | 38.64042
17 156.8735 14118.61 20.62609 1856.348 | 38.13514 | 3432.163 | 74.44333 | 47.15962
18 145.7185 | 32058.07 20.1083 4423 826 | 27.49797 | 6049.554 | 39.55667 | 31.33973
19 144.3801 34939.98 | 20.29256 4910.8 25.97529 6286.02 72.75912 | 44.15213
20 168.2224 | 15140.02 | 20.77975 1870.177 | 49.33041 | 4439.736 | 76.79795 | 56.00448
21 170.9154 | 13673.23 | 20.60805 1648.644 | 52.19513 | 4175.611 76.95944 | 59.40394
22 139.6417 | 46081.75 | 20.39652 | 6730.853 | 21.13289 | 6973.853 | 66.74303 | 39.49333
23 147.6345 | 29231.63 | 20.09364 | 3978.541 29.4286 5826.863 | 38.23277 | 30.54767
24 141.8251 37441.82 | 20.25496 5347.31 23.45786 | 6192.875 | 71.73781 | 41.44624
25 143.4582 | 34716.89 | 20.45125 | 4949.202 | 24.89474 | 6024.527 | 72.02436 | 42.59183

26 153.1616 | 33695.56 | 20.09219 | 4420.281 34.95718 7690.58 447652 34.757
27 140.7417 | 46444.75 | 20.38497 | 6727.039 | 22.24446 | 7340.673 | 68.03279 | 40.45679
28 158.4209 12673.68 | 20.25687 1620.55 40.05183 | 3204.146 75.774 49.22028
29 157.2919 31143.8 20.06637 | 3973.141 39.1133 7744.434 | 44.40319 | 34.70071

Additionally, other geometric specifications of the Pareto frontier responses have been

obtained with variability (Table 4-141).

Table 4-141. Descriptive Statistics of Pareto Frontier Response Specifications

Number Minimum Maximum Median Standard Deviation
Energy Consumption per Square Meter 30 136.074669 184.724061 154.60784837  14.736757153
Total Energy Consumption 30 11771.75411  65860.13980 31126.0237220 16490.22831900
Cooling Demand per Square Meter 30 20.053713 21.102558 20.43441607 .319635025
Total Cooling Demand 30 1340.065920  9760.785892  4308.48158000 2560.330128586
Heating Demand per Square Meter 30 17.795507 65.535450 36.06118360 14.570489881
Total Heating Demand 30  3204.146080 8646.663432 6056.99030287 1767.575829207
Total Lighting Demand 30 393.762432  2977.828392 1301.87704080 776.208547513
Average Useful Daylight 30 36.178529 77.832083 63.83161613 14.566192719
Average Daylight Availability 30 29.102157 62.206488 44.69268180 10.867913425
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the floor area, a negative orientation of the building and a reduction in building height lead
to optimal energy performance in terms of cooling and heating demands, as well as daylight
performance. Additionally, the variables of area and length-to-width ratio alone do not have
a significant impact on optimal energy performance. The findings indicate that for buildings
with north-facing windows covering 10 percent of Based on these results, further
investigations are necessary to elucidate the role of geometric specifications of buildings on

energy performance.

4-3-1: Best Solutions for Optimizing Energy Performance

To conduct a more detailed analysis, the best responses for each performance objective
among all optimization responses will be examined, as shown in the image below.
Accordingly, the best average Useful daylight illuminance, cooling demand per square

meter, and heating demand per square meter are presented below (Figure 4-6).
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Best heating demand per square meter Best cooling demand per square meter Best average useful daylight illuminance
Dimension: 8*%8 Dimension: 8§*22 Dimension: 8*8
Length to Width Ratio: 1 Length to Width Ratio: 2.75 Length to Width Ratio: 1
Orientation Angle: -15 degrees Orientation Angle: -15 degrees Orientation Angle: -40 degrees
Internal Height of Units: 2.6 meters Internal Height of Units: 3.3 meters Internal Height of Units: 3.3 meters
Total Energy Consumption: 65860.13 kWh Total Energy Consumption: 28263.56 kWh Total Energy Consumption: 11,822.33 kWh
Total Cooling Demand: 9760.78 kWh Total Cooling Demand: 3529.45 kWh Total Cooling Demand: 1,348.88 kWh
Total Heating Demand: 8613.02 kWh Total Heating Demand: 7466.35 kWh Total Heating Demand: 4,194.26 kWh
Energy Consumption per m2: 136.07 kWh Energy Consumption per m2: 160.58 kWh Energy Consumption per m2: 184.72 kWh
Cooling Demand per m2: 20.16 kWh Cooling Demand per m2: 20.05 kWh Cooling Demand per m2: 21.07 kWh
Heating Demand per m2: 17.79 kWh Heating Demand per m2: 42.42 kWh Heating Demand per m2: 65.53 kWh
Average UDI: 48.63% Average UDI: 41.89% Average UDI: 77.94%
Average DA: 33.95% Average DA: 33.88% Average DA: 61.93%

Figure 4-6. Best Responses for Each Performance Objective Among All Optimization Responses
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Based on this, the best average Useful daylight illuminance corresponds to response 4 from
generation 74, which features a residential building with a floor area of 8 by 8 meters, a

length-to-width ratio of 1, an orientation angle of -40 degrees, and an i height of 3.3 meters.

Standard Deviation (SD) Fitness Values SD Value Trendiine Mean Value Trendiine

Figure 4-7. Specifications of the Best Response Based on Average Useful Daylight

In this model, the average Useful daylight illuminance is 77.94%, the Average Daylight
Availability Index is 61.93%, the total energy consumption is 11822.33 kilowatt-hours, the
energy consumption per square meter is 184.72 kilowatt-hours, the total cooling demand is
1348.88 kilowatt-hours, the cooling demand per square meter is 66.08 kilowatt-hours, the
total heating demand is 4194.26 kilowatt-hours, and the heating demand per square meter is

50.64 kilowatt-hours (Figure 4-7).

Standard Deviation (SD) Fitness Values SD Value Trendline Mean Value Trendline

Figure 4-8. Specifications of the Best Response Based on Cooling Demand per Square Meter

Additionally, the best cooling demand per square meter corresponds to response 4 from

generation 74, which features a residential building with a floor area of 8 by 22 meters, a
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length-to-width ratio of 2.75, an orientation angle of -15 degrees, and an internal height of
2.6 meters. In this model, the average Useful daylight illuminance is 41.89%. In this model,
the average Daylight Availability Index is 33.88%, the total energy consumption is
28,263.56 kilowatt-hours, the energy consumption per square meter is 160.58 kilowatt-
hours, the total cooling demand is 3,529.45 kilowatt-hours, the cooling demand per square
meter is 20.05 kilowatt-hours, the total heating demand is 4,194.26 kilowatt-hours, and the

heating demand per square meter is 42.42 kilowatt-hours (Figure 4-8).

Figure 4-9. Specifications of the Best Response Based on Heating Demand per Square Meter

Additionally, the best heating demand per square meter corresponds to response 4 from
generation 74, which features a residential building with a floor area of 22 by 22 meters, a
length-to-width ratio of 1, an orientation angle of -15 degrees, and an internal height of 3.3
meters. In this model, the average Useful daylight illuminance is 48.63%, the average
Daylight Availability Index is 33.95%, the total energy consumption is 65,860.13 kilowatt-
hours, the energy consumption per square meter is 136.07 kilowatt-hours, the total cooling
demand is 9,760.78 kilowatt-hours, the cooling demand per square meter is 20.16 kilowatt-
hours, the total heating demand is 8,613.02 kilowatt-hours, and the heating demand per
square meter is 17.79 kilowatt-hours (Figure 4-9).

4-3-1- Classification of Responses for Optimizing Energy Performance

Subsequently, through the K-means unsupervised machine learning process, the 30 Pareto
frontier responses have been divided into three categories based on three optimization
performance objectives, as shown in the image. Additionally, other specifications of the

responses are provided for a better examination of the classification. Based on the
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classification, it can be understood that the first group consists of east-west elongations and

is positioned at an intermediate level in terms of energy performance (Figure 4-10).
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Average Useful Cooling Demand Heating Demand
Daylight Illuminance (%) per Area (kWh) per Area (kWh)

Figure 4-10. Diagram of Pareto Frontier Responses Classification via K-means Machine Learning

The responses in this class are very close to the optimal values for heating demand per square

meter and the Useful daylight illuminance under optimal conditions (Table 4-142).

Table 4-142. Specifications of Classified Pareto Frontier Responses

11 0.5 . 20.451246 | 24.89474 72.02436
22 15 0.681818 330 2.7 -20 20.384967 | 22.244464 | 68.032788
22 15 0.681818 330 2.6 -20 20.396524 | 21.132887 | 66.743031
22 11 0.5 242 2.7 -15 20.292561 | 25.975291 | 72.759118
22 12 0.545455 264 2.6 -15 20.254963 | 23.457859 | 71.73781
22 16 0.727273 352 2.6 -25 20.547681 | 20.791705 | 63.867318
22 17 0.772727 374 2.6 -25 20.533158 | 20.243198 | 61.139672
22 12 0.545455 264 33 -15 20.242718 | 32.752513 | 74.802418
22 19 0.863636 418 2.7 -20 20.34265 | 20.040111 | 57.461024
22 15 0.681818 330 2.7 -30 20.726819 | 22.90011 | 68.383517
10 9 0.9 90 2.6 -25 20.626086 | 38.13514 | 74.443333
10 8 0.8 80 2.6 -15 20.25687 | 40.051826 75.774
10 22 22 220 32 -15 20.092185 | 34.95718 | 44.765196
10 22 22 220 2.7 -15 20.108298 | 27.497972 | 39.556667
9 22 2.444444 198 2.7 -15 20.09364 | 29.428601 | 38.232773
10 22 22 220 3.3 -15 20.079333 | 36.524307 | 45.609824
8 22 2.75 176 2.6 -15 20.082405 | 30.252622 | 36.178529
9 22 2.444444 198 3.3 -15 20.066371 | 39.113304 | 44.403193
8 22 2.75 176 33 -15 20.053713 | 42.422477 | 42.157843
22 22 1 484 2.6 -15 20.166913 | 17.795507 | 49.238417
22 20 0.909091 440 2.6 -20 20.328846 | 18.665567 | 53.316917
10 10 8 0.8 80 3.1 -30 20.795727 | 52.684989 | 77.271056
20 10 9 0.9 90 3.1 -30 20.779745 | 49.330405 | 76.797952
21 10 8 0.8 80 3.1 -25 20.608045 | 52.195132 | 76.959444
6 8 8 1 64 3.3 -35 20.93853 | 64.882879 | 77.832083
Class 3 8 10 8 0.8 80 2.7 -35 20.974196 | 43.928747 | 76.253556
2 10 8 0.8 80 32 -40 21.102558 | 56.294063 | 77.476222
15 10 9 0.9 90 3.1 -20 20.413477 | 48.459458 | 76.665571
0 8 8 1 64 33 -40 21.076363 | 65.53545 | 77.826042
13 9 8 0.888889 72 3.3 -15 20.215894 | 59.247004 | 77.23881
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Additionally, regarding cooling demand per square meter, all responses are generally within
a similar range; however, the responses in this class are positioned at an intermediate level
among the responses. Two responses from this class have slight elongations and exhibit a

form close to a square (Table 4-143).

