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ABSTRACT

SILVA, Mario Alves da, M.Sc., Universidade Federal de Vigosa, February, 2022. A
benchmark of optimization algorithms for thermal, luminous and energy multi-
objective analysis on Grasshopper for Rhino. Advisor: Joyce Correna Carlo. Co-
advisor: Rafael de Paula Garcia.

This master thesis aims to establish which algorithm is more suited to a Simulation-
based optimization (SBO) process, based on the type of simulation used, and also on
the number of parameters, type of parameters, and number of fitness functions. We
focused on the optimization algorithms for multi-objective optimization processes,
since they have a fundamental role in SBO processes. We choose to use the
Grasshopper for Rhinoceros platform due to its diversity and robustness, that allows
performing parametric modelling, simulation, and optimization in the same
environment. We initiate this study investigating the optimization engines available on
Grasshopper and decide to focus on Opossum and Octopus. For multi-objective
optimization, Opossum has RBFMOpt, NSGA2, MOEA/D, NSPSO, and MHACO, and
Octopus has HypE and SPEA2. Then, we used seven different algorithms. We
proposed 14 building performance related problems. The problems varied from 5 to 18
parameters, and required at least one type of simulation such as thermal, luminous,
and energy. We compare the algorithms’ performance by using Python
implementations of different performance metrics, such as hypervolume, modified
inverted generational distance, generational distance, and additive epsilon indicator,
that provided a robust methodology to assess algorithms’ performance and state which
one is more suited for each optimization problem. We also applied the Kruskal-Wallis
non-parametric test to support stating the difference between algorithms performance
and also to assess the potential of each algorithm to computational cost reduction.
Based on this benchmark steps, we initially compared the performance of RBFMOpt,
NSGA2, and MHACO on a single problem. Then we advance by proposing a
sequential study with all algorithms and nine problems. The overall results point out
that RBFMOpt has the best performance, especially with its default hyperparameters
configurations. RBFMOpt not only provides the best results but also need less function
evaluations to obtain those results, and also presents an additional tendency for

computational cost reduction by allowing reducing the number of runs without



significantly impact its average performance. HypE also have a good performance,
with the second position on the overall ranking, but requires more function evaluations
than RBFMOpt. In general, RBFMOpt should be used in multi-objective SBO
processes in the Grasshopper platform, especially when the simulator has a lower

budget or more time cost consuming simulations.

Keywords: Benchmarking. Simulation-based optimization. Model-based algorithm.

Bioinspired algorithms. Performance metrics. Building performance simulation.



RESUMO

SILVA, Mario Alves da, M.Sc., Universidade Federal de Vicosa, fevereiro de 2022.
Benchmark de algoritmos de otimizagao para analises multi-objetivo térmica,
luminosa e energética no Grasshopper para Rhino. Orientadora: Joyce Correna
Carlo. Coorientador: Rafael de Paula Garcia.

Esta dissertagao tem por objetivo estabelecer qual algoritmo € mais adequado a um
processo de otimizagao baseada em simulagdo (OBS), baseado no tipo de simulagao
usado, no numero e tipo dos parametros empregados e também na quantidade de
funcdes objetivo. Este estudo focou na avaliagdo de processos de analise multi-
objetivo. A plataforma Grasshopper para Rhinoceros foi escolhida devido a sua
robustez e diversidade, que permite processos de modelagem paramétrica, simulagao
e otimizagcdo dentro da mesma interface. Foram avaliados diferentes plugins de
otimizacao disponiveis na interface Grasshopper e optou-se por trabalhar com os
motores de otimizagdo Opossum e Octopus. O primeiro motor possui os algoritmos
RBFMOpt, NSGA2, MOEA/D, NSPSO e MHACO, o segundo possui os algoritmos
HypE e SPEA2. Deste modo, foram utilizados 7 algoritmos de otimizagdo. Foram
propostos 14 problemas relacionados ao desempenho de edificagdes. Os problemas
variaram entre 5 e 18 parametros, e pelo menos 1 tipo de simulagao térmica, luminosa
ou energética. O desempenho dos algoritmos foi avaliado a partir de diferentes
métricas de desempenho implementadas e disponiveis por meio da linguagem de
programacao Python, como o indicador de hipervolume, modified inverted
generational distance, generational distance, e additive epsilon indicator. Tais métricas
proporcionaram uma metodologia robusta para avaliar o desempenho dos algoritmos
e determinar qual é mais adequado a cada tipo de problema de otimizacdo. O teste
nao-paramétrico de Kruskal-Wallis foi utilizado para verificar as diferencas entre os
algoritmos e também para determinar possiveis redug¢des de custo computacional. O
benchmark inicialmente comparou o desempenho dos algoritmos RBFMOpt, NSGA2
e MHACO em um unico problema. Apds este passo, foi feita uma comparagdo em
larga escala, com todos os algoritmos aplicados a 9 problemas de otimizagao
diferentes. Em geral, os resultados apontaram que o algoritmo RBFMOpt possui o
melhor desempenho, inclusive com a sua configuragdo default. O algoritmo nao

somente obtém os melhores resultados, como também requer um menor niumero de



avaliagdes dos problemas para obter tais resultados. O algoritmo ainda apresenta uma
tendéncia de redugao de custo computacional, ao permitir redugdes significativas no
numero de avaliagbes dos problemas sem que haja impacto no desempenho médio
do algoritmo. O algoritmo HypE também possui um bom desempenho, ocupando a
segunda posigao geral. No entanto, o algoritmo genético requer mais avaliagdes dos
problemas para atingir seu melhor desempenho, de acordo com o numero de
avaliagcbes proposto neste estudo. De modo geral, o algoritmo RBFMOpt deve ser
usado em processos OBS multi-objetivo na plataforma Grasshopper, principalmente
em situagdes que o simulador tiver menor disponibilidade de avaliagcbes ou quando o

problema envolver simulagcées dispendiosas.

Palavras-chave: Benchmarking. Simulagao baseada em otimizagao. Algoritmo model-
based. Algoritmos bioinspirados. Métricas de desempenho. Simulagdo de

desempenho de edificagdes.
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CHAPTER 1: Overview

1.1.Introduction

Developing new building designs through computational methods requires
constant software development and updates. In the last decades the advances in
software and hardware allowed different tools to enhance building performance, such
as simulation and optimization. The simultaneous use of simulation and optimization
allowed achieving good performance levels in a reduced time and with fewer
simulations since the optimization methods usually find near-optimal solutions without
computing all possible solutions of the search space. The processes that combine
simulation and optimization receive the name of simulation-based optimization (SBO)
methods. From the beginning of the twentieth-first century to the last decades, the
number of papers that relate those methods to problems concerning architecture,
engineering, and construction (AEC) significantly increased (KHEIRI, 2018; SHI et al.,
2016).

The use of SBO processes has been growing in the last decades due to many
advances in the computational field, especially hardware processing capabilities (SHI
et al., 2016). However, in architecture, engineering, and construction, many challenges
still limit an extensive implementation of SBO processes (CICHOCKA et al., 2017;
KHEIRI, 2018; WORTMANN, 2019a). Thus, solving the SBO processes limitations can
increase its use and also lead to better building design, since these methods can
improve solutions quality in many aspects by making more efficient buildings
(ABDULLAH; ALIBABA, 2017; ASCIONE et al., 2016; TAVERES-CACHAT et al.,
2019; WORTMANN; NATANIAN, 2020).

Different authors present reviews on the topic of SBO in the AEC field (ATTIA
etal., 2013; BANOS et al., 2011; COSTA-CARRAPICO; RASLAN; GONZALEZ, 2020;
EVINS, 2013; MACHAIRAS; TSANGRASSOULIS; AXARLI, 2014; NGUYEN; REITER;
RIGO, 2014; SHI et al., 2016). The review studies are fundamental to presenting an
overall aspect based on the revised papers; thus, they can also point to trends and
limitations for future studies. These studies show the different problem types, the

chosen algorithms, and the software implemented in the optimization process.
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In the architecture, engineering, and construction field, simulation-based
optimization processes can have a high computational cost, mainly due to the
complexity of the models and simulations performed. Annual daylight simulations can
present a considerable processing time that can vary from minutes to hours for one
simulation. So, it can go on for days to weeks, depending on the user’s goal (DA SILVA;
CARLO; SILVA, 2018; WORTMANN, 2017a, 2019b). Problems related to urban
simulation can also present a high computational cost (WORTMANN; NATANIAN,
2020).

Choosing the optimization algorithm is fundamental in the SBO processes since
they directly impact the quality of the solutions. Some studies addressed the later
problem by proposing different architecture, engineering, and construction SBO
benchmarks (LUCA; WORTMANN, 2020; NATANIAN; WORTMANN, 2021; WAIBEL
et al., 2019; WORTMANN; NANNICINI, 2016). However, the authors used default
settings for the algorithm’s parameters in most cases, which creates generalized
conclusions. These methods can improve by considering different configurations,
depending on each problem-specific formulation. Beyond advancing the already
implemented algorithms, testing new ones, such as the presented in worldly
completions (LOSHCHILOV; GLASMACHERS, 2021), is an approach that can reduce

computational cost and improve solutions quality.