Table 4-143. Specifications of Classified Pareto Frontier Responses

25 143.4582 34716.89 20.45125 4949.202 24.89474 6024.527 1488.914 72.02436

27 140.7417 46444.75 20.38497 6727.039 22.24446 7340.673 2030.338 68.03279
22 139.6417 46081.75 20.39652 6730.853 21.13289 6973.853 2030.338 66.74303
19 144.3801 34939.98 20.29256 4910.8 25.97529 6286.02 1488.914 72.75912
24 141.8251 37441.82 20.25496 534731 23.45786 6192.875 1624.27 71.73781
16 139.4516 49086.98 20.54768 7232.784 20.79171 7318.68 2165.693 63.86732
11 138.8886 51944.34 20.53316 7679.401 20.2432 7570.956 2301.049 61.13967
14 151.1075 39892.37 20.24272 5344.078 32.75251 8646.663 1624.27 74.80242
7 138.495 57890.91 20.34265 8503.228 20.04011 8376.766 2571.761 57.46102
9 141.7392 46773.93 20.72682 6839.85 22.90011 7557.036 2030.338 68.38352
17 156.8735 14118.61 20.62609 1856.348 38.13514 3432.163 553.7284 74.44333
28 158.4209 12673.68 20.25687 1620.55 40.05183 3204.146 492.203 75.774

26 153.1616 33695.56 20.09219 4420.281 34.95718 7690.58 1353.558 44.7652
18 145.7185 32058.07 20.1083 4423.826 27.49797 6049.554 1353.558 39.55667
23 147.6345 29231.63 20.09364 3978.541 29.4286 5826.863 1218.203 38.23277
12 154.7159 34037.5 20.07933 4417.453 36.52431 8035.348 1353.558 45.60982
Class 2 1 148.4473 26126.72 20.08241 3534.503 30.25262 5324.461 1082.847 36.17853
29 157.2919 31143.8 20.06637 3973.141 39.1133 7744.434 1218.203 44.40319
3 160.5884 28263.57 20.05371 3529.453 42.42248 7466.356 1082.847 42.15784
4 136.0747 65860.14 20.16691 9760.786 17.79551 8613.025 2977.828 49.23842
5 137.1067 60326.93 20.32885 8944.692 18.66557 8212.849 2707.117 53.31692
10 171.593 13727.44 20.79573 1663.658 52.68499 4214.799 492.203 77.27106
20 168.2224 15140.02 20.77975 1870.177 49.33041 4439.736 553.7284 76.79795
21 170.9154 13673.23 20.60805 1648.644 52.19513 4175.611 492.203 76.95944
6 183.9337 11771.75 20.93853 1340.066 64.88288 4152.504 393.7624 77.83208
Class 3 8 163.0152 13041.22 20.9742 1677.936 43.92875 3514.3 492.203 76.25356
2 175.5089 14040.71 21.10256 1688.205 56.29406 4503.525 492.203 77.47622
15 166.9852 15028.67 20.41348 1837.213 48.45946 4361.351 553.7284 76.66557
0 184.7241 11822.34 21.07636 1348.887 65.53545 4194.269 393.7624 77.82604
13 177.5751 12785.41 20.21589 1455.544 59.247 4265.784 442.9827 77.23881

Class 1

Additionally, the second group predominantly consists of rectangular-shaped responses with
north-south elongations. These responses are positioned optimally in terms of cooling
demand per square meter. However, the responses in this class are in unfavorable conditions
regarding the Useful daylight illuminance among the Pareto frontier responses and are

positioned at an intermediate level for heating demand per square meter (Table 4-143).
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Furthermore, the third group generally includes responses with an aspect ratio close to one
and limited east-west elongation. These responses are positioned optimally in terms of the
Useful daylight illuminance. However, regarding cooling demand per square meter, they are
in unfavourable conditions among the Pareto frontier responses. Moreover, the responses
exhibit undesirable performance regarding heating demand per square meter among the

Pareto frontier responses (Figure 4-11).
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Dimension: 8*8 - 9*10

Dimension: 8*22 - 22*22

Dimension: 8*10 - 22*19

Length to Width Ratio: 0.8 to 1

Length to Width Ratio: 1 to 2.75

Length to Width Ratio: 0.5 t0 0.9

Height: 2.7 -3.3

Height: 2.6 - 3.3

Height: 2.6 - 3.3

Orientation: -15 to -40 degrees

Orientation: -15 to -20 degrees

Orientation: -30 to -15 degrees

Class 3 responses at the threshold of

Class 2 responses at the threshold of

Class 1 responses at the threshold of floor

floor area proportions floor area proportions area proportions

Figure 4-11. Specifications of Classified Pareto Frontier Responses

Furthermore, in the table, a descriptive statistical analysis of the classified responses from
the machine learning process has been conducted in two sections: geometric specifications
and energy performance specifications of the building. Overall, the results of this
optimization classification process indicate that east-west elongation leads to improvements

in heating demand per square meter and the Useful daylight illuminance.

Additionally, north-south elongations lead to an improvement in cooling demands per
square meter. Furthermore, a length-to-width ratio close to one can result in improved
daylight performance and cooling demands per square meter. Overall, based on the results,

limited east-west elongation indicates a better outcome for energy performance.

4-4- Comparative Analysis of the Impact of Orientation Angle and Height
on the Energy Performance of Residential buildings

Based on the findings from the conducted optimization tests and the modelling process and
considering the number of input genes in the optimization processes, it is evident that the

angle of orientation and the height of the space have not reached definitive convergence.
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Therefore, there is a need for a comparative analysis of the angle of orientation and the

height of residential buildings (Table 4-144).

In this section, the energy performance is first examined by maintaining a height of 3 meters
for the spaces while varying the angle of orientation across different areas. Based on the
results of the variations in angle of orientation, it can be concluded that, in terms of energy
consumption per square meter, the building performs optimally at angles of 0 degrees, 15

degrees, and -15 degrees, respectively (Table 4-144).

Furthermore, regarding the cooling requirements per square meter, the building's
performance varies across different length-to-width ratios and areas; however, the best
performance is observed at an angle of 15 degrees, followed by 0 degrees and -15 degrees,

which also demonstrate acceptable performance.

Table 4-144 Energy Performance Based on Variations in Orientation Angle Across Different Areas
with a Height of 3 Meters for Spaces

Availabil daylight per Square Meter per Square Meter Consumption per | tation | Dimensio
. . . Square Meter Angle ns
ity Index illuminance

55.24021 79.69556 58.93351 21.02312 176.1595 -45

56.91778 79.53028 57.03728 20.62313 173.8632 -30 ‘i m'
57.67611 79.62507 55.79645 20.06553 172.0648 -15 8%8 m
58.48632 79.63715 55.268 19.64838 171.1192 0

59.08111 79.86118 55.36405 19.66452 171.2314 15 H:3m
59.28313 80.20507 56.20937 19.96045 172.3727 30

59.07889 80.3609 57.84443 20.16271 174.21 45

31.58628 41.28838 40.46066 20.80008 157.4636 -45

32.14659 41.22547 38.80904 20.42186 155.4337 -30 "W
32.49186 41.59706 37.71581 19.90177 153.8204 -15 822 m
32.8537 41.42336 37.23578 19.47125 152.9099 0

33.10689 41.1524 37.31406 19.41701 152.9339 15 H:3 m
33.12963 41.40105 38.05556 19.62339 153.8818 30

33.49355 42.40578 39.4723 19.77658 155.4517 45

51.88838 70.19003 40.49565 21.11436 157.8128 -45

53.31007 70.21172 38.83115 20.68917 155.7232 -30 WA 2
54.94387 70.39422 37.744 20.11379 154.0606 -15 8422 m
56.08282 70.51466 37.28456 19.66856 153.156 0

56.52277 70.24613 37.37431 19.63108 153.2082 15 H:3m
56.51841 70.16253 38.12903 19.87707 154.2089 30

55.37054 70.25429 39.56472 20.07413 155.8417 45

36.88411 56.70587 24.37458 20.83913 141.4165 -45

37.46752 57.33465 23.00772 20.46793 139.6785 -30 EAE m?
38.14084 58.59439 22.12785 19.96874 138.2994 -15 2222 m
38.59989 57.65446 21.77434 19.57744 137.5546 0

38.86683 58.52394 21.8924 19.4189 137.5141 15 H:3m
38.85016 58.50369 22.53725 19.57275 138.3128 30

38.88907 58.70714 23.68162 19.68329 139.5677 45
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Subsequently, energy performance is examined by keeping the angle of orientation fixed at

0 degrees while varying the height of the space across different areas (Table 4-145).

Table 4-145. Energy Performance Based on Variations in Space Height Across Different Areas
with an Orientation Angle of 0 Degrees

]“;Z;;iag%li Average. — LG Cooling Demand Energy . Building
Availabilit q day}l ght e R per Square Meter S mpticylucy picieht Dimensions
illuminance Square Meter
y Index
50.51028 78.03882 45.05756 19.65558 160.916 2.6
54.72569 79.21681 50.08108 19.64409 165.928 2.8 vt m'
58.48632 79.63715 55.268 19.64838 171.1192 3 8%8 m
61.93299 79.79646 60.62449 19.65859 176.4859 3.2
65.50639 80.14063 66.08023 19.65717 181.9402 3.4 H:3 m
68.89236 80.46993 71.65113 19.66682 187.5208 3.6
71.27389 80.58014 77.37068 19.66839 193.2419 3.8
29.98177 373 30.41724 19.49387 146.114 2.6
31.51365 39.05838 33.77219 19.4805 149.4555 2.8 WA "
32.8537 41.42336 37.23578 19.47125 152.9099 3 822 m
34.16917 42.85338 40.81091 19.48838 156.5021 32
35.40495 44.47159 44.49291 19.47799 160.1737 34 H:3m
36.52453 45.82025 48.26841 19.47871 163.95 3.6
37.73927 48.11152 52.138 19.48844 167.8293 3.8
50.55137 69.34824 30.46712 19.71161 146.3816 2.6
53.36525 69.68395 33.8278 19.68237 149.713 2.8 WA m?
56.08282 70.51466 37.28456 19.66856 153.156 3 8422 m
57.7838 70.5012 40.8662 19.67207 156.7411 3.2
59.15279 70.56733 44.53514 19.66355 160.4015 34 H:3 m
60.49887 70.8411 48.3192 19.65284 164.1749 3.6
61.34284 70.8389 52.20157 19.64424 168.0486 3.8
34.81005 51.22392 17.95056 19.56075 133.7142 2.6
36.74242 54.45862 19.82271 19.54087 135.5664 2.8 (At m?
38.59989 57.65446 21.77434 19.57744 137.5546 3 22432 m
40.16574 61.76258 23.79078 19.59184 139.5855 3.2
41.89912 64.58513 25.87398 19.56792 141.6447 3.4 H:3 m
43.46481 68.44362 28.02018 19.55911 143.7821 3.6
45.12689 70.72164 30.22704 19.55236 145.9822 3.8

Based on the results of changes in space height, it can be concluded that a reduction in height
leads to a decrease in energy consumption per square meter and a decrease in heating
demand per square meter. Additionally, increasing the height of the space results in an
increase in both the useful daylight illuminance and the daylight autonomy index. However,

regarding cooling demand, variations in space height produce diverse effects.

4-5- Investigating the effect of the WWR on building energy performance

In this section, a comparative analysis of energy consumption is undertaken with respect to
the window-to-wall ratio for a building with a floor area of 100 m?, east—west dimensions of
7.07 m, north—south dimensions of 14.142 m, and an aspect ratio of 0.5. The results in -45-
degree orientation indicate that the minimum energy consumption is achieved at a window-
to-wall ratio of 0.5. Furthermore, the findings in -30-degree orientation indicate that the

lowest energy consumption occurs at a WWR of 0.5 (Figure 4-12).
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Figure 4-12. Comparative analysis of energy consumption based on the window-to-wall ratio for a

100 m? building with east—-west dimensions of 7.07 m, north—south dimensions of 14.142 m.
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Furthermore in -30 degrees orientation, findings indicate that the lowest energy consumption
occurs at a WWR of 0.5. The results in -15-degree orientation, indicate that the minimum
energy consumption is achieved at a WWR of 0.6. Based on a comparative analysis of
building with 0-degree, the results show that the lowest energy consumption is achieved at
a WWR of 0.6. Also, the results in 15-degree orientation indicate that the minimum energy
consumption occurs at a WWR of 0.6 and the results in 30-degree orientation indicate that
the minimum energy consumption occurs at a WWR of 0.6. Furthermore, based on a
comparative analysis of a building with a floor area of 100 m?, east—west dimensions of 7.07
m, north—south dimensions of 14.142 m, and an aspect ratio of 0.5, oriented at an azimuth
of 45 degrees, the results indicate that the minimum energy consumption occurs at a

window-to-wall ratio of 0.6 (Figure 4-12; Figure 4-13).
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Figure 4-13. Analysis of the optimal window-to-wall ratio for a building with a floor area of 100
m?, east—west dimensions of 7.07 m, north—south dimensions of 14.142 m, and an aspect ratio of 0.5

at various orientation angles.

Furthermore, a comparative analysis of energy consumption was conducted with respect to
the window-to-wall ratio for a building with a floor area of 100 m?, east—west and north—
south dimensions of 10 m, and an aspect ratio of 1. The results in -45-degree orientation,

indicate that the minimum energy consumption occurs at a WWR of 0.3 (Figure 4-14).
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Figure 4-14. Comparative analysis of energy consumption based on the window-to-wall ratio for a

100 m? building with east—west and north—south dimensions of 10 m.
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Also, in -30-degree and -15-degree orientation, findings indicate that the lowest energy
consumption occurs ata WWR of 0.4 and 0.3 respectively. The results in 0-degree, 15-degree
and 30-degree orientations, indicate that the minimum energy consumption is achieved at a
WWR of 0.4 and 0.5. Based on a comparative analysis of building with 45-degree, the results
show that the lowest energy consumption is achieved at a WWR of 0.4 (Figure 4-15).
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Figure 4-15. Comparative analysis of the optimal window-to-wall ratio for a building with a floor
area of 100 m?, east—-west dimensions of 10 m, north—south dimensions of 10 m, and an aspect ratio

of 1 at various orientation angles.

Furthermore, a comparative analysis of energy consumption was conducted with respect to
the window-to-wall ratio for a building with a floor area of 100 m?, east—west dimensions of
14.142 m, north—south dimensions of 7.07 m, and an aspect ratio of 2, oriented at an azimuth
of -30 degrees. The results indicate that the minimum energy consumption occurs ata WWR
of 0.3. Furthermore, a comparative analysis of energy consumption was conducted with
respect to the window-to-wall ratio for a building with a floor area of 100 m?, east—west
dimensions of 14.142 m, north—south dimensions of 7.07 m, and an aspect ratio of 2, oriented
at an azimuth of -30 degrees. The results indicate that the minimum energy consumption
occurs at a WWR of 0.3. The results for the mentioned building, oriented at an azimuth of -

15 degrees, indicate that the minimum energy consumption occurs at a WWR of 0.3
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Figure 4-16. Comparative analysis of energy consumption based on the window-to-wall ratio for a

100 m? building with east—west dimensions of 14.142 m, north—south dimensions of 7.07 m
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Furthermore. The results for a building with a floor area of 100 m?, east—west dimensions of
14.142 m, north—south dimensions of 7.07 m, and an aspect ratio of 2, oriented at an azimuth
of 0 degrees indicate that the minimum energy consumption occurs at a WWR of 0.3. Also,
the best window-to-wall ratio for a building with a floor area of 100 m? east—west
dimensions of 14.142 m, north—south dimensions of 7.07 m, and an aspect ratio of 2, oriented
at an azimuth of 15 degree based on minimum energy consumption is at a WWR of 0.3.
Furthermore, a comparative analysis of energy consumption was conducted with respect to
the window-to-wall ratio for a building with a floor area of 100 m?, east—west dimensions of
14.142 m, north—south dimensions of 7.07 m, and an aspect ratio of 2, oriented at an azimuth
of 30 degrees. The results indicate that the minimum energy consumption occurs at a WWR
of 0.3. The results for the mentioned building, oriented at an azimuth of 45 degrees indicate

that the minimum energy consumption occurs at a WWR of 0.3 (Figure 4-16; Figure 4-17).
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Figure 4-17. Comparative analysis of the optimal window-to-wall ratio for a building with a floor
area of 100 m?, east—west dimensions of 7.07 m, north—south dimensions of 14.142 m, and an aspect

ratio of 0.5 at various orientation angles.

Furthermore, a comparative analysis of energy consumption was conducted with respect to
the window-to-wall ratio for a building with a floor area of 150 m?, east—west dimensions of

8.66 m, north—south dimensions of 17.32 m and the results are presented (Figure 4-18).
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Figure 4-18. Comparative analysis of energy consumption based on the window-to-wall ratio for a

150 m? building with east-west dimensions of 8.66 m, north—south dimensions of 17.32 m

191



For a building with a floor area of 150 m?, east-west dimensions of 8.66 m, north—south
dimensions of 17.32 m, and an aspect ratio of 0.5, oriented at an azimuth of -45 degrees, the
results indicate that the minimum energy consumption occurs at a window-to-wall ratio of
0.6. In addition, based on the reults, for a building with a floor area of 150 m?, east—-west
dimensions of 8.66 m, north—south dimensions of 17.32 m, and an aspect ratio of 0.5,
oriented at an azimuth of -30 and -15 degrees, the minimum energy consumption occurs at
a WWR of 0.6. Also, for a building with a floor area of 150 m?, east—west dimensions of
8.66 m, north—south dimensions of 17.32 m, and an aspect ratio of 0.5, oriented at an azimuth
of 0, 15 and 30 degrees, the minimum energy consumption occurs at a WWR of 0.7. In
addition, based on the results, for the building mentioned, oriented at an azimuth of 45

degrees, the minimum energy consumption occurs at a WWR of 0.6 (Figure 4-19).

Best WWR Based on Minimum Energy Consumption For Each Orientation Angle
4 (EW: 8.66m; NS: 17.32m)
0.8
0.7
0.6
0.5

04

0.3

WWR of the North Facade

0.2

0.1

-45 -30 -15 0 15 30 45
Orientation Angle (Degree)

Figure 4-19. Comparative analysis of the optimal window-to-wall ratio for a building with a floor
area of 150 m?, east—west dimensions of 8.66 m, north—south dimensions of 17.32 m, and an aspect

ratio of 0.5 at various orientation angles.

In this section, a comparative analysis of energy consumption was conducted with respect
to the window-to-wall ratio for a building with a floor area of 150 m?, east-west and north—
south dimensions of 12.247 m, and an aspect ratio of 1. The results are presented below

(Figure 4-20).
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Figure 4-20. Comparative analysis of energy consumption based on the window-to-wall ratio for

a 150 m? building with east—west and north—south dimensions of 12.247 m
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Based on the results of the comparative analysis, the best WWR for a building with a floor
area of 150 m?, east—west and north—south dimensions of 12.247 m, and an aspect ratio of
1, oriented at an azimuth of -45 degrees is 0.4. In addition, for the mentioned building,
oriented at an azimuth of -30, -15 and 45 degrees, the minimum energy consumption occurs
at a WWR of 0.6. Furthermore, comparative analysis of energy consumption for a building
with a floor area of 150 m?, east—west and north—south dimensions of 12.247 m, and an
aspect ratio of 1, oriented at an azimuth of 0, 15 and 30 degrees, indicate that the minimum
energy consumption occurs at a WWR of 0.7. The weakest window-to-wall ratio for the
building mentioned based on energy performance is 0.9 and 0.1. This indicates that too much
reduction and too much increase in the window-to-wall ratio will increase energy

consumption (Figure 4-21).

Best WWR Based on Minimum Energy Consumption For Each Orientation Angle
A (EW: 12.24m;NS: 12.24m)

0.8
0.7
0.6
0.5
0.4

0.3

WWR of the North Facade

0.2

0.1

(=]
L J

-45 -30 -15 0 15 30 45
Orientation Angle (Degree)

Figure 4-21. Comparative analysis of the optimal window-to-wall ratio for a building with a floor
area of 150 m?, east—-west dimensions of 12.247 m, north—south dimensions of 12.247 m, and an

aspect ratio of 1 at various orientation angles.

Furthermore, a comparative analysis of energy consumption was conducted with respect to
the window-to-wall ratio for a building with a floor area of 150 m?, east—west dimensions of
17.321 m, north—south dimensions of 8.66 m, and an aspect ratio of 2. The results of this

comparative study are presented below (Figure 4-22).
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Figure 4-22. Comparative analysis of energy consumption based on the window-to-wall ratio for a

150 m? building with east—-west dimensions of 17.321 m, north—south dimensions of 8.66 m
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Based on the comparative analysis of energy consumption for a building with a floor area
of 150 m?, east—west dimensions of 17.321 m, north-south dimensions of 8.66 m, and an
aspect ratio of 2, oriented at an azimuth of -45 degrees, the results indicate that the minimum

energy consumption occurs at a WWR of 0.2 (Figure 4-23).
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Figure 4-23. Comparative analysis of the optimal window-to-wall ratio for a building with a floor
area of 150 m?, east—west dimensions of 17.321 m, north—south dimensions of 8.66 m, and an aspect

ratio of 2 at various orientation angles.

In addition, based on the reults of the comparative analysis of energy consumption was
conducted with respect to the window-to-wall ratio for the mentioned building, oriented at
an azimuth of -30, -15, 0, 15, 30 and 45 degrees, the results indicate that the minimum energy
consumption occurs at a WWR of 0.3. Additionally, the weakest window-to-wall ratio for
the building mentioned based on energy performance is 0.9. This indicates that too much

increase in the window-to-wall ratio will increase energy consumption (Figure 4-24).