Genetic algorithms are usually the most used optimization method
(MACHAIRAS; TSANGRASSOULIS; AXARLI, 2014; TIAN et al., 2018), though recent
studies pointed out that algorithms unrelated to bioinspired behavior can lead to better
solutions with less computational time and better performance (WAIBEL et al., 2019;
WORTMANN et al., 2017; WORTMANN; NATANIAN, 2021). Despite the growing
usage of SBO processes in the AEC that enables buildings with higher performance
from different aspects, such as thermal, luminous, and energy, several limitations
impact a broader application of those techniques. Especially those related to
algorithms selection, linkage to architects’ most used design platforms and
optimization software, and time required to perform the whole SBO process (BANOS
et al.,, 2011; NGUYEN; REITER; RIGO, 2014; TIAN et al., 2018).
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1.1.1. Grasshopper: a multitask platform on Rhinoceros

Amongst the advances that have occurred in the field of architecture in recent
decades, those in the field of digital modeling that allows more elaboration and a high
degree of precision in the design of complex structures are evident. Rhinoceros
software is a modeling platform, used in various areas of production and product
development, enabling the precise modeling of small-scale objects such as jewelry, as
well as high-scale structures such as motor vehicles. In architecture, its application is
associated with the modeling of the building, mainly in the development of models of
high complexity. Grasshopper is one of the plugins available to Rhinoceros. It is a
visual programming platform that allows the development of parametric models
(NEGENDAHL, 2015; TOULOUPAKI; THEODOSIOU, 2017), that can be enhanced by
simulation processes and SBO (DA SILVA; CARLO; SILVA, 2018; FONSECA et al.,
2017; LOBACCARO et al., 2018a, 2018b; LOCHE; CARLO, 2021; LUCARELLI,
CARLO; MARTINEZ, 2020; LUCARELLI; CARLO; MARTINEZ, 2019).

Grasshopper’s plugin Ladybug tools package stands out (ROUDSARI; PAK,
2013) among others, for its diversity of tools capable of performing different co-related
types of simulations, such as thermal, energetic, luminous, ventilation (CFD) and urban
microclimate simulations. The use of Simulation-Based Optimization (OBS) processes
has been gaining space in the architecture, associated with simulations of optimization
engines present in Grasshopper due to the interoperability of plugins that makes it
possible to perform the entire process within the same computing environment. As an
example, the work of Lucarelli, Carlo and Martinez (2019) used the Ladybug tools
package for simulating of the solar radiation incidence on a permeable roof. The OBS
process was applied to the model aiming to reduce the incidence of beam radiation
while obtaining the maximum amount of diffuse radiation with an optimal geometry.
Though, the lack of proximity of the architect with simulation and optimization software
inhibits using and implementing this type of approach in architectural design
processes. Therefore, Grasshopper emerges as a platform that enables performance
simulation and optimization of buildings from high complexity plugins, but translated
from a visual programming language that enables a user-friendly process
(TOULOUPAKI; THEODOSIOU, 2017).
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1.2. Main objective

This study aims to assess the performance of different multi-objective
algorithms coupled with Simulation-based Optimization (SBO) related to building

performance on the Grasshopper for Rhino platform.

1.2.1. Specific objectives

e S.0.1: Identify the state-of-the art in Simulation Based Optimization (SBO)
processes in architecture, and the algorithms and engines available on the
Grasshopper for Rhino platform;

e S.0.2: Define optimization problems related to thermal, energy, and luminous
performance of buildings;

e S.0.3: Select multi-objective optimization algorithms and optimize, based on the
plugins available on Grasshopper for Rhino platform;

e S.0.4: Select and apply algorithms’ performance metrics and statistical tests to
assess algorithms performance on each optimization problem;

e S.0.5: Create guidelines for algorithms selection based on the results obtained

in this study.

1.3.Benchmarking methodology

This section presents the overall methodology used on this benchmark, pointing

out general approaches, and also particularities of each chapter.

The benchmarking methodology adopted needs three main elements that will
be discussed in the following sections: optimization problems, optimization algorithms

coupled with SBO processes, and performance assessment.

1.3.1. Optimization problems

This master thesis uses 13 optimization problems, varying from five to 18
parameters, with continuous, discrete, and mixed parameters. Regarding fitness
functions, this study has problems from two to five fithess functions. Table 1 presents
a summary of all problems used in this study. The summary contains a brief description
of the problems, the number of parameters, number of fitness functions, and the

chapter where it will be fully discussed.



Table 1 — Summary of optimization problems used for the benchmarking approach.

Problem

Id. description Parameters Fitness function Chapter
10 discrete
Zngal and parameters maximizing thermal
erfogr)r/nance encompassing comfort and
1 gssessment of a thermal, and minimizing energy 2
three floors office geometrical consumption with
buildin properties of the HVAC systems
9 building
Enerav use 5 continuous
9y parameters o .
assessment and ENCOMDbassin maximizing daylight
daylight availability passing availability and
2 . . . thermal, optical, and . 3
in a single-family cometrical minimizing annual
apartment for a 9 . energy billing
cold climate properties of the
building
Energy use 5 continuous
assessment and 222%Tnet:§in maximizing daylight
daylight availability passing availability and
3 . . . thermal, optical, and . 3
in a single-family cometrical minimizing annual
apartment for a 9 . energy billing
seasonal climate properties of the
building
Energy use 5 continuous
assessment and gﬁg;et:zm maximizing daylight
, daylightavailability 20T Pas% availability and
. . . ermal, optical, and L 3
in a single-family cometrical minimizing annual
apartment for a hot 9 . fth energy billing
climate prqurnes ofthe
building
Davliaht 13 continuous
yig parameters maximizing daylight
performance , D
5 assessment of a encompassing availability and 3
sinale zone office geometrical and daylight distribution
9 optical properties
Davliaht 13 discrete
yig parameters maximizing daylight
performance , D
6 assessment of a encompassing availability and 3
sinale zone office geometrical and daylight distribution
9 optical properties
Daylight 13 mixed pgrameters maximizing daylight
performance encompassing oL
7 . availability and 3
assessment of a geometrical and davli SN
. , : . aylight distribution
single zone office optical properties
8 Daylight 13 continuous maximizing daylight 3

performance

parameters

availability and



10

11

12

13

14

assessment of a

single zone office

Office floor thermal

and energy
performance
assessment

Single zone house

thermal
performance and
cost assessment

Multi-zone house
thermal
performance and
construction cost
assessment

Multi-zone house
thermal
performance and
construction cost
assessment

Multi-zone house
thermal
performance and
construction cost
assessment

Multi-zone house
thermal
performance and
construction cost
assessment

encompassing
geometrical and
optical properties
16 discrete
parameters
encompassing
thermal, energy and
geometrical
properties of the
building

18 mixed parameters
encompassing
thermal, and
geometrical
properties of the
building

8 continuous
parameters
encompassing
geometrical
properties of the
building

8 continuous
parameters
encompassing
geometrical
properties of the
building

8 continuous
parameters
encompassing
geometrical
properties of the
building

8 continuous
parameters
encompassing
geometrical
properties of the
building

daylight distribution,
and minimizing glare

maximizing thermal
comfort hours, and
minimizing energy
consumption with
HVAC systems

minimizing discomfort
hours, and minimizing
construction cost

minimizing
construction cost, and
degree hours

minimizing
construction cost,
cooling degree hours,
and heating degree
hours

minimizing
construction cost,
cooling degree hours,
and heating degree
hours, and
maximizing thermal
comfort

minimizing
construction cost,
cooling degree hours,
and heating degree
hours, and
maximizing thermal
comfort, and natural
ventilation

18

3

Appendix

Appendix

Appendix

Appendix

We modeled all problems on the Grasshopper for Rhinoceros platform.

Problems 1-4, and 9 uses EnergyPlus 9.3 to perform thermal, and energy simulations,

and Radiance 5.3 to perform daylight analysis through Ladybug Tools 1.1.0. Problems
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5-8, and 11-14 uses the same versions of EnergyPlus and Radiance through Ladybug
Tools 1.3.0. Problem 10 uses a direct implementation of EnergyPlus 8.5 through C#
programming (WAIBEL et al., 2019).

1.3.2. Algorithms

Grasshopper for Rhinoceros has different algorithms capable of performing
multi-objective optimization, divided in bioinspired algorithms and a model-based. The
bioinspired methods consist of search mechanisms based on approaches derived from
biological process such as Darwinian concepts of evolution or animal behavior. Then
populations are created and evolved based on these strategies, to provide good
solutions that are able to satisfy the established fithess functions. The model-based
method available on Grasshopper, uses mathematical functions and approximation
methods in order to improve solutions, and don’t use any concept related to evolution
or population. Despite this significant difference, both methods are meta-heuristic, and
provide near optimal solutions based on the Pareto Front curve. The Pareto Front
represents the solutions with the best trade-off between the objective functions defined
by the simulator. So, these algorithms provide not only one solution, but an optimal

set, that represents the best candidates to the best solutions for the problem.