In this section, a comparative analysis of energy consumption based on the window-to-wall
ratio was conducted for a building with a floor area of 200 m?, east—west dimensions of 10
m, north—south dimensions of 20 m. The results of this comparative study are presented in

the form of graphs below. The results of this section also confirm the previous results.
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Figure 4-24. Comparative analysis of energy consumption based on the window-to-wall ratio for a

building with a floor area of 200 m?, east—west dimensions of 10m, north—south dimensions of 20 m
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Based on the reults of the simulation for the building with a floor area of 200 m?, east—west
dimensions of 10 m, north—south dimensions of 20 m, and an aspect ratio of 0.5 at an
orientation angle of -45°, the lowest energy consumption corresponds to a window-to-wall
ratio of 0.5 and for the mentioned building at an orientation angle of -30°, the lowest energy
consumption corresponds to a window-to-wall ratio of 0.6. Additionally, the lowest energy
consumption for a building with a floor area of 200 m?, east—-west dimensions of 10 m, north—
south dimensions of 20 m, and an aspect ratio of 0.5 at an orientation angle of -15°, 0°, 15°,
30° and 45°, corresponds to a window-to-wall ratio of 0.7. Furthermore, the weakest WWR
for the building mentioned based on energy performance is 0.1. This indicates that too much

reduction in the WWR will increase energy consumption (Figure 4-25).
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Figure 4-25. Comparative analysis of the optimal window-to-wall ratio for a building with a floor
area of 200 m?, east—west dimensions of 10 m, north—south dimensions of 20 m, and an aspect ratio

of 0.5 at various orientation angles.

Additionally, a comparative analysis of energy consumption based on the window-to-wall
ratio was conducted for a building with a floor area of 200 m?, east—west dimensions of
14.142 m, north—south dimensions of 14.142 m, and an aspect ratio of 1 at various
orientation angles. The results of this comparative study are presented in the form of graphs

below. The results of this section also confirm the previous results (Figure 4-26).
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Figure 4-26. Comparative analysis of energy consumption based on the WWR for a building with a

floor area of 200 m?, east—west dimensions of 14.14 m, north—south dimensions of 14.14 m
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Based on the reults of the Comparative analysis for the building with a floor area of 200 m?,
east—west dimensions of 14.14 m, north—south dimensions of 14.14 m, and an aspect ratio
of 1 at an orientation angle of -45°, the lowest energy consumption corresponds to a window-
to-wall ratio of 0.4 and 0.3. and for the mentioned building at an orientation angle of -30°,
the lowest energy consumption corresponds to a window-to-wall ratio of 0.4 and 0.5
respectively. Additionally, the lowest energy consumption for a building with a floor area
of 200 m?, east—west dimensions of 14.142 m, north—south dimensions of 14.142 m, and an
aspect ratio of 1 at an orientation angle of -15°, 0°, 15°, 30° and 45°, corresponds to a
window-to-wall ratio of 0.5. Furthermore, the weakest window-to-wall ratio for the building
mentioned based on energy performance is 0.1. This indicates that too much reduction in

the window-to-wall ratio will increase energy consumption (Figure 4-27).
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Figure 4-27. Comparative analysis of the optimal window-to-wall ratio for a building with a floor
area of 200 m?, east—-west dimensions of 14.142 m, north—south dimensions of 14.142 m, and an

aspect ratio of 1 at various orientation angles.

In this section, a comparative analysis of energy consumption based on the window-to-wall
ratio was conducted for a building with a floor area of 200 m?, east—west dimensions of 20
m, north—south dimensions of 10 m, and an aspect ratio of 2 at various orientation angles.

The results are presented in the form of graphs below (Figure 4-28).
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Figure 4-28. Comparative analysis of energy consumption based on the window-to-wall ratio for a

building with a floor area of 200 m?, east—west dimensions of 20m, north—south dimensions of 10 m
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Based on the results, the lowest energy consumption for a building with a floor area of 200
m?, east—west dimensions of 20 m, north—south dimensions of 10 m, and an aspect ratio of
2, at an orientation angle of -45°, -30°, -15°, 0°, 30° and 45°, corresponds to a window-to-

wall ratio of 0.3 (Figure 4-29).

Best WWR Based on Minimum Energy Consumption For Each Orientation Angle
A (EW: 20m; NS: 10m)
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Figure 4-29. Comparative analysis of the optimal window-to-wall ratio for a building with a floor
area of 200 m?, east—-west dimensions of 20 m, north—south dimensions of 10 m, and an aspect ratio

of 2 at various orientation angles.

In this section, a comparative analysis of energy consumption based on the window-to-wall
ratio was conducted for a building with a floor area of 200 m?, east—west dimensions of 20
m, north—south dimensions of 10 m, and an aspect ratio of 2 at an orientation angle of 15°.
The lowest energy consumption corresponds to a window-to-wall ratio of 0.4. Additionally,
the weakest window-to-wall ratio for the building mentioned based on energy performance
is 0.9. This indicates that too much increase in the window-to-wall ratio will increase energy

consumption (Figure 4-30).

Based on the results, for a building with a floor area of 100 m?, east—west dimensions of
7.07 m, north—south dimensions of 14.142 m, and an aspect ratio of 0.5, for orientation
angles ranging from -15° to 15°, a window-to-wall ratio of 0.6 is recommended for the north-

facing fagade in Melbourne. Additionally, for a building with a floor area of 100 m?, east—
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west dimensions of 10 m, north—south dimensions of 10 m, and an aspect ratio of 1, for
orientation angles ranging from -15° to 15°, a window-to-wall ratio of 0.4 is recommended
for the north-facing fagade in Melbourne. For a building with a floor area of 100 m?, east—
west dimensions of 14.142 m, north—south dimensions of 7.07 m, and orientation angles
ranging from -15° to 15°, a window-to-wall ratio of 0.3 is recommended for the north-facing
facade in Melbourne. The optimal window-to-wall ratio for the north-facing facade in
Melbourne, for a building with a floor area of 150 m?, east—west dimensions of 8.66 m,
north—south dimensions of 17.32 m, and an aspect ratio of 0.5, for orientation angles ranging
from -15° to 15°, is recommended to be between 0.6 and 0.7. A comparative analysis of the
window-to-wall ratio for a building with a floor area of 150 m?, east—west dimensions of
12.247 m, north—south dimensions of 12.247 m, and an aspect ratio of 1, showed that for
orientation angles ranging from -15° to 15°, a window-to-wall ratio of 0.6 to 0.7 is
recommended for the north-facing facade in Melbourne. For a building with a floor area of
150 m?, east—west dimensions of 17.321 m, north—south dimensions of 8.66 m, and an aspect
ratio of 2, for orientation angles ranging from -15° to 15°, a window-to-wall ratio of 0.3 is
recommended for the north-facing facade in Melbourne. For a building with a floor area of
200 m?, east—west dimensions of 10 m, north-south dimensions of 20 m, and orientation
angles ranging from -15° to 15°, a window-to-wall ratio of 0.7 provides optimal energy
performance for the north-facing facade in Melbourne. Additionally, the optimal window-
to-wall ratio for the north-facing facade in Melbourne, for a building with a floor area of 200
m?, east—-west dimensions of 14.142 m, north—south dimensions of 14.142 m, and orientation
angles ranging from -15° to 15°, is recommended to be 0.5. A comparative analysis of the
window-to-wall ratio for a building with a floor area of 200 m?, east—west dimensions of 20
m, north—south dimensions of 10 m, at various orientation angles, showed that, in general,
for angles ranging from -15° to 15°, a window-to-wall ratio of 0.3 to 0.4 is recommended

for the north-facing fagade in Melbourne.

4-5 Summary

In this chapter, the findings of the research are elucidated and examined. The results of this
study, adopting a quantitative approach, are based on coding, simulation, optimization, and
modelling processes. Accordingly, the findings are presented in two main sections: the
results of modelling the energy performance of the external shell of residential buildings and

the optimization of the energy performance of the external shell of residential buildings.
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Overall, this research involved an energy performance optimization process, 8 linear
modelling processes, and 8 nonlinear modelling processes for various energy performance
components, along with several analytical processes. In this context, over 6,000 simulations
of the specifications and energy performance of residential buildings have been conducted.
Additionally, a generative design algorithm for the external shell of residential buildings has
been defined based on its spatial layout characteristics, which can effectively explore the

solution space of a residential building.

Based on the results and analyses, the specifications of the residential building can be
defined according to the optimization of three performance objectives: cooling demand per
square meter, heating demand per square meter, and daylight factor. During the energy
performance simulation of the residential building, the specifications of the materials used
in common single-story residential buildings in Melbourne were extracted. Furthermore, a
validation process of the energy simulation using Ladybug Tools was conducted by

comparing the results with actual energy consumption.

Based on the findings, 8 predictive models for the energy performance of single-story
residential buildingss with a high confidence level of over 95% have been developed. These
models can be utilized in the urban planning of various areas in Melbourne. Additionally,
they can serve as the basis for developing artificial intelligence tools aimed at predicting
energy performance based on building specifications. In the following chapter, a discussion

of the findings and conclusions of the research will be presented.
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Chapter 5: Summary, Conclusion, Recommendations
5-1- Introduction

This research aims to optimize the spatial layout of a typical single-story house in Melbourne
based on Building Energy Performance (BEP) through a Performative Computational
Architecture (PCA) framework. The study adopts a quantitative approach grounded in
coding, simulation, optimization, and modeling of the results. In the previous chapter, the
findings were presented in two main sections. Based on those findings, this chapter
summarizes the research results and then discusses and analyzes them. Subsequently, these
results are compared with the findings of previous studies, and the potential factors
influencing the achievement of such results are discussed. Finally, a general conclusion is

drawn, and recommendations derived from the research are presented.

5-2- Analysis of the research results

In this section, a summary of the findings and results is initially presented, followed by an
analysis of these results. Based on this, in the previous chapter, the findings were presented
in two parts: modelling the energy performance of residential buildings and optimizing the
energy performance of residential buildings. This ultimately led to the development of a set
of predictive models for energy performance and building geometric specifications to

improve energy performance. Accordingly, this section focuses on analysing these findings.

5-2-1- Analysis of the results of energy performance modeling for residential
buildings

This section provides a summary and analysis of the results from the parametric simulation
process of the building envelope for a residential building. After preparing the model, the
initial step involved validating the generative design model of the building envelope by
comparing simulation predictions with actual observations. The results of this validation
revealed an average discrepancy of 1.3% between the algorithm's predictions and actual
energy consumption. Based on this, the modelling results of the study, with an accuracy of
96.9%, can reflect the actual energy performance of residential buildings. Accordingly, a
total of 3,584 single-story building morphologies were simulated for energy performance

based on the climatic conditions of Melbourne.

206



According to the simulations, an increase in the building area leads to an increase in total
energy consumption while reducing energy consumption per square meter. Additionally, in
general, reducing the height of the building decreases energy consumption, while increasing
the height improves daylight performance. Based on the findings, by altering the physical
characteristics of the building as proposed in the study, it is possible to achieve changes in
energy consumption of up to 71 kWh per square meter and approximately 34% in total
annual energy consumption per square meter for the residential building. Furthermore,
modifications in the building's physical characteristics as suggested in this study could result
in changes of up to 2 kWh per square meter (around 9%) in cooling demand and up to 70

kWh per square meter (around 80%) in heating demand per square meter.

Subsequently, a correlation analysis conducted between the physical variables and
performance objectives is briefly presented and analysed. Based on the correlation analysis
findings, the highest correlations between performance objectives and physical factors are
observed in the relationship between the floor area and energy consumption and cooling
demand, with coefficients of 0.993 and 0.998, respectively. Similarly, the window area also
correlates with energy consumption and cooling demand per square meter with coefficients
of 0.993 and 0.998. Therefore, floor area and window area are identified as two critical

factors that could be used for regulatory purposes.

Next, to model the energy performance objectives, a curvilinear regression analysis was
performed between each energy performance objective of the residential building and its
physical factors, and a model for each one-to-one relationship was developed. The findings
from the curvilinear regression analysis indicate that in most relationships, the linear
equation serves as a suitable model among the fitted models for the one-to-one relationships.
Based on this, both linear and nonlinear models of the residential building's energy
performance objectives, as dependent variables, and the physical factors of the residential

building, as independent and predictive variables, have been evaluated.