Both bioinspired and model-based methods are comprised on different plugins,
such as Biomorpher (HARDING; BRANDT-OLSEN, 2018), Wallacei (MAKKI;
SHOWKATBAKHSH; SONG, 2021), Optimus (CUBUKCUOGLU et al., 2019), Design
Space Exploration (STRUCTURES/MIT, 2021), Opossum (WORTMANN, 2017b), and
Octopus (VIERLINGER, 2014).

Biomorpher proposes a novel platform to perform optimization processes,
based on interactive processes through the Clustering-Orientated Genetic Algorithm
(COGA) that is based on clustering formation and genetic approaches
(SHACKELFORD; SIMONS, 2014). The plugin allows users to decide candidate
solution should be combined in order to provide new solutions. Despite promising, by
allowing more control over the optimization process, this approach requires a profound
knowledge and domain over the optimization problem and the optimization algorithm,
and also a constant interaction with the process. Thus, we did not use the Biomorpher
plugin on the benchmarking process. Wallacei, Optimus, and Design Space
Exploration employs the Non-dominated Sorting Genetic Algorithm (NSGA2) proposed
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by Deb et al. (2002), that is also present in Opossum, along with several other
algorithms. Thus, we also choose not to use the plugins Wallacei, Optimus, and Design

Space Exploration.

For the benchmarking process, we used Opossum and Octopus. Table 2
presents a summary of algorithms used in this study.

Table 2 — Summary of optimization algorithms used for the benchmarking approach.

Optimization

. Algorithm Source Chapter
engine
RBFMOpt — Radial Basis
FunctioanuIti—Objective %VACT)E,I:\@N%M i’ 3’e ig‘ijx
Optimization Algorithm ’ PP
NSGAZ2 — Non-sorting
Dominated Genetic Algorithm (DEB etal., 2002) 2and3
MOEA/D — Multi Objective
o Evolutionary Algorithm by (ZHANG; LI, 2007) 3
possum 2
Decomposition
MHACO — Multi-objective ) )
Hypervolume-based Ant (I\,/IAggllfRzlglzlol)ZZO 2and 3
Colony Optimizer ’
NSPSO — Non-dominated
Sorting Particle Swarm (LI, 2003)
Optimization
HypE — Hypervolume-Based (BADER; ZITZLER, 3 and
Many Objective Optimization 2011) Appendix
Octopus SPEAZ2 — Strength Pareto (Lil\-lrJf/lLEl\TNS 3

Evolutionary Algorithm THIELE, 2001)

After selecting the multi-objective optimization algorithms, we define the

algorithms parameters used on this benchmark, the untuned parameters based on
default values present on Octopus and Opossum are presented on Table 3. For the
stop criterion on chapters 2 and 3, we used 500 function evaluations, each function
evaluation corresponds to one solution with its parameters and fitness function values.
We based the stop criterion on previous studies (LUCA; WORTMANN, 2020; WAIBEL
et al.,, 2019; WORTMANN, 2019b). For the bioinspired algorithms, we also set a
population size of 24. We use the RBFMOpt algorithm on three variations, regarding
the number of cycles, an internal algorithm parameter that controls the time spent
optimizing a series of weights used to obtain the non-dominated solutions. So, we used

3, 6, and 9 cycles, for Chapters 2 and 3. Since all the algorithms used in this benchmark
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have random aspects related to the search of optimal solutions, we also ran each
problem 20 times, in order to obtain an average performance of each algorithm
(WORTMANN, 2019b). Based on the evaluation budget definition for Chapters 2 and
3, each algorithm performed 10.000 function evaluations on each problem.

Chapter 4 uses 1000 function evaluations, since it has problems with a higher
number of fitness functions. We also reduce the number of runs to three, aiming to
reduce computational cost but still obtain an average performance of the algorithms.
Different from Chapter 3, this time we use a population size of 25 for HypE, since the
population size being a multiple of 8 is a limitation of NSGA2 that was applied for all
algorithms in previous analysis. Chapter 4 also only employs RBFMOpt with 6 cycles,

that is the default configuration for Opossum.

Table 3 - Untuned parameters for RBFMOpt, NSGA2, MOEA/D, NSPSO, MHACO,
HypE, and SPEA2.

Algorithm Parameter Value
max_filter 6
weight_method aug_tchebycheff
RBFMOpt epsilon 0.1
weight_series low_discrepancy
do_init False
crossover probability 0.95
distribution index for crossover 10
NSGA2 mutation probability 0.01
distribution index for mutation 50
weight generation grid
decomposition method tchebycheff
neighbourhood size 20
MOEA/D parameter CR 1
parameter F 0.5
distribution index 20
chance for diversity preservation 0.9
inertia weight 0.6
first magnitude of the force coefficients 0.01
second magnitude of the force coefficients 0.5
NSPSO velocity scaling factor 0.5
velocity coefficient 0.5
leader selection range 2
diversity mechanism crowding distance
MHACO  focus parameter 0
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kernel size 63
convergence speed parameter 1
threshold parameter 1
standard deviation convergence speed parameter 7
memory parameter false
elitism 0.5
mutation probability 0.2
mutation rate 0.9
HypE crossover rate 0.8
reduction strategy HypE
mutation strategy HypE
elitism 0.5
mutation probability 0.2
SPEA?2 mutation rate 0.9
crossover rate 0.8
reduction strategy SPEA2
mutation strategy polynomial

Source: Pagmo (2021a, 2021b, 2021c, 2021d), Vierlinger (2014), and Wortmann
(2017).

1.3.3. Octopus and Opossum analysis

1.3.3.1. Opossum

Opossum has two types of algorithms for multi-objective optimization process:
one model-based (RBFMOpt) and four bioinspired (NSGA2, MHACO, NSPSO, and
MOEA/D). The bioinspired algorithms implemented in Opossum are from the Pygmo 2
library (BISCANI and 1ZZ0O, 2020). The Opossum interface (Figure 1) has four tabs.
The first “Optimize!” allows setting maximization or minimization, algorithms selection,
and convergence visual tracking through the hypervolume. The second tab “Settings”
allows defining optimization settings, such as stopping criterion and number of
executions. The third tab “Expert” defines algorithms settings, and the fourth shows

the recorded results from the optimization process.

Regarding algorithms settings, only RBFMOpt shows a more robust list of
parameters for the user to configure. For the bioinspired algorithms, only population
size appears on the algorithms’ configuration tab. Even though there is a message in
this tab that directly informs the user about the possibility of manipulating other
parameters through code lines, there isn’t an explicit demonstration of which other

parameters the algorithm has and how to write the code lines.
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Figure 1 — Opossum’s user interface.
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RBFMOpt is a model-based algorithm that employs machine learning and
weighted sum methods to achieve non-dominated solutions (WORTMANN;
NATANIAN, 2021). The algorithm operates through the RBFOpt algorithm (COSTA
and NANNICINI, 2018), which mainly uses mathematic methods to improve solutions
rather than any bioinspired method. RBFMOpt also uses functionalities from the
Pagmo 2 library (BISCANI; 1Z2Z0O, 2020), such as Halton sequence (HALTON and
SMITH, 1964) and Chebyshev scalarization (VAN MOFFAERT et al., 2013). Wortmann
and Natanian (2021) provides a more detailed explanation of RBFMOpt operation
through RBFMOpt. Among RBFMOpt parameters, the number of cycles directly relates
to the number of solutions used to generate the weights, thus, the Pareto Front
formation (WORTMANN and NATANIAN, 2020). So, in this benchmark, we used
RBFMOpt with three variations: 3, 6, and 9 cycles. Figure 4 also shows the adopted

algorithms parameters values for RBFMOpt.

The Non-dominated Sorting Genetic Algorithm Il (NSGAZ2) is a genetic algorithm
based on non-dominated selection and crowding distance proposed by (DEB et al.,
2002), the algorithm “generates offsprings using a specific type of crossover and
mutation and then selects the next generation according to nondominated-sorting and
crowding distance comparison” (PAGMO, 2021c). The Multi-objective Hypervolume-
based Ant Colony Optimizer (MHACO), proposed by (ACCIARINI et al., 2020), “use
the hypervolume computation for ranking the individuals and storing them inside a
solution archive from which future generations of individuals will be generated. In
particular, the algorithm combines the concept of non-dominated fronts and
hypervolume computation for ranking the individuals” (ZITZLER et al., 2003). The Non-
dominated Sorting Particle Swarm Optimizer (NSPSO), proposed by (LI, 2003), “is a
modified version of the Particle Swarm Optimization (PSO) algorithm for multi-objective
optimization. It extends the basic ideas of PSO by making a better use of personal

bests and offspring for non-dominated comparison” (PAGMO, 2021b). The Multi-
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objective Evolutionary Algorithm by Decomposition (MOEA/D), proposed by (ZHANG;
LI, 2007), “is based on the idea of problem decomposition, it leverages evolutionary
operators to combine good solutions of neighboring problems thus allowing for nice
convergence properties. MOEA/D is, essentially, a framework and this particular
algorithm uses the Evolution operator followed by a polynomial mutation to create
offsprings, and the Tchebycheff, weighted or boundary intersection decomposition
method” (PAGMO, 2021d).

Apart from the aforementioned population size, we used the default

hyperparameter values for the bioinspired algorithms from Opossum.

1.3.3.2. Octopus

Octopus has two algorithms, and both are genetic: HypE and SPEA2. Octopus’
interface is more user friendly than Opossum’s (Figure 2). Users can monitor both
parameters and objective functions convergence as well as a scatter plot containing
the objective functions in a 3D view. (BADER; ZITZLER, 2011) describes HypE as a
genetic algorithm that establishes dominance relations based on the hypervolume
indicator (ZITZLER et al., 2003). SPEAZ2 is a genetic algorithm that assigns fitness and
density estimations to determine the non-dominated solutions. Regarding HypE and
SPEA2, Octopus allows adjusting four algorithms’ parameters settings: elitism,
mutation probability, mutation rate, crossover rate. We used Octopus’ default values
for the aforementioned algorithms’ settings. The user manual provides more

descriptions of the engine’s operation, functionalities, and algorithm settings.



Figure 2 — Octopus’ user interface.

1.3.4. Performance assessment

25

[ Start || Stert with Presets |

This last section consists on presenting performance assessment methods that

allow comparing the algorithms across all the problems, on each Chapter. Table 4

presents a summary of all methods used to compare algorithms’ performance on this
study. We used different Python libraries and packages (BENITEZ-HIDALGO et al.,
2019; BLANK; DEB, 2020; PARETOSET 1.2, 2021) to obtain the values for the

different metrics. After computing the metrics, we assigned a score for each algorithm

and summed them to obtain a final rank for each problem.

Table 4 — Methods for performance assessment used to compare algorithms

performance.
Id. Method Description Source Chapter
measures the space
occupied by the non-
1 Hypervolume (HV) dominated solution, i.e., the (ZITZLER et 2,3 and.
; al., 2003) Appendix
space occupied by the
Pareto Front (PF)
measures the range of
- 2,3 and
2  Variability hypervolume values across - Appendix
the 20 runs bP
this metric measures the
3 g/leondelfrlaet(ijonal ﬁ\étev:/i%i Eggudgﬁnsg:ﬁiiaonnce (ISHIBUCHI 3 and
et al., 2015) Appendix

distance (GD+)

and their nearest PF*
solution
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the IGD+ metric measures

Inverted modified the average Euclidean (ISHIBUCHI 2.3 and

4  generational distance between the PF* _
distance (IGD+)  and the region dominated by etal.,2015)  Appendix
the PF

gives a factor by which any
Additive epsilon solution in the PF becomes  (ZITZLER et 3 and
(EPS+) not worse than a solution in  al., 2003) Appendix
the PF*

measures the number of
6 Coverage identical solutions between i 5
9 each algorithms’ PF and the

PF*

We also applied the Kruskal-Wallis test (1952) to assess similar distribution

between algorithms’ HV values. The test is non-parametric; thus, it is not necessary to
have a data with normal distribution, being adequate for the analysis performed on this

study.

1.4. Master thesis structure

This study encompasses five chapters. Chapters two, three, and four are

papers.

Chapter one presents an overview on Simulation Based Optimization (SBO)
methods applied to building related problems, and also a discussion of Grasshopper
as a multimodal platform. The first chapter also presents the relevance and justification
of this study, its main objective and the specific ones. The summary of the benchmark
method used on the following chapters is also presented on chapter one, as this master

thesis structure.

Chapter two assess the performance of RBFMOpt, NSGA2, and MHACO on a
building problem that intends to enhance thermal comfort and reduce energy
consumption with HVAC systems. The approach consists of comparing the later
algorithms thought a scoring method based on the hypervolume, variability, coverage,
and IGD+.

Chapter three expands the analysis performed on the previous chapter and
provide a robust benchmarking that encompasses nine different optimization
problems. The problems vary from five to 18 parameters discrete, continuous, and
mixed. And the objective functions vary from two to three. The problems encompass

thermal, energy, and luminous simulation. We also added MOEA/D, NSPSO, HypE,
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and SPEA2 to the benchmarking process. We maintain the metrics used in the

previous chapter and added GD+, EPS+, and performance profiles.

Since we decided to write this master thesis in a paper format, chapter five
presents a conclusion based on the overall result of the previous chapters and also on
the specific objectives from section 1.2.1. This conclusion chapter also presents the

limitations of this study and recommendations for future research.
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CHAPTER 2: Performance assessment of RBFMOpt, NSGA2, and MHACO

on the thermal and energy optimization of an office building in Brazil

ABSTRACT

Simulation-based Optimization processes (SBO) are great allies in searching
for efficient buildings. This study evaluates the performance of the multi-objective
algorithms RBFMOpt, NSGA2, and MHACO facing the same SBO problem. The goal
is to maximize thermal comfort while minimizing the energy consumption with HVAC
systems for a typical Brazilian office building. We proposed a scoring method based
on four algorithms’ performance metrics: hypervolume, variability, 1GD+, and
coverage. We also applied a Kruskal-Wallis test to determine whether the SBO process
needs multiple executions to obtain the average performance of each algorithm. The
results show that RBFMOpt presents the best performance, reaching a higher score,
especially in situations with low budgets for the simulation and optimization process.
The results also pointed out that the number of cycles for RBFMOpt impacts directly
the quality of solutions, and a higher number of cycles provided better results.

Keywords: Multi-objective optimization. Benchmarking. Building energy

optimization. Building simulation.

2.1.Introduction

Over the last decades, many software that allows implementing optimization
processes has been used (SHI et al. 2016). We can find the plugin Grasshopper, a
visual programming platform associated with the software Rhinoceros that allows
modeling elements at different stages of the design process, including performance
evaluation. Like Matlab or GenOpt, Grasshopper enables highly complex optimization
processes, either from already available plugin-ins or even by implementing new codes
through the various programming languages that are supported. Grasshopper's
programming language differential lies in an user friendly platform and a strong
relationship with modeling and parametrization processes in architecture. The
possibility of modeling, simulating, and optimizing, with all configurations on the same
platform that link several components of visualization of the process in real-time,
culminate in the growing use of Grasshopper in SBO processes (NEGENDAHL;
NIELSEN, 2015; SHI et al. 2016; TOULOUPAKI; THEODOSIOU, 2017; WORTMANN,
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2017, TABADKANI et al. 2019; WAIBEL et al. 2019; WORTMANN, 2019a;
WORTMANN, 2019b).

The operationalization of the SBO process occurs through 3 main components:
the model to be optimized, represented by the set of variables and fitness functions;
the simulation software, which processes the model and variables to generate different
performance conditions; and, finally, the optimization engine, which contains the
optimization algorithm, as well as all settings related to the optimization process itself.
This work aims to discuss the performance of different optimization algorithms in the

third component of the SBO processes.

The algorithm used during the optimization process and the algorithm's engine
are crucial to the SBO process. The correct choice can benefit or harm the process.
Some studies mention the algorithms more suitable to the number of parameters,
objectives, simulation type, and even convergence velocity (ZITZLER; LAUMANNS;
THIELE, 2001; BADER; ZITZLER, 2011; WORTMANN; NANNICINI, 2016;
WORTMANN, 2017; WAIBEL et al. 2019). They show the variation in results impacted
by the type of optimization algorithm chosen (WORTMANN 2017; WAIBEL et al. 2019;
WORTMANN; NATANIAN, 2020). However, they were limited to the hypervolume as

the algorithms’ performance indicator.

This work evaluates the multi-objective optimization algorithms RBFMOpt,
NSGA2, and MHACO, through an SBO process to compare the algorithms'
performance to answer if a bioinspired algorithm or a model-based is more suitable for
the proposed problem, since RBFMOpt employs mathematical function and
approximation methods, NSGA2 uses genetic strategies, and MHACO uses strategies
based on ant colony behavior. Thus, we aim to determine the best algorithm based on
it is main characteristic and its impacts on the fitness functions. This study adds a new
building energy multi-objective optimization problem with only discrete parameters to
assess performance on multi-objective optimization algorithms. Then, we propose a
scoring method based on different algorithms performance metrics to determine which
algorithm has the best overall performance, since the use of different metrics can
capture different performance characteristics of the algorithms, such as convergence

and scattering of optimal solutions across the Pareto front.
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2.1.1. Algorithms and multi-objective optimization benchmark background

Metaheuristic algorithms are often used in the SBO process due to their
flexibility, handling continuous and discrete variables, usually exploring the entire
search space, and simultaneously optimizing multiple objective functions. In multi-
objective optimization scenarios with conflicting objectives, these algorithms return a
set of optimal solutions (NGUYEN; REITER; RIGO, 2014), assigning the optimizer the
task of choosing the one that best fits your proposal. Multi-objective optimization
algorithms aim to find solutions capable of representing the Pareto Front, that is,
solutions whose fitness function values represent the best tradeoffs, being as
converged and spread out as possible.