Based on the conducted tests, the linear equation derived from the linear regression test, with
a confidence level of over 99%, predicts approximately 99.9% of the energy consumption
of the residential building per square meter. Additionally, the equation resulting from the
nonlinear regression test, with a confidence level of over 95%, predicts 100% of the total
energy consumption of the residential building. Accordingly, the nonlinear equation

provides a slightly better prediction of total energy consumption by about 0.1%. Thus, the
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nonlinear model is considered to better fit the total energy consumption of the residential

building.

Based on the results for energy consumption per square meter, the equation from the linear
regression test, with a confidence level of over 99%, predicts 95.9% of the energy
consumption of the residential building per square meter. Meanwhile, the nonlinear equation
derived from the physical factors of the single-story residential buildings, with a confidence
level of over 95%, predicts 99.8% of the energy consumption of the residential building per
square meter. Consequently, the nonlinear equation offers a better prediction by
approximately 3.9%. Therefore, it can be concluded that the nonlinear model for energy

consumption per square meter of the residential building is deemed more fitting.

Regarding the findings for total cooling demand, the linear equation based on the physical
factors of the residential building, with a confidence level of over 99%, predicts
approximately 99.8% of the total cooling demand of the residential building. Similarly, the
nonlinear regression test equation, with a confidence level of over 95%, also predicts 99.8%
of the cooling demand of the residential building. Hence, the nonlinear and linear equations
provide identical predictions for the cooling demand of the residential building, suggesting
that both the nonlinear and linear models are considered suitable for the total cooling demand

of the residential building.

Further, based on the simulation results for the cooling demand per square meter of the
residential building, derived from the physical factors of the residential building, the linear
equation, with a confidence level of over 99%, predicts only 59.3% of the cooling demand
per square meter. In contrast, based on the nonlinear regression results for cooling demand
per square meter, the derived equation, with a confidence level of over 95%, predicts 96.2%
of the cooling demand per square meter of the residential building. Accordingly, the
resulting nonlinear equation offers a significantly better prediction of cooling demand per
square meter, by about 36.9%. Thus, it can be concluded that the nonlinear model for cooling

demand per square meter of the residential building is considered more fitting.

Regarding heating demand results, the equation derived from the linear regression test, with
a confidence level of over 99%, predicts approximately 98.9% of the heating demand of the
residential building. Furthermore, the equation derived from the nonlinear regression test,

with a confidence level of over 95%, predicts 99.8% of the total heating demand of the
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residential building. Accordingly, the resulting nonlinear equation provides a slightly better
prediction of total heating demand by about 0.9%. Therefore, it can be concluded that the
nonlinear model for the total heating demand of the residential building is considered more

fitting.

In relation to heating demand per square meter, the equation derived from the linear
regression test, with a confidence level of over 99%, predicts approximately 96.4% of the
heating demand per square meter of the residential building. Meanwhile, the equation
derived from the nonlinear regression test, with a confidence level of over 95%, predicts
99.2% of the heating demand per square meter of the residential building. Based on these
findings, the resulting nonlinear equation offers a more precise prediction of heating demand
per square meter, by about 2.8%. Hence, it can be concluded that the nonlinear model for

heating demand per square meter of the residential building is considered more fitting.

Regarding lighting demand results, the equation derived from the linear regression test, with
a confidence level of over 99%, predicts approximately 100% of the lighting demand of the
residential building. Similarly, the equation derived from the nonlinear regression test, with
a confidence level of over 95%, also predicts 100% of the total heating demand of the
residential building. Therefore, both the nonlinear and linear equations provide identical
predictions for the lighting demand of the residential building, suggesting that both the
nonlinear and linear models are considered suitable for the total lighting demand of the
residential building. The results of these two groups of energy performance objective models

and their specific characteristics are presented in the table 5-1.

Regarding the useful daylight illuminance, the linear regression equation predicts
approximately 95.7% of the changes in the average useful daylight illuminance, with a
confidence level of over 99%. The nonlinear regression equation predicts 97.4% of the
useful daylight illuminance of the residential building per square meter, with a confidence
level of over 95%. Thus, the nonlinear equation provides approximately 1.7% more accurate
prediction of the useful daylight illuminance per square meter of the residential building.
Therefore, it can be concluded that the nonlinear model for the average useful daylight

illuminance of the residential building is considered more accurate.

Regarding the average daylight factor, the linear regression equation predicts approximately

96.9% of the changes in the average daylight factor, with a confidence level of over 99%.

209



The nonlinear regression equation predicts 96.1% of the average daylight factor of the
residential building, with a confidence level of over 95%. Thus, the linear equation provides
approximately 0.8% more accurate prediction of the average daylight factor. Therefore, it
can be concluded that the linear model for the average daylight factor of the residential

building is considered more accurate.

Table 5-1: Linear and Nonlinear Equations for Energy Performance Objectives of the Study

GE = —4580.788 + (141.485 x EW) + (340.867 x NS) + (2027.022 x H) — (5.221 x D)
+(9.063 x V) — (632.830 x WWR) + (203.657 x WW) 99.9 ¢,
— (1560.292 X WH) + (877.495 x WA)
GE = —3022.149 + (43.835 x EW136%) + (252.913 x NS*926) + (45.943 x A)
+ (359.905 x 1.647") + (—5.221 x D) + (0.377 x D?) 100 %
+ (30.581 x V0853) + (350.145 x WWR~°819) °
+ (0.002 x WW*490) 4+ (0.216 X WH57%°) + (459.515 x WA)
GEPA = 154.609 — (3.615 X EW) + (9.329 x NS) + (46.781 x H) — (0.023 x D)
+(0.010 X V) — (90.658 X WWR) + (6.626 x WW) 95.9 %
— (105.993 x WH) — (1.741 x WA)

GEPA = 0.802 + (—30.154 / EW) + (468.803 / NS) + (—288.025 x A°151)
+ (—0.029 x —6.066") + (—0.023 x D) + (0.002 x D?) 99.8 %
+(380.597 x logV) + (2.514 / WWR) + (381.321 / WW) 0 70
+(=91.027 / WH) + (=199.147 x WA®1*7)

CE = —44.671 + (1.302 x EW) — (8.762 x NS) — (13.429 x H) — (2.873 x D)
+(0.038 x V) + (68.857 x WWR) + (5.869 x WW) 99.8 %
+(85.233 X WH) + (195.542 x WA)

CE = 2348.056 + (—106.063 x EW°%38) + (74.660 x NS%01) + (4.304 x A1017)
+(=0.001 x 10.541) + (—2.873 x D) + (7.091 x V05%%) 99.8 %
+ (—2404.608 x WWR®25) + (63.288 x WW79%) 0 70
+(—83.279 X WH®?2) + (126.456 X WA°17)

CEPA = 20.418 — (0.016 X EW) + (0.043 x NS) + (0.136 x H) — (0.012 x D)

—(0.630 Xx WWR) + (0.048 x WW) — (0.539 x WH) 59.3 %
—(0.018 x WA)
CEPA = 14284.310 + (—0.274 x EW) + (—3452.202 x NS~°002) 4 (0.021 x A~258)
+ (46.325 x 1.002H) + (—0.012 X D) + (—1924.031 x V~0003) 96.2 %
. 0

+(—0.098 x WIWR347) + (1.085 x 1.006"")
+ (=4126.519 x WH®%%) + (—4833.290 X WA**°)

HE = —4536.123 + (140.183 X EW) + (349.627 x NS) + (2040.449 x H) — (2.347 x D)
+(9.025 x V) — (701.670 X WWR) + (197.785 x WW) 98.9 %
— (1645.514 x WH) — (280.074 x WA)

HE = —13098.801 + (604.096 x 1.0715W) + (553.985 x 1.063") + (—227.868 x A621)

+(0.797 x H>%7%) + (—2.347 x D) + (0.293 x D?)
+ (167.483 x V0057) 4 (1.643 x WWR™3254) 99.8 %
+(8936.631 x WW083) 4 (2641.833 x 1.258"H)
+ (=611.251 x WA%617)
HEPA = 37.988 — (3.599 x EW) + (9.286 X NS) + (46.645 x H) — (0.011 x D)
+(0.010 x V) — (90.028 x WWR) + (6.578 x WW) 96.4 %
— (105.454 x WH) — (1.723 x WA)
HDPA = —19.213 + (92.691 / FN) + (—39.599 x EW %) 4 (e_n5154+(0730/NS))
+(0.002 x D) + (0.001 x D?) + (3.498 x UH3¢2)
+ (—81.091 x A%078) + (1.002 x BV *26%) 99.3 2,
+ (e_n5.193+ (0.0M/WLR)) + (—71.646 X SWWO.O&S) . (1)
+ (3.288 X SWH'15) 4 (—84.400 x NWW *°¢?)
+(2.278 x NWH38%)

LE = —(3.459E — 5 x EW) + (5.873E — 5 X NS) + (6.551E — 5 X H) + (7.767E — 7 X V) 100 %

— (0.001 X WWR) + (42.431 x WA) °
LE = =2.621E — 5 + ((~1.530E — 13) x EW) + ((=5.783E — 12) X NS) + (4.243 x A)
+ ((9.827E — 6) x V=3550E=7) 4 ((3.828E — 5) X WWR?363E=6) 100 %
+ (—2517E — 5 x WW ~1365E-6) 4 ((2.476E — 11) X WH) °
+ ((3.276E — 6) x WA?855E-6)
UDIA = 97.605 — (2.935 X EW) — (8.425 x NS) — (15.559 x H) + (0.015 x D)
+(0.017 X V) — (25.144 X WWR) + (3.965 X WW) 95.7 %
+ (68.794 X WH) + (0.066 X WA)

UDIA = 139.180 + (—16.632 X EW®73%) 4+ (=3.616 X NS) + (—1065.194 / A)
+(—42.501 / H) + (0.015 X D) + (4453.090 / V) 97.4 %
+(=101.211 X WWR) + (17.195 x WW) + (=0.551 X WIW'2) 70
+(0.008 X WW?) + (77.554 x logWH) + (0.708 / WA)

DAA = 44.677 — (0320 X EW) + (0.509 X NS) + (23.915 X H) + (0.033 x D)
—(0.002 x V) + (3.701 x WWR) — (0.902 x WW) 96.9 %
— (40.217 X WH) + (0.822 x WA)

DAA = —15592.661 + (6778.397 X EW®°%%) + (524.188 x log NS) + (685059.409 / A)
+(718.180 x H%161) + (5216.455 X 1°) + (—8598.934 / V) 96.1 %
+(2318.205 X WWR™%%21) 4 (~1.839 x WW) Lo
+(=819.127 X logWH) + (—67992.515 / WA)
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As mentioned, all nonlinear equations provide more accurate predictions of the energy
performance objectives and have been deemed more suitable. Accordingly, the final energy
performance equations based on the nonlinear model are presented below. Therefore, the
final equation for predicting the total energy consumption of the residential building (GE)

1s as follows:

GE = —3022.149 + (43.835 x EW136%) + (252.913 x NS%926) 4 (45.943 X A)
+(359.905 x 1.6477) + (=5.221 x D) + (0.377 x D?) + (30.581 x V0853)
+ (350.145 x WWR™%819) 4 (0.002 x WW*490) + (0.216 x WH®729)
+ (459.515 x WA)