Genetic algorithms are the most known and used metaheuristics in building
related problems (SHI et al., 2015). They are probabilistic algorithms that use the
Darwinian evolution theories to evolve a population of solutions. Among the most used
in multi-objective problems is the NSGA2, created by Deb et al. (2002). Magnier and
Haghighat (2010) use this algorithm to optimize thermal and energy performances in
buildings. Hamdy, Palonen, and Hasan (2012) use the algorithm in a multi-objective
optimization process to minimize primary energy consumption and the life cycle cost
in a dwelling. Yang et al. (2017) use the algorithm for an optimization process with
three objectives to evaluate the best facade configuration by relating the window-wall

ratio, the envelope's cost, and its thermal load.

The MHACO algorithm (ACCIARINI; 1ZZ0O; MOOIJ 2020) is a metaheuristic
algorithm that combines the hypervolume indicator and ant colonies' behavior
searching for food to find optimal solutions in multi-objective problems. Shi and Li
(2009) use the ant colony algorithm with artificial neural networks to evaluate
residential buildings' performance. Yuan et al. (2012) apply a multi-objective version of
the ant colony algorithm to assess a building's performance based on energy

consumption and life cycle.

RBFMOpt is a multi-objective variation of the RBFOpt algorithm (COSTA;
NANNICINI, 2018). Unlike the previous metaheuristic algorithms, RBFMOpt is a
model-based one. It operates through simplifications of the model, approximating the
value of the fitness function through mathematical methods without any evolutionary

or bioinspired pattern. RBFMOpt evaluates the solutions through an approach that



39

weights the known solutions to improve the optimization results. Wortmann and
Natanian (2021) provide a more complete description of RBFMOpt. Wortmann (2017)
and Waibel et al. (2019) point out that the mono-objective version of the algorithm
presents a superior performance to the metaheuristic methods traditionally used in

SBO processes.

The studies of Wortmann and Natanian (2020) and Luca and Wortmann (2020)
show that the higher performance of the RBFOpt algorithm is also notable in its
RBFMOpt variation for multi-objective problems. For an urban context, the first study
proposed a benchmarking process with RBFMOpt, NSGA2, and HypE on a zero-
energy problem. The second study compared RBFMOpt with three and six cycles (the
number of cycles is directly related to the refinement in the search for the best
solutions), NSGA2, NSPSO, MHACO, MOEA/D, and HypE. Regarding algorithms'
performance assessment, the approach of both studies was based only on the
Hypervolume indicator and the Pareto Front graph.

Since the algorithms' performance depends on problem parameters and fithess
functions, one problem cannot describe the overall performance of an algorithm.
However, it contributes to and can indicate tendencies on algorithms' performance.
The mentioned authors compared different algorithms on building related problems,
and stated the best performance by only assessing the hypervolume indicator and the
Pareto Front configuration. The study's novelty presented in this paper encompasses
an algorithms' performance assessment through different metrics in a new building
optimization problem controlled by ten discrete variables. The use of different metrics
allows assessing algorithms’ performance in a more complete way, since one metric
can fill gaps presented by others. Besides the number of variables, it consists of a
performance enhancement of thermal comfort and energy use in an office building with
statistical tests to justify the need for multiple runs and their impact on the average
performance of each algorithm.

2.2.Method

2.2.1. Optimization problem and simulation process

The simulations ran for Sdo Paulo-SP, Brazil — 23°29.76' S, 46°37.20' W, and
794m, located under a seasonal climate, with well-defined summer and winter

compiled in a TMYXx weather file available on the Climate.OneBuilding.Org repository
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(LAWRIE; CRAWLEY, 2019) with a time series from 1977 to 2018. The geometry of
an office building with three floors, ground, intermediate, and roof encompasses offices
of 50m? each and a corridor of 60m? that divides the building into North and South
rooms, based on Franca, Da Silva, and Carlo (2020). According to the South
Hemisphere requirements, larger fagades face North or South with horizontal shadings
on the North and vertical shadings on the South (Figure 1). The facility operates only
on weekdays from 7 a.m. to 6 p.m., and each office has a Packaged Terminal Heat
Pump (PTHP) system.

Figure 1 — 3D model of the type floor.

The building and energy use parameters used during the optimization process
were defined based on Melo et al. (2014), which established the thermal transmittance
(U-value), solar absorptance (a), Window to Wall Ratio (WWR), and the Solar Heat
Gain Coefficient (SHGC) as the parameters of significant impact on the performance
of commercial buildings. Binary parameters controlled shading devices, where a 0
value indicates that no device while one (1) means that a shading device is attached
to an opening, such as in Figure 1. Table 1 shows the building parameters and their

values. Table 2 shows the occupation, loads, and HVAC setpoints.
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Table 1 — Building parameters.

Paramet Description Bounds
ers
U Roof thermal transmittance {0.62, 1.03, 1.18, 1.75,
roof (W.m2.K") 1.92, 2.25, 4.56)
U Wall thermal transmittance {0.66, 1.61, 2.02, 2.28,
vl (W.m2.K") 2.49, 3.7, 4.4}
Qlroof Roof solar absorptance {0.2, 0.5, 0.8}
Olwall Wall solar absorptance {0.2, 0.5, 0.8}
Window to Wall Ratio for the {5, 15, 30, 30, 45, 65,
WWRN  North (%) 90}
Window to Wall Ratio for the {5, 15, 30, 30, 45, 65,
WWRS  south (%) 90}
SHGCN Solar Heat Gain Coefficient for ~ {0.26, 0.51, 0.62, 0.7,
the North windows 0.82, 0.86}
SHGCS Solar Heat Gain Coefficient for ~ {0.26, 0.51, 0.62, 0.7,
the South windows 0.82, 0.86}
HB Horl.zontal.shadmg device {0, 1}
configuration
VB Vertl_cal sh_adlng device {0, 1}
configuration
Table 2 — Building occupation and loads.
Occupation Infiltration (m3/s per m? i
(ppl/m?) 0.1 facade) 3E-4
Lighting (W/m?) 12 Heating setpoint (°C) 18
Equipment (W/m?) 15 Cooling setpoint (°C) 24

We used the Grasshopper visual programming platform, present on Rhinoceros,
to create the building model on geometry and simulation. For the simulation, Honeybee
Plus from Ladybug Tools 1.1.0 (ROUDSARI; PAK, 2013) performed the simulations
through Energy Plus 9.3. Regarding HVAC modeling, Honeybee Plus has a series of
templates based on ASHRAE (2013). For the PTHP system used on each thermal
zone, we only define the setpoint temperatures and apply the default values present in
the plugin.

The objective functions for the optimization process were defined as minimizing
the consumption of the HVAC system, using the EUI indicator (kWh.m-2.year-), and
maximizing the percentage of occupied hours in thermal comfort (PHTC), according to
the PMV (FANGER, 1970). We define the clothing insulation as 0.66 clo, and the
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metabolic rate as 1.1 met, based on Rupp and Ghisi (2019) that evaluated thermal
comfort in Brazil for buildings in a similar climatic condition to Sdo Paulo — SP. Eq. (1)

and Eq. (2) show both objective functions calculation methods.

18 OHTC (X)
_ “i=1 3120
PHTC(x) = 18 (1)
18 E + Eh

900 (2)

Eq.(1) shows the percentage of occupied hours in thermal comfort (PHCT),
calculated as the average value for all office zones, based on the occupied hours in
thermal comfort (OHTC(x)) divided by the 3120 occupied hours. Eq.(2) shows the
energy use intensity for the HVAC systems, and we calculate this index by diving all
energy consumed with cooling (Ec(x)) and heating (Eh(x)).

2.2.2. Algorithms and configurations

This work used the engine Opossum (WORTMANN, 2017), available on the
Rhino+Grasshopper platform. The engine contains the multi-objective RBFMOpt and
other algorithms from the Pygmo 2 library (BISCANI; 1220, 2020), such as NSGA2
and MHACO. We compared the algorithms RBFMOpt, NSGA2, and MHACO applied
to a multi-objective SBO problem. The performance comparison involved

mathematical, evolutionary, and behavioral principles applied to SBO processes.

To compare the algorithms' performance, we set a budget of 500 function
evaluations to each of the 20 runs. Each iteration represents a solution with its
respective parameters and fitness function values. For RBFMOpt, we use three
different configurations, according to Wortmann and Natanian (2020) that recommend
evaluating a different number of cycles, so we use 3, 6, and 9 cycles. The number of
cycles is related to the time spent generating the set of weights (WORTMANN;
NATANIAN ,2020). For the bioinspired algorithms, we used a population size of 24
solutions (WORTMANN; NATANIAN ,2020; DE LUCA; WORTMANN, 2020).

Regarding other hyperparameters, we employ default values (Appendix).
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2.2.3. Algorithms performance metrics

We proposed a scoring method to determine which algorithms presented the

best performance based on four indicators: hypervolume, variability, IGD+, and

coverage.

Hypervolume (HV): The hypervolume indicator measures the space
occupied for the solutions (ZITZLER et al. 2003). The indicator also allows
assessing convergence and solutions distribution. Thus, higher values
indicate better convergence and better distribution of the Pareto solutions.
We defined an identical reference point for all algorithms and runs to ensure
comparisons between the hypervolume. We calculated the hypervolume
using Pygmo 2 library (BISCANI; 1ZZ0O, 2020).

Variability: The variability is based on the hypervolume obtained on each run
and allows to visualize each algorithm's robustness regarding the range of
the HV and its variation. To assess the variability, we collect all 20 HV values
for each algorithm and calculated the difference between the maximum and
minimum value. So, the algorithm that presents the minor variability has the
best performance for this indicator.

Modified inverted generational distance (IGD+): This metric allows
computing the distance between the dominated space of each algorithm's
Pareto Front (PF) and the Best-Known Pareto Front (PF*) (ISHIBUCHI et al.
2015). To obtain the PF*, we use all solutions from all algorithms and runs.
Thus, we used 50.000 obtained solutions. To obtain the Pareto Front
formation, we used the Paretoset plugin for Python ("Paretoset 1.2" 2021),
and to compute the IGD+ values, we used the pymoo library (BLANK; DEB,
2020).

Coverage: number of identical solutions between each algorithms' PF and
the PF*. Since the PF* is the curve that best represents the problem for the
given evaluation budget, a high coverage value indicates that the algorithm
is capable of finding a high number of solutions that better describe the best
solutions of the problem.

For the hypervolume indicator, IGD+ and coverage, we used the average value

of the 20 runs to determine which algorithms performed the best. After computing the
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four indicators, we assign a rank, from 1 to 5, to each algorithm on each one of the four
metrics. Then, we summed the value obtained by each algorithm to obtain the final
rank. The final value represents the score that indicates the overall performance of
each algorithm in this problem. Still, regarding IGD+ and coverage, we also compute
partial values for the 100", 200", 300" and 400" function evaluations to evaluate the
necessity of a 500-iteration budget. The use of different performance metrics allows
presenting a more complete statement of algorithms’ performance, since different
metrics evaluate different aspects of algorithms’ operation. Thus, it provides a more

robust result, regarding algorithms’ performance.

Based on the average values of the 20 runs for each algorithm, we applied the
Kruskal-Wallis non-parametric test (KRUSKAL; WALLIS, 1952), with a significance
level of 0.05 to state the significant difference between algorithms' average run
distribution. This test allows stating whether the number of runs impact on the average
performance, thus, it can indicate a tendency to computational cost reduction. To verify
whether the algorithms run obtained hypervolumes that differ statistically, we grouped
the hypervolumes and applied the same statistical test. We divided the groups based
on the runs: G1 — hypervolume of the first run; G5 — average hypervolume from the
first to fifth run; G10 — average hypervolume value from first to tenth run; G15 - average
hypervolume value from first to fifteenth; and G20 — average hypervolume value from
all runs. The pairwise comparison tested the groups against G20 to determine the
possibility of computational cost reduction. The null hypothesis of the Kruskal-Wallis
test assumes equality between the distribution of the analyzed data; thus, accepting
the null hypothesis indicates that the data tends to similarity and, consequently, to
reject the null hypothesis enables a statement that a difference between the data
distribution exists. Thus, in this study, accepting the null hypothesis in any pairwise
comparison indicates a tendency to computational cost reduction, regardless of other

pairwise comparisons for the same algorithm, given the independence of the groups.
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Figure 2 — Summary of the proposed method to optimize and assess building and
algorithms performance.
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2.3.Results and discussion

This section presents the results and discussion based on the results obtained
after 50.000 function evaluations, 10.000 for each algorithm — 20 runs with 500 function
evaluations each. We proposed a division based on two sub-sections. The first focuses
on algorithms' performance through the scoring method from section 3.3, and the

second subsection focus on computational cost reduction.

2.3.1. Algorithms’ performance

Figure 3 shows the distribution of PHTC and EUI for each algorithm, considering
all function evaluations. All algorithms created solutions with high performance for both
fithess functions. Though, the distribution points out that RBFMOpt reached a more

comprehensive range of objective functions values.
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Figure 3 — Distribution of all solutions obtained by the algorithms.
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Table 3 shows the average, maximum, and minimum objective functions among
the 20 runs of each algorithm. Although the algorithms have different average
hypervolumes, they share similarities regarding the values assumed by the objective
functions . Except for NSGA2, which presented the maximum global value for PHCT,
all other four algorithms reached the same maximum, only 0.03 units lower than the
global maximum. RBFMOpt9 showed the lowest minimum value for PHTC, equal to
74.2%. RBFMOpt3 and 6 obtained values close to RBFMOpt, but the bioinspired
algorithms showed minimum values for PHTC above 82%. The average PHTC was
close to the maximum value for all algorithms, indicating the concentration of solutions

around the highest values.

Regarding EUI, RBFMOpt3 presented the global minimum. However, the
obtained value is only 0.01 units different from the minimum provided by RBFMOpt6
and 9, 0.15 units lower than NSGA2' EUI, and 1.32 units below the minimum
consumption from MHACO. RBFMOpt showed the highest consumption, followed by
RBFMOpt6, RBFMOpt9, MHACO, and NSGA2. The presence of global extremes on

RBFMOpt restates that the algorithm obtained solutions along with a wider range.
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While comparing extreme values for the objective functions on each algorithm,
RBFMOpt obtained from 30-33% PHTC improvement and 66-68% EUI reduction.
NSGA2 improved PHTC by 18%, and MHACO improved PHTC by 21%, and both
reduced EUI by approximately 60%.

Table 3 — Fitness function values.

Algorithm Value PHTC (%) =Y (KWh.m-
.year-")
max'm” 99.59 129.93
RBFMOpt3 Average  97.56 50,43
Minimum 76.71 44.13
max'm” 99.59 134.25
RBFMOpt6 Average 97.81 56.02
Minimum 74.95 44.14
Maxmu 99.59 130.5
RBFMOpt9 Average 97.88 54.34
Minimum 74.80 44.14
max'm” 99.62 110.77
NSGAZ Average 98.79 53.94
Minimum 84.09 44.28
max'm” 99.59 11453
MHACO Average 97.76 66.41
Minimum 82.21 45.45

Figure 4 shows the average normalized hypervolume values. RBFMOpt has the

best performance, independent of the number of cycles, reaching the highest average

HV values. In contrast, NSGA2 has a maximum average hypervolume corresponding

to more than 90% of the best overall value, and MHACO reaches almost 90%.

However, RBFMOpt achieves high values before 100 function evaluations, with

approximately 97% of the highest value already reached. NSGA2 and MHACO have a

similar performance until around the 80™ iteration, and the ant-colony algorithm

outperforms the genetic algorithm until this point. From this point, NSGA2 has a more

significant HV increase and starts to show signs of stability around the 250t iteration.

MHACO has slower growth, with many function evaluations without significant

improvement and long stable periods. The algorithms’ performance, based on the
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hypervolume indicator, is directly based on the nature of each algorithm. Since the
hypervolume is obtained by computing the space occupied by the non-dominated
solutions, we can conclude that the search mechanisms employed by RBFMOpt are
better designed, as they provided higher hypervolume values. This analysis also
applies for NSGA2 and MHACO, but inversely, because they provide worse results.
Thus, their search mechanism fails to diversify the search for non-dominated solutions
for the given evaluation budget, despite presenting non-dominated solutions that

occupy a high space (normalized HV higher than 0.8).

The Kruskal-Wallis test showed a significant difference between the algorithms'
average run distribution since the p-value was less than 0.05. The pairwise comparison
showed that only RBFMOpt6 and 9 have a similar distribution of the average run values

since their p-value was above 0.05.