Additionally, the final equation for predicting the energy consumption of the residential

building per square meter (GEPA) is provided as follows:

GEPA = 0.802 + (—30.154 / EW) + (468.803 / NS) + (—288.025 x A%151)
+ (=0.029 x —6.066") + (—0.023 x D) + (0.002 x D?) + (380.597 x logV)
+ (2.514 / WWR) + (381.321 / WW) + (=91.027 / WH)
+ (—199.147 x WA%147)

The final equation for predicting the cooling demand of the residential building (CE) is

provided as follows:

CE = 2348.056 + (—106.063 x EW%438) 4+ (74.660 x NS-*401) + (4.304 x A1-017)
+(—0.001 x 10.541") + (—2.873 X D) + (7.091 x V0-59%)
+ (—2404.608 x WWR®025) 4+ (63.288 x WIW2794)
+(—83.279 x WH?%%2) 4 (126.456 x WA'17)

Additionally, the final equation for predicting the cooling demand of the residential building

per square meter (CEPA) is provided as follows:

CEPA = 14284310 + (—0.274 X EW) + (—3452.202 x NS~%002) 4 (0.021 x A2548)
+ (46.325 x 1.002"") + (—=0.012 x D) + (—1924.031 x V' ~0-003)
+ (—0.098 x WWR'3*7) + (1.085 x 1.006"")
+ (—4126.519 x WH®903) 4 (—4833.290 x WA%001)

The final equation for predicting the heating demand of the residential building (HE) is provided as

follows:

HE = —13098.801 + (604.096 x 1.0715") + (553.985 x 1.063"5)
+ (—227.868 x A%621) + (0.797 x H>7%) + (—2.347 x D)
+(0.293 x D?) + (167.483 x V9657) + (1.643 x WWR™3254)
+ (8936.631 x WIW9083) 4 (2641.833 x 1.258WH)
+ (—611.251 x WA%617)
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Additionally, the final equation for predicting the heating demand of the residential building
per square meter (HEPA) is provided as follows:

HDPA = —19.213 + (92.691 / FN) + (—39.599 x EW998) + (e_n5.154 +(0.730/NS))
+(0.002 x D) + (0.001 x D?) + (3.498 x UH3%2)
+ (—81.091 x A0.078) + (1.002 x BV0.264) + (e_n5'193 + (0.044/WLR))
+ (=71.646 x SWW%085) 4 (3.288 x SWH315)
+ (—84.400 x NWW0069) + (2.278 x NWH?*-386)

e_n = 2.718281828459045235360287471352
Additionally, the final equation for predicting the lighting demand of the residential
building (LE) is provided as follows:

LE = —2.621E — 5 + ((—1.530E — 13) x EW) + ((=5.783E — 12) X NS) + (4.243 x A)
+((9.827E - 6) x V=355%57) + ((3.828E — 5) x WWRZ3638-¢)
+ (—2.517E — 5 x WW ~1365E=6) 4 ((2.476E — 11) X WH)
+((3.276E — 6) x WA28555=6)
Additionally, the final equation for predicting the average useful daylight illuminance of
the residential building (UDIA) is provided as follows:
UDIA = 139.180 + (—16.632 X EW°738) + (—3.616 x NS) + (—1065.194 / A)
+ (—=42.501 / H) + (0.015 X D) + (4453.090 / V) + (—101.211 x WWR)

+ (17.195 X WW) + (—=0.551 X WW?2) + (0.008 x WW?3)
+ (77.554 x logWH) + (0.708 / WA)

Additionally, the final equation for predicting the average daylight factor of the residential

building (DAA) is provided as follows:

DAA = 44.677 — (0.320 X EW) + (0.509 X NS) + (23.915 X H) + (0.033 x D) — (0.002 X V)
+ (3.701 x WWR) — (0.902 x WW) — (40.217 x WH) + (0.822 X WA)

In these equations, the physical factors include the dimensions of the east-west side (EW),

the dimensions of the north-south side (NS), the height of the space (H), the orientation of

the building (D), the floor area of the building (A), the volume of the building (V), the

window-to-wall ratio of the building (WW), the width of the north-facing window of the

building (WW), the height of the north-facing window of the building (WH), and the height

of the north-facing window of the building (WA).

5-2-2- Analysis of the Results of Energy Performance Optimization for
Residential building

The following section focuses on the analysis of the results from optimizing the energy

performance of the building envelope for residential buildings. In this regard, an
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optimization process was conducted on the energy performance of the building envelope of
single-story residential buildingss. In the optimization process, the steps were defined with
smaller intervals to achieve more precise outcomes. According to the findings, three
performance objectives—cooling demand per square meter, heating demand per square
meter, and Useful Daylight Illuminance (UDI)—exhibited conflicting behaviors with each
other (Figure 5-1).

The results indicated that the building's floor area is the most critical factor influencing the
building's energy performance. This factor significantly affects the impact of other factors
in the optimization process. Moreover, the influence of this factor is largely predictable due
to its high correlation with energy performance objectives. Generally, as the floor area
increases, the total energy consumption also increases, while energy consumption per square

meter decreases. The impact of this factor on energy consumption is illustrated in the chart.

Deccrease in Total Energy Increase in Total Energy
Consumption . . Consumption
Decreasing Increasing
Increase in Energy Consumption Floor Area Floor Area Decrease in Energy Consumption
per Square Meter per Square Meter

Figure 5-1. Analysis of the Impact of Floor Area on Energy Performance Based on Results

The results showed that the height of the building space also significantly impacts the
building's energy performance. Generally, an increase in the floor area leads to higher total
energy consumption as well as increased energy consumption per square meter. The effect

of this factor on energy consumption is illustrated in the chart (Figure 5-2).

Decrease in Total Energy Increase in Total Energy
Consumption . ) Consumption
Decreasing Increasing
Decrease in Energy Consumption Height Height Increase in Energy Consumption
per Square Meter per Square Meter

Figure 5-2. Analysis of the Impact of Space Height on Energy Performance Based on Results

Overall, the findings indicate that a north-south elongation of the floor area improves cooling
demand per square meter. Conversely, an east-west elongation of the floor area enhances

heating demand per square meter. Additionally, a length-to-width ratio close to one,
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combined with limited east-west elongation, leads to an improvement in the Useful Daylight

[Mluminance (UDI) index (Figure 5-3).

Improvement in Cooling North-South East-West Improvement in Heating

Performancec Elongation Elongation Performancec

Figure 5-3. Analysis of the Impact of Elongation on Energy Performance Based on Results

Overall, the findings indicate that the orientation angle has a significant impact on energy
performance. The results suggest that aligning the building's orientation closer to zero
degrees (i.e., true north) generally leads to reduced energy consumption. Additionally, a
positive orientation angle tends to improve daylight performance. This implies that carefully
considering and optimizing the building's orientation can enhance both energy efficiency

and daylight access (Figure 5-4).

Decrease in Total Energy Increase in Total Energy
) i Consumption
Consumption AmiClockwise Clockwise P
Decrease in Energy Consumption Orientation Orientation Increase in Energy Consumption
per Square Meter per Square Meter

Figure 5-4. Analysis of the Impact of orientation on Energy Performance Based on Results

Therefore, in general, increasing the floor area while maintaining an orientation angle close
to zero degrees, along with reducing the building height and achieving a length-to-width
ratio close to one, with limited east-west elongation, can lead to optimized energy
performance. This approach combines favorable factors to enhance overall energy efficiency

and effectiveness.

The following is an examination of 2D diagrams between area, height, elongation, and
orientation. These diagrams can provide good guidance for the design process. Based on the
studies conducted, it is possible to define patterns of residential unit energy performance
based on spatial configuration factors of single-story residential buildings. First, a diagram
is presented based on the impact of two factors, building height and area, on residential unit
energy consumption. This diagram defines four zones for the building, which are defined by

the colors green (desirable) and red (undesirable).
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Figure 5-5. Analysis of the Impact of physical elements on Energy Performance Based on Results

Another diagram also considers the interaction between the building's area and elongation.
This diagram provides a framework for the designer to explain his approach to
environmental conditions. Next, the two-dimensional bivariate studies of orientation and

area, elongation and height, orientation and height, and orientation and elongation are
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outlined. Below, a diagram is presented based on the effect of two factors: the height of the
interior spaces and the angle of orientation relative to the north-south axis of the building on

the energy performance of the residential unit (Figure 5-6).

Height of Space

Reducing Total Energy Consumption Reducing Total Energy Consumption

Reducing Energy C: ption per Square Meter v Reducing Energy Consumption per Square Meter
Increasing in the Useful Daylight Illuminance Index Optimum Increasing in the Useful Daylight [lluminance Index
- Zone o -
- +
Minimum Height at Zero Orientation Angle Orientation Angle

Figure 5-6. Analysis of the Impact of Height of Space and Orientation of Building on Energy and
Daylighting Performance Based on Results

Therefore, the model, for any given area of the southern apartments, the inclination to a zero-
degree angle relative to the north axis and the reduction of the height of the interior spaces
leads to the optimization of energy performance based on total energy consumption, energy
consumption per square meter, and the useful daylight index, and while improving daylight

performance, reduces energy consumption.

Height of Space

Reducing Total Energy Consumption
Reducing Energy Consumption per Square Meter
Reduction in the Useful Daylight Illuminance Index

——————————— - Opﬁmum
Zone

Building Area
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Figure 5-7. Analysis of the Impact of Height of Space and Area of Building on Energy and
Daylighting Performance Based on Results
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Also, a diagram is presented based on the effect of two factors: the height of the interior
spaces and the area of the building's infrastructure on the energy consumption of the

residential unit (Figure 5-7).

5-2-2- Analysis of the optimal WWR at each building orientation angle

In this section, a comparative analysis of the window-to-wall ratio (WWR) for buildings
with varying floor areas, aspect ratios, and orientations is presented, with a focus on
recommendations for the north-facing facade in Melbourne for orientation angles ranging

from -15° to 15° (Figure 5-8).
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Figure 5-8. Comparative analysis Model of the optimal window-to-wall ratio
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For a building with a floor area of 100 m?, the analysis covers three aspect ratios. With an
aspect ratio of 0.5 (east—west dimensions of 7.07 m, north—south dimensions of 14.142 m),
a WWR of 0.6 is recommended. For a square building with an aspect ratio of 1 (10 m by 10
m), the recommended WWR is 0.4. For an aspect ratio of 2 (east—west dimensions of 14.142
m, north—south dimensions of 7.07 m), a WWR of 0.3 is suggested. For a building with a
floor area of 150 m?, three configurations were also analyzed. With an aspect ratio of 0.5
(8.66 m by 17.32 m), a WWR 0of 0.6 to 0.7 is recommended. For an aspect ratio of 1 (12.247
m by 12.247 m), the recommended WWR is also 0.6 to 0.7. For an aspect ratio of 2 (17.321
m by 8.66 m), the recommendation drops to a WWR of 0.3. For a building with a floor area
of 200 m?, the analysis continues. With an aspect ratio of 0.5 (10 m by 20 m), a WWR of
0.7 is recommended. For an aspect ratio of 1 (14.142 m by 14.142 m), a WWR of 0.5 is
suggested. For an aspect ratio of 2 (20 m by 10 m), a WWR of 0.3 to 0.4 is recommended.

Overall, the results indicate a consistent trend: as the ratio of the east—west dimension to the
north—south dimension (the aspect ratio) increases, the optimal window-to-wall ratio for
reducing energy consumption decreases. This trend is observed across all floor areas
analyzed, including 100 m? 150 m? and 200 m?. Based on the presented findings, it is
confirmed that the window-to-wall ratio of the north-facing facade in Melbourne has a
significant impact on energy consumption. In general, the optimal window-to-wall ratio for
the north-facing facade in Melbourne ranges from 0.3 to 0.7. Overall, the optimal window-
to-wall ratio for the north-facing fagade of buildings in Melbourne is defined across various
building floor areas, aspect ratios, and energy consumption levels associated with each
window-to-wall ratio. Based on the results of this section, guidelines can be developed to

inform the national building regulations of Australia.

5-3- Discussion on Research Results

This section discusses the research findings and compares them with those from other
studies. In this study, over 6000 simulations were conducted, which is considered substantial
compared to similar research. For instance, Y1 (2016), a notable study in this field, evaluated
936 models. Furthermore, Dino and Ucoluk (2017) assessed 7200 models, the highest
number in existing studies. In this research, to enhance the accuracy of the results, more than
3000 models were simulated in the modelling phase alone, leading to a model accuracy of
over 95%. Regarding the modelling process and the information derived from it, this study

has been able to predict energy performance with an accuracy exceeding 95% based on a
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precise equation. In corresponding studies, sufficient information about the models has not
been provided; instead, they have focused on reporting total savings and performance
improvements. Thus, comparison of the results of this study with existing research is not
feasible in this section. Therefore, this section presents a report on model accuracy combined
with validation results. The validation results indicate that this study achieved an average
accuracy of approximately 96.9% relative to actual energy consumption results, and
considering the model accuracy of over 95%, it can be stated that the models in this study
can predict the actual energy consumption of typical single-story residential buildings in

Melbourne, Australia, with an accuracy of over 93%, which is significant.

In terms of energy performance evaluation, it is worth noting that some studies have focused
on using pre-configured designs in the optimization process (Ahmadi et al., 2023; Rodrigues
et al., 2014), while others have optimized configuration generation parameters (Dino, 2017,
Yi, 2016). In this study, both approaches were utilized within the framework of two
generative algorithms. Additionally, in terms of objectives investigated, some studies have
addressed only cooling and heating demands (Boonstra et al., 2018; Souza & Alsaadani,
2012), while others have also considered daylighting demands in addition to cooling and
heating (Dino, 2017; Musau & Steemers, 2008). Furthermore, thermal comfort has been
considered as a conflicting variable alongside these parameters in some studies (Y1, 2016).
In this study, various sections were examined, including diverse energy performance

objectives.

Based on the obtained results, modifying the spatial characteristics of buildings discussed in
this study could lead to approximately 71 kWh per square meter and about a 34% change in
annual total energy consumption, which is noteworthy compared to other studies. Musau
and Steemers (2008) presented the highest improvement in energy performance, with an
average of around 50%. Similarly, Poirazis et al. (2008) showed an average improvement of
about 40%. Y1 (2016) demonstrated a 10% improvement in energy performance. In the
following sections, the energy performance of this study is compared with other studies,

detailed by various aspects.

Moreover, changes in the spatial characteristics of the buildings in this study indicate a
reduction of about 2 kWh per square meter and approximately a 9% improvement in cooling
demands per square meter. Compared to the results of other studies, Poirazis et al. (2008)

achieved about 57%, Dino (2017) achieved around 25%, and Souza and Alsaadani (2012)

219



achieved about 24% improvement in cooling demands. Additionally, Yi (2016) showed
around 7.7% and Boonstra et al. (2018) about 10% improvement in energy performance.
Changes in geometric factors of the buildings in this study could improve heating demands
per square meter by up to about 70 kWh per square meter and approximately 86%. Among
the studies, Musau and Steemers (2008) achieved the highest improvement, around 57%,
Souza and Alsaadani (2012) achieved 52%, and Poirazis et al. (2008) achieved about 14%

improvement in heating demands.

It is essential to examine the spatial layout factors influencing energy performance identified
in this study in comparison with other research. The present study comprehensively
investigates a range of configuration factors, including the dimensions of the building’s
footprint, footprint area, aspect ratio of the footprint, building orientation angle relative to
the north-south axis, and the height of interior spaces. Among these, the footprint area has
been identified as the most significant factor affecting energy performance. The study by
Mukkavaara and Sandberg (2020) also demonstrated the impact of footprint area on cooling,
heating, and lighting demands. Additionally, the aspect ratio has been recognized as one of
the most critical configuration factors affecting energy performance in this research. In this
regard, studies by Zhang and Wang (2021), Fattahi Tabasi et al. (2023), and Yi (2016) have
similarly explained the impact of aspect ratio on energy consumption. However, the present
study has conducted a systematic investigation of the effect of the aspect ratio on energy
performance, including energy consumption, cooling demand, heating demand, and
daylighting performance. The consideration of the aspect ratio based on north-south and
east-west orientations is one of the innovative aspects of this research. This topic has

generally been overlooked in other studies.

Moreover, the present study has examined the significant impact of interior space heights
on the energy performance of residential buildings. Dino (2016) also addressed and
confirmed this issue; however, a systematic analysis had not been conducted previously.
Additionally, this study has shown that the impact of building orientation on energy
performance is minimal compared to other factors of the external envelope configuration.
This finding is in clear contradiction with the results of studies by Rodrigues et al. (2014)
and Y1(2016). The reasons for this contradiction may lie in the differing climatic conditions

of the regions studied. Nonetheless, the present research has performed a precise and
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systematic analysis of the clockwise and counterclockwise variation in orientation angle,

which has not been observed in the reviewed studies.

In summary, the discussions in this research are presented systematically, which is one of
the innovative contributions of this study. Furthermore, the issues addressed in this research
have not been previously explored in Australia, particularly in Melbourne. Therefore, this

aspect can also be considered a novel contribution of the present study.

5-4- Examination of Research Hypotheses

This study investigates and optimizes the spatial layout of housing based on building energy
performance using the Performative Computational Architecture (PCA) framework.
Accordingly, in the first chapter, the research hypotheses were presented in two main and
sub-sections aligned with the research objectives. In this section, after reviewing the results,

it is necessary to examine the research hypotheses as follows:

Examination of the Main Hypothesis: The main hypothesis posited that the Predictive
Model could significantly predict and optimize energy performance based on the geometric
parameters of a typical single-story residential building in Melbourne. This study, based on
two separate processes of modelling and optimizing energy performance and through over
6000 simulations, achieved approximately a 34% improvement in energy consumption

based on changes in housing spatial layout. Therefore, the main hypothesis is confirmed.

Examination of the First Sub-Hypothesis: The first sub-hypothesis predicted that the
study would identify the geometric parameters of residential buildings affecting energy
performance and prioritize them based on energy performance. According to the regression
and correlation results obtained from the modelling process, the geometric parameters of
housing have been effectively prioritized. In this context, the floor area is identified as the
most significant geometric factor affecting energy performance. Following this, building

height and orientation angle are also important. Thus, the first sub-hypothesis is confirmed.

Examination of the Second Sub-Hypothesis: The second sub-hypothesis anticipated that
the optimal specifications of geometric parameters for residential buildings based on
building energy performance would be determined using the Performative Computational
Architecture model. Based on the optimization process conducted within the framework of

the Performative Computational Architecture model, the study has identified the optimal
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geometric specifications for energy-efficient housing. Generally, increasing floor area, with
an orientation angle close to zero degrees, along with reducing building height and a length-
to-width ratio close to one with limited east-west elongation, can result in optimal energy

performance. Consequently, this hypothesis is also confirmed.

Examination of the Third Sub-Hypothesis: The third sub-hypothesis projected that
architectural solutions for the geometric parameters of typical single-story residential
buildings in Melbourne would be determined to improve building energy performance based
on the Performative Computational Architecture model. As previously mentioned,
increasing floor area, favoring an orientation angle close to zero degrees, reducing building
height, and aiming for a length-to-width ratio close to one with limited east-west elongation

can enhance energy performance. Thus, this hypothesis is confirmed as well.

5-5-Innovations of the Research

Based on the research results, several innovations can be presented in various sections:

Predictive Models for Energy Performance: One of the key innovations of this research
is the development of predictive models for energy performance using nonlinear regression
methods. These models have demonstrated an accuracy of over 95% compared to simulated
models and an average accuracy of 93% relative to actual energy consumption. To date,
there has been no model in previous studies that offers such high precision through a defined
mathematical equation. Therefore, the presentation of these predictive models is a notable
innovation of this research.

Generative Design Algorithm for Spatial Layouts: Another significant innovation is the
definition of a generative design algorithm for spatial layouts within the Grasshopper
environment. This algorithm facilitates a comprehensive assessment by effectively
exploring the design space and leading to the definition of practical configurations. This
approach represents a novel contribution to the field by integrating advanced generative

design techniques in a detailed analytical framework.

5-6-Strategic Approaches and Solutions

Based on the results obtained from performative computational architectural processes,
strategies and solutions for optimizing energy performance in residential spatial layouts have

been defined and elaborated. It is important to note that the proposed solutions are based on
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the climatic data of Melbourne, and some adjustments may be necessary for different regions

(Figure 5-9).

Maintain a Length-to-Width
Ratio Close to One with
Moderate East-West Elongation

Reduce the Height of
Building Spaces

Increasing the Position the Building with an
Area of Building Orientation Close to Zero Degree

. - e e ol
Increase the Height Moderate East-West Elongation
of Building Windows of Building Windows

Figure 5-9. Classification of Strategic Approaches and Design Solutions

Nonetheless, some solutions are applicable across various climates. In general, increasing

horizontal density leads to a reduction in energy consumption per square meter (Table 5-2).

Table 5-2: Classification of Strategic Approaches and Design Solutions

Design Strategies

Design Solutions

Increase Horizontal Density

- Increase the building's floor area

- Maintain a length-to-width ratio close to one with moderate
east-west elongation

Increase Vertical Density

- Reduce the height of building spaces

- Increase the height of building windows

Optimize Solar Radiation
Reception

- Position the building with an orientation close to zero degrees

- Maintain a length-to-width ratio close to one

- Moderate east-west elongation
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While increasing the building's floor area results in a higher total energy consumption, it
decreases energy consumption per square meter. Therefore, the use of compact building
designs for small plots and the design of larger residential complexes are effective tools for

reducing energy consumption.

Additional Design Insights:

Length-to-Width Ratio Optimization: A length-to-width ratio of one for residential floor
plans optimizes building energy performance. Specifically, increasing the east-west
elongation of a single-story residential buildings's floor area, while keeping the total floor
area constant, results in reduced heating demands and improved daylight performance.
Conversely, increasing the north-south elongation while maintaining the floor area leads to
reduced cooling demands and enhanced daylight performance. Thus, a length-to-width ratio
of one with limited east-west elongation can provide a desirable balance in energy
performance.

Vertical Density Increase: Increasing the vertical density of a building is another strategy
for optimizing energy performance. Reducing the height of internal spaces in a single-story
residential building generally leads to lower energy consumption for residential buildings.
Building Orientation: Changing the orientation of a building can significantly affect its
solar radiation reception. Generally, positioning the building with an orientation close to

zero degrees relative to the north-south axis results in reduced energy consumption.