Figure 4 — Average hypervolume for each algorithm.
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Function evaluations
The early convergence observed in RBFMOpt, which does not compromise the
final results, is favorable to the multi-objective SBO process. Figure 5a presents the
rank regarding the HV indicator and its variation during the 500 function evaluations.
The rank allows more precise visualization of the performance, especially RBFMOpt,

which presents the three variations with similar positions in Figure 4. We observe that
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RBFMOpt9 has the best performance regarding the HV indicator, RBFMOpt6 has the
2" and RBFMOpt has the 3. RBFMOpt6 and 9 disputed the 15t first position between
the 100" and the 400" iteration. The number of cycles is directly related to the
accuracy of the weight employed by RBFMOpt so, and on this problem a higher
number of cycles achieved a better convergence, hence, higher hypervolume. On the
opposite position, MHACO stagnated on the 5" position before the 100" iteration, as
NSGA in the 4. Then, MHACO had the first position in the early function evalutions,
but RBFMOpt rapidly took its place and maintained it until the end.

Figure 5 — Algorithms' rank based on the average hypervolume (a), and variability of
the hypervolume indicator in the 20 runs (b).
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Figure 5b shows the variability of the HV from each algorithms' runs. RBFMOpt
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presented the minor variability independent of the number of cycles. After ranking the
variability, we noted that RBFMOpt6 has the 1St position, varying 42.91 units, on
second, RBFMOpt9 varies 57.30 units, and on the third position, RBFMOpt3 varies
72.60 units. NSGA2 and MHACO had the most significant variations. The genetic
algorithm varies 478.65 units, while the ant-colony algorithm varies 580.38 units.
These results show once more the superior performance of RBFMOpt. RBFMOpt3, in
particular, accomplishes results faster, with higher magnitude, and without high



50

variations between runs since it is almost ten times lower than NSGA2 and more than

twenty times lower than MHACO.

Figure 6 shows the PF with the highest hypervolume of each algorithm and the
Best-Known Pareto Front (PF*). Except for MHACO, all algorithms presented high
similarities between their PFs and the PF*. Nevertheless, all algorithms had high PHTC
levels and could also obtain low HVAC consumption. Figure 6 also shows higher
energy consumption levels for thermal comfort situations that differ by less than two
percentage units. So, among the solutions in the PF*, we can find the extreme solutions
that do not present a significant increase on the PHCT but present it in the energy
demand. Based on the PF*, the worst solution for PHTC and best EUI, has 98.18% of
thermal comfort and an energy consumption of 44.14 kWh.m-2. The best solution for
PHTC and worst for EUI has 99.62% of thermal comfort and an energy demand of
56.62 kWh.m-2. In this case, they differ only 0.01% regarding PHCT, but the EUI is
approximately 28% bigger. Still regarding solutions’ distribution, Figure 6 shows the
impact of different number of cycles on the formation of the Pareto Front of each
algorithm. Higher cycles provided curves closer to the Pareto Front, but all three
configurations obtained extreme solutions. For NSGA2, Figure 6 shows a narrower
search, with maximum values for both objective functions closer to RBFMOpt6 and 9,

but minimum values more distant from RBFMOpt.



Figure 6 — The Pareto front of the evaluated algorithms and the highlighted Best-
Known curve (PF*).
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Figure 7a shows the distribution of the IGD+ value obtained on each run. The
distribution of RBFMOpt values shows that a higher number of cycles provide Pareto
Fronts closer to the PF* since they present lower IGD+ values. Figure 7 shows that
RBFMOpt provides lower IGD+ values than the bioinspired algorithms regardless of
the number of cycles. Figure 7a restates the high variability of the genetic algorithm.
Again, the genetic algorithm presented solutions with low and high IGD+ values and
an average value far superior from RBFMOpt. MHACO presents the worst
performance, as seen in Figure 7, without any run with IGD+ closer to RBFMOpt.

Figure 7 — IGD+ variability (a) and coverage variability (b) of each algorithm along

with the 20 runs (on both boxplots the red line shows the average value. For the
coverage indicator, the upper limit, on the Y-axis, is the number of solutions in the
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The coverage values in Figure 7b show an analogous situation to Figure 7a.
RBFMOpt shows the higher average coverage, with RBFMOpt9 in the 15t position,
followed by RBFMOpt6 and RBFMOpt3. Once more, NSGA2 presents a higher
variability, despite presenting the run with the highest coverage. This high variation on
the genetic algorithm makes his use not a reliable choice since the simulator can
achieve solutions on both extremes. For the MHACO algorithm, despite achieving an
average hypervolume between 80% and 90% of the best performance on this problem,

none of the obtained solutions are present in the Best-Known curve in any of the runs.
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These results can explain the highest IGD+ values present in Figure 7a. The results
shown in Figure 7 corroborate with the hypervolume values in Figure 5. RBFMOpt is
more robust than both bioinspired algorithms, since it can find the best results with less
variability.

Table 4 shows the score obtained by each algorithm on each performance
indicator, using their average values. The results allow us to state that RBFMOpt9 has
the overall best performance, only having the second position on the variability metric.
RBFMOpt6 has the second position, with 2 more points than RBFMOpt9, and
RBFMOpt3 has the third, 7 units above the winner. NSGA2 had the fourth position,
scoring 11 units above the best algorithm. MHACO had the worst performance, being
the last in all metrics, 15 units above RBFMOpt9. Based on the performance metrics,
the results allow pointing out that users should prefer RBFMOpt, especially with 9
cycles. The number of cycles is directly related to the Pareto Front configuration since
they generate the weights used to approximate the objective functions and improve
the Pareto Front. In this problem, using RBFMOpt with more cyles resulted in a better
performance, despite the less optimized weights. Thus, we can conclude that, for this
problem, RBFMOpt’s performance is more impacted by the time spent optimizing the
weights than the number of optimized weights. As shown in Table 4, both RBFMOpt
with 9 and 6 cycles provided the best outcomes, outperforming RBFMOpt9 by 7 and 5
points, respectively. NSGAZ2's variability negatively impacted its scoring since the
genetic algorithm achieved extreme results with high variations. Despite the equal
budget, MHACO does not achieve good results, such as the model-based algorithms.

Table 4 — Final score of each algorithm (best and worst position in bold).

Algorithm  Hypervolume Variabilit IGD+ Covera Final
y ge Score

RBFMOp 3 3 3 3 12

t3

RBFMOp 5 5 1 5 7

t6

RBFMOp 5

t9 1 1 2 1

NSGA2 4 4 4 4 16

MHACO 5 5 5 5 20

Since one optimization problem cannot describe the performance of an

algorithm for other problems (HO; PEPYNE, 2002), we compared these results with
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the ones of Wortmann and Natanian (2020), and Luca and Wortmann (2020) that apply
the same algorithms for different problems. The results presented in this study confirm
the ones found by previous works in optimization problems with different
characteristics. Considering that, in both referenced studies, the authors used mixed
variables. As presented in section 2.1, this study used 10 discrete variables. Since the
results were similar to mentioned previous studies, we can sustain that the
performance of the algorithms was not affected by using discrete or mixed variables.
All benchmarks used two objectives; thus, it is not possible to point out the impact of
the number of objectives on the algorithms’ performance. On the other hand, this study
advances by employing a larger evaluation budget (50.000 function evaluations)
compared to Wortmann and Natanian (2020) that used 960 function evaluations, and
Luca and Wortmann (2020) that used 2.500 function evaluations. Regarding
performance metrics, this study used the hypervolume indicator, such as the
referenced authors, but it also used coverage and IGD+, allowing a more robust
evaluation of algorithms’ performance. Then, this study also innovates by evaluating
computational cost reduction by the Kruskal-Wallis test combined with the previous

performance metrics, as we can see in the next section.

After associating the results, it is possible to expand the conclusion of
RBFMOpt's superiority, outperforming well-known bioinspired algorithms. RBFMOpt
also is preferred for small evaluation budgets since the model-based algorithm

produces good results in few function evaluations.

2.3.2. Computational cost reduction

Figure 8 shows the evolution of the hypervolume indicator, IGD+, and coverage,
considering the 100", 200", 300%", 400", and 500 iteration. Figure 9a shows the
average hypervolume evolution and allows stating that RBFMOpt has the fastest
convergence to the optimal solutions region (Figure 8b, and Figure 8c). Thus, these
results present possible computational cost reduction, cutting the evaluation budget
from 500 to 200 function evaluations, a 60% reduction. NSGA2 shows signs of
convergence only after 300 function evaluations and MHACO after 400 function
evaluations. However, reducing the evaluation budget for these bioinspired algorithms
can compromise the results since they continue to improve the other metrics after the

300t iteration. The improvements have a significant impact on their performance.
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Figure 8 — Evolution of the algorithms' hypervolume (a), IGD+ (b), and coverage (c)
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The analysis of the evolution of the IGD+ values in Figure 9b enables stating
whether great variations occur between the indicator based on the function evaluations
used to generate the algorithms’ PFs. RBFMOpt shows the slightest variations, with
IGD+ values smaller than 0.5 already in the 100t iteration. From the 100" PF until the
500t, RBFMOpt3, 6, and 9 continue to reduce the IGD+ value. NSGA2 had the higher
variation and achieved a final average IGD+ value above the presented by RBFMOpt
in the 100t iteration. MHACO presented the worst performance, with high variations
but a final value far above RBFMOpt, and NSGA2.