These strategies highlight how specific design adjustments can improve energy efficiency

and performance in residential buildings.

5-7-Final Conclusion

Conventional apartment housing is typically designed and constructed solely based on the
experience of the designers. According to research findings, it is concluded that the
geometric characteristics of housing significantly affect building energy consumption, and
consequently, global energy consumption. Therefore, there is a pressing need for urban
planning in the design and construction of single-story residential buildings, as well as the
establishment of laws and regulations in this domain to reduce energy consumption at the
national level. Based on the findings of this study, it is concluded that planning and

legislation in the housing sector can lead to long-term energy savings of over 30% in
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residential buildings in Melbourne. Considering that one-third of the world's energy

consumption is related to the building sector, this translates to a substantial amount.

In this regard, given that based on the findings, floor area and the length-to-width ratio of
the residential building’s-built area are among the most significant physical factors
influencing building energy consumption, it is concluded that incorporating these two
factors in urban planning, municipal regulations, and construction permits can lead to a
reduction in energy consumption at the national level in Melbourne. According to the
findings, it is concluded that defining land plots in Melbourne in such a way that their built
area has a 1:1 length-to-width ratio and an orientation of zero degrees relative to the north
could be a highly effective step in optimizing building energy consumption in this region.
Additionally, based on the findings, it is concluded that increasing horizontal density by
using consolidated construction plans for smaller land plots and designing large residential

complexes is an effective tool in reducing energy consumption in Melbourne.

Furthermore, increasing vertical density is important in reducing overall energy
consumption per square meter. Incorporating both horizontal and vertical density increases
into urban planning, while ensuring that the quality of residential life and the quality of solar
radiation received by buildings are not compromised, could lead to reduced energy
consumption in the residential building sector in Melbourne. Additionally, according to the
findings, it is concluded that internal space height is another factor affecting energy
consumption; reducing it results in lower energy consumption. Therefore, reducing the
height of residential buildings to the extent that the quality of life in these spaces is not

compromised could greatly contribute to optimizing energy consumption in Melbourne.

The findings also revealed that the energy performance models developed in the research
can predict the actual energy consumption of residential buildings in Melbourne before
construction with an average accuracy of 93% in less than a few seconds, without the need
for specialized tools or expertise. This predictive accuracy is also influenced by the residents'
lifestyle. Therefore, the use of these models is highly significant in urban and regional
construction planning. Given the high correlation between the model's results and the actual
energy consumption of buildings, the use of these models enables the prediction of energy
consumption at the city level, which could be of great importance in the Ministry of Energy's
planning. Moreover, it is concluded that the integration of artificial intelligence tools with

these prediction models can provide essential assistance to policymakers, planners, and
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designers at the macro level, enabling them to make decisions that optimize building energy
consumption in a short period of time. Additionally, based on the accuracy of these
prediction models, they can be utilized in high-speed optimization processes over a short
timeframe. Regression-based prediction models, if achieving high accuracy, can be used by
professionals in various building-related fields without requiring specialized knowledge of

building energy performance.

5-8-Research Limitations

This study faced several limitations. The main limitation was related to hardware constraints
in the building energy simulation calculations. Despite using a powerful system, it was not
feasible to increase the number of cells or reduce the size of a cell due to the extended
computation time and, in some cases, the system crashing during the process. Additionally,
hardware and software limitations during the optimization process led to increased
processing times, and it was not possible to increase the number of generations when
necessary. Moreover, software limitations occasionally slowed access to several tools and

features during the process (Table 5-3).

Table 5-3. Research Limitations

Number of floors 1 floor
East-west side dimensions 8 to 22 meters (east-west side dimensions)
North-south side dimensions 8 to 22 meters (north-south side dimensions)
Height of the residential building 2.6 to 4 meters (residential building height)
Orientation relative to the north-south axis | -45 to 45 degrees (orientation relative to the north-south axis)
Construction system Timber frame structure
Window location Windows only on the northern facade
Window-to-floor area ratio 10% window-to-floor area ratio
Roof type Flat roof (no slope)
Glass type Single-glazed

Another limitation of this study was the time constraint, particularly given the complexity
of the topics related to spatial layout. Although this research focused on one optimization
process, the results suggest that in some cases, further optimization tests or increasing the
number of optimization generations were needed, which fell outside the scope and
timeframe of this study. The research included some limitation to predict energy

consumption in cooling, heating and lighting.

5-9-Research Novelty

This study provides a platform for examining the impact of residential building geometric

characteristics on energy performance to support urban macro-planning in Melbourne. The
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findings can significantly aid in decision-making regarding the range of geometric
characteristics during the process, from defining the building's floor area to completing the
design. The results highlight the relative importance of each geometric characteristic in
influencing energy performance, enabling designers to optimize building proportions and

orientation to reduce energy consumption.

Furthermore, based on these findings, it is possible to establish standards for the geometric
characteristics of residential buildings in Melbourne's national building regulations.
Additionally, buildings can be labelled before construction, and incentives can be allocated

based on their labels.

To achieve this, the study employs parametric simulation, nonlinear regression modeling,
and evolutionary algorithms. This combination not only predicts building energy
consumption based on geometric characteristics but also identifies the optimal geometric

parameters for residential buildings in terms of energy efficiency.

A review of relevant Australian studies indicates that no prior research has modeled energy
consumption based on residential building geometric characteristics using a combination of

nonlinear regression and evolutionary algorithms.

Based on the conducted tests, with a confidence level exceeding 95%, approximately 99.8%
of the energy consumption per square meter of residential buildings has been accurately
predicted. This level of precision surpasses that of comparable studies and is a notable
achievement of this research. Additionally, with a confidence level exceeding 95%, 100%
of the total energy consumption of residential buildings has been predicted, achieving a

higher level of accuracy compared to other studies conducted globally.

Moreover, the tests demonstrate that, with a confidence level exceeding 95%, more than
96% of the variations in cooling demand, heating demand, and the average Useful Daylight

[Mluminance (UDI) index have been accurately predicted.

The energy performance prediction equations can determine the extent of variation in each
energy performance parameter by altering the geometric characteristics of residential
buildings. Consequently, the application of these equations in urban macro-planning,
particularly in the design and construction of single-story residential buildings and the
formulation of laws and regulations to reduce energy consumption at the national level,

becomes essential (Figure 5-10).
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The findings of this research conclude that strategic planning and regulation in the housing
sector could, in the long term, reduce energy consumption in residential buildings by more
than 50%. Considering that one-third of global energy consumption is attributed to the

building sector, this represents a significantly high potential for energy savings.
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Figure 5-10. Variations in Geometric Characteristics of Residential buildings

It is essential to examine the spatial layout factors influencing energy performance identified
in this study in comparison with another research. The present study comprehensively
investigates a range of configuration factors, including the dimensions of the building’s
footprint, footprint area, aspect ratio of the footprint, building orientation angle relative to
the north-south axis, and the height of interior spaces. Among these, the footprint area has
been identified as the most significant factor affecting energy performance. The study by
Mukkavaara and Sandberg (2020) also demonstrated the impact of footprint area on cooling,

heating, and lighting demands.

Additionally, the aspect ratio has been recognized as one of the most critical configuration
factors affecting energy performance in this research. In this regard, studies by Zhang and
Wang (2021), Fattahi Tabasi et al. (2023), and Y1 (2016) have similarly explained the impact
of aspect ratio on energy consumption. However, the present study has conducted a
systematic investigation of the effect of the aspect ratio on energy performance, including
energy consumption, cooling demand, heating demand, and daylighting performance. The
consideration of the aspect ratio based on north-south and east-west orientations is one of
the innovative aspects of this research. This topic has generally been overlooked in other

studies.
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Moreover, the present study has examined the significant impact of interior space heights
on the energy performance of residential buildings. Dino (2016) also addressed and
confirmed this issue; however, a systematic analysis had not been conducted previously.
Additionally, this study has shown that the impact of building orientation on energy
performance is minimal compared to other factors of the external envelope configuration.
This finding is in clear contradiction with the results of studies by Rodrigues et al. (2014)
and Yi (2016). The reasons for this contradiction may lie in the differing climatic conditions
of the regions studied. Nonetheless, the present research has performed a precise and
systematic analysis of the clockwise and counterclockwise variation in orientation angle,

which has not been observed in the reviewed studies.

In summary, the discussions in this research are presented systematically, which is one of
the innovative contributions of this study. Furthermore, the issues addressed in this research
have not been previously explored in Australia, particularly in Melbourne. Therefore, this

aspect can also be considered a novel contribution of the present study.

5-10-Research Contributions

This research encompasses several key contributions, detailed as follows:

1. Development of a Predictive Model for Energy Efficiency

The study introduces a robust predictive model that quantifies the impact of geometric and
spatial parameters of single-story residential buildings on energy performance. By
leveraging computational simulation and predictive modeling, the thesis provides an
analytical framework to evaluate energy consumption patterns, including heating, cooling,
lighting, and ventilation requirements, tailored to Melbourne's climatic and geographical

conditions.

2. Integration of Performative Computational Architecture (PCA)

By applying the Performative Computational Architecture framework, the thesis bridges the
gap between parametric design and energy performance optimization. It effectively utilizes
parametric tools like Grasshopper and Ladybug Plugins to automate the generation,
simulation, and optimization of spatial layouts, enabling a seamless evaluation of energy

efficiency across design iterations.
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3. Optimization of Geometric Parameters in Housing Design

The research identifies and prioritizes geometric parameters that significantly influence the
energy performance of residential buildings. It provides actionable guidelines for optimizing
spatial layouts, enhancing energy efficiency while maintaining aesthetic and functional

considerations in architectural design.

4. Adaptation of Simulation Tools for Early Design Phases

This thesis overcomes barriers associated with the complexity and limited usability of
simulation tools in architectural design. By integrating user-friendly parametric tools and
optimization algorithms, it enables energy performance assessments during the early design

phases, where critical decisions have the most impact on energy efficiency.

5. Regional Contextualization for Australian Housing

Addressing a significant gap in region-specific studies, the thesis tailors its findings to
Melbourne's climatic conditions and housing typologies. The proposed guidelines and
models have direct applicability to Australia's residential sector, providing a foundation for

localized sustainable design practices.

6. Generative Design of Spatial Layouts (GSL)

By implementing the Generative Design of Spatial Layouts framework, the research expands
the design exploration process. It facilitates the generation and evaluation of multiple design
solutions, ensuring optimal performance outcomes through Non-dominated Sorting Genetic

Algorithm IT (NSGA-II) optimization.

7. Contribution to Sustainable Energy Policies

The outcomes of this research inform sustainable energy policies by providing a decision-
making framework for energy-efficient housing. The predictive models and optimization
results offer policymakers and designers a scientific basis for advocating passive design

strategies and sustainable residential development.
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8. Advancement in Architectural Research Methodology

The thesis exemplifies the application of computational and statistical methods in
architectural research. It employs nonlinear regression modeling, multi-objective
optimization, and simulation-based analysis, setting a methodological benchmark for future

studies in sustainable building design.

9. Comprehensive Framework for Design Practitioners

The study offers a systematic mechanism for practitioners to integrate energy performance
simulations into the architectural workflow. This contribution enhances the capability of
designers to create energy-efficient solutions without requiring advanced technical expertise

in computational tools.
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