The algorithms coverage from the 100t to the 500t iteration allows restating the
superior performance of RBFMOpt (Figure 9c). On its three variations, the model-
based algorithm is the only one that presents solutions on the 100" iteration that
remains on the PF* by the end of the 500" iteration. NSGA2 gradually increases the
coverage of the PF*. However, the average coverage of NSGA2 at the 500" is below
RBFMopt's coverage. Despite MHACO's IGD+ value reduction and function
evaluations (Figure 9b), the algorithm presents the worst coverage, without any

solutions on the PF*.

Combining the performance metrics evolution and the function evaluations,
Figure 9 states that after the hypervolume stabilization for RBFMOpt and NSGAZ2, both
algorithms continue to increase coverage. Thus, they focus on refining the search
space by refining solutions. In this way, the first 200 function evaluations are critical for
both model-based and genetic algorithms. Especially for RBFMOpt, a computational
cost reduction appears to be feasible since the algorithm doesn't have a higher
increase in the hypervolume and IGD+ after the 200" iteration. Despite showing
increasing coverage, the IGD+ value for RBFMOpt allows a budget reduction since the
value is low, meaning that the solution is near the Best-Known curve despite not

presenting a high coverage.

Table 5 summarizes the Kruskal-Wallis test performed on each algorithms'
group. The results state that both RBFMOpt and MHACO have groups with average
hypervolume distribution that tends to be similar to their average value, e. g.,
RBFMOpt6's G15 and G20 tend to have the same hypervolume distribution. This result
indicates that in this problem the simulator could stop the optimization right after the
15" run since the values obtained for the following runs don’t impact the average
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values. Thus, it will lead to a reduction of five runs, which represents 25% of the
evaluation budget. The same tendency appears on RBFMOpt3 (G10-G20 and G15-
G20), RBFMOpt9 (G5-G20, G10-G20, and G15-G20), and MHACO (G5-G20 and G10-
G20). Thus, the computational cost reduction from the groups with a trend to similar
distributions can vary from 25% to 75%. RBFMOpt9 shows the best trend to cost
reduction. NSGA2 was the only algorithm that didn't reduce computational cost since
the pairwise comparison rejected the null hypothesis for all groups. The results
obtained in this study only allow to draw tendencies for cost reduction in this particular
problem. However, this method can be applied in other benchmarks to state whether

the algorithms need multiple executions.

Table 5 — Pairwise comparison with the Kruskal-Wallis test of the hypervolume
distribution of each group and computational cost reduction

Algorithm  Group r’:l;;llothesis Cost reduction
G1-G20 Reject 0

RBFMOp G5-G20 Reject 0

t3 G10 - G20 Accept 50%
G15- G20 Accept 25%
G1-G20 Reject 0

RBFMOp G5-G20 Reject 0

t6 G10 - G20 Reject 0
G15- G20 Accept 25%
G1-G20 Reject 0

RBFMOp G5 -G20 Accept 75%

t9 G10 - G20 Accept 50%
G15- G20 Accept 25%
G1-G20 Reject 0
G5 - G20 Reject 0

NSGA2 G10 - G20 Reject 0
G15 - G20 Reject 0
G1-G20 Reject 0
G5 - G20 Accept 75%

MHACO G10 - G20 Accept 50%
G15 - G20 Reject 0

2.4.Conclusions

The use of different algorithms can present different results for the same
problem. The use of the algorithms RBFMOpt, NSGA2, and MHACO to solve a multi-
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objective optimization problem in an office building, to maximize the average hours of
comfort according to the PMV index (Fanger 1970) and to minimize the electricity
consumption with HVAC systems, allowed identifying different behaviors among the

results.

The average hypervolume of the 20 executions of each algorithm showed that
RBFMOpt presented strong evidence of convergence before completing 100
evaluations of the objective functions , regardless of the cycle variation (3, 6, and 9).
These results may indicate a significant computational cost reduction on multi-
objective SBO processes, up to 60%. Thus, for low budgets, only RBFMOpt is capable
of achieving good solutions.

The results allow us to conclude that RBFMOpt has the best performance
considering it reached the lower final score, and MHACO has the worst performance,
with the highest score. The coverage metric allows stating that using MHACO on SBO
problems, such as the one presented in this study, should be avoided. The non-
parametric Kruskal-Wallis test showed that both RBFMOpt and MHACO have a

tendency to computational cost reduction from 25% to 75%.

The present study results were also compared with the results obtained by
Wortmann and Natanian (2020) and Luca and Wortmann (2020). The first study used
an optimization problem with seven continuous and two discrete variables and an
evaluation budget of 960 function evaluations. The second used an optimization
problem with four continuous and four discrete variables, and an evaluation budget of
2.500 function evaluations. In both cases, the authors only use the hypervolume
indicator and the Pareto Front graph to assess algorithms’ performance. The present
study adds to their results by stating RBFMOpt superiority depending on its
configuration, based on other performance metrics, such as IGD+ and coverage on a
full discrete optimization problem. This study also applies statistical test and assess
computational cost reduction tendencies for all algorithms. Even though each of the
studies presents conclusions that are restricted for the problem evaluated, RBFMOpt
outperformed all algorithms in all situations with similar parameters and the same
number of objectives. Thus, combining these results allows us to point out that
RBFMOpt tends to outperform other commonly used algorithms, such as genetic

algorithms and other bioinspired, especially in problems with similar characteristics
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regarding the number of parameters and fitness functions. Then, the following aspects

summarize the conclusions of this study:

For small evaluation budgets, RBFMOpt has the best performance, and
before 100 evaluations of objective functions have been completed,
RBFMOpt shows signs of convergence;

For the same problem, it is possible to reduce the computational cost from
up to 60% per run;

Multiple executions of the SBO process have a statistically significant impact
on the average hypervolume. However, RBFMOpt and MHACO show a
tendency to computational cost reduction by reducing the number of
executions without affecting average hypervolume distribution;

The Score method adopted pointed out that RBFMOpt9 presents the best
performance. And that higher number of cycles for RBFMOpt can provide
better results;

RBFMOpt makes a suitable candidate for large-scale problems, since the
algorithms presents good results and a fast convergence, reducing

computational cost.
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Appendix

Here we present all algorithms untuned parameters used in this study, available
in Opossum (Wortmann 2017). Table 6 shows the untuned parameters' values for
RBFMOpt, NSGA2, and MHACO, apart from the tunned parameters presented in

section 2.2.
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Table 6 — Untuned parameters for RBFMOpt, NSGA2, and MHACO.
Algorit

hm Parameter Definition Value
, number of solutions used in each
max_filter 6
restart
weight_me controls objectives combination aug_tcheb
RBEM thod ycheff
Opt epsilon used for the Tchebycheff sum 0.1
weight_ser . , low_discre
. controls weight generation
ies pancy
do init controls if RBFOpt’s initialization False
- should be runned at each restart
cr crossover probability 0.95
eta_c distribution index for crossover 10
NSGA m mutation probability 0.01
2 eta_m distribution index for mutation 50
seed seed used by the internal random random
number generator
number of solutions stored in the
ker : . 63
solution archive
q convergence speed parameter 1
threshold ’:)harre:r:gltcé rparameter to reduce q 1
MHAC
) pk_gen_ma std convergence speed parameter 7
focus focus parameter — local 0
improvements
seed used by the internal random
seed random

number generator

Source: Adapted from Opossum’s GUI (Wortmann 2017; Pagmo 2021a; Pagmo
2021b).
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CHAPTER 3: Benchmarking multi-objective optimization algorithms on

building performance problems

ABSTRACT

The increasing development in the computational field that allowed software and
hardware advances enables more refined building performance analysis. Simulation-
based optimization (SBO) methods allow achieving high standards by combining
parametric modeling, simulation, and optimization methods. However, SBO methods
still need developments, especially regarding the correct choice of the optimization
algorithm based on the specific characteristics of each problem. This study proposes
a multi-objective optimization algorithms benchmark by comparing seven multi-
objective optimization algorithms across nine building-related problems including
thermal, energy, and daylight simulation. The problems varied from 5 to 18 discrete,
continuous, and mixed parameters. The objective functions varied between two and
three. We used the hypervolume indicator, IGD+, GD+, and EPS+ to compare
algorithms performance and also to assess the tendency to computational cost
reduction. We also performed the Kruskal-Wallis non-parametric test to analyze the
impact of multiple runs on the hypervolume indicator. The results showed that
RBFMOpt and HypE have the best performance across all problems. Therefore, these
results show that both RBFMOpt and HypE tend to perform better in multi-objective

optimization problems such as the ones used in this study.

Keywords: Building energy optimization. Genetic algorithms. Model-based

algorithm. Algorithms’ performance metrics. Computational cost reduction.

3.1.Introduction

At the end of the 20™ century, the oil crisis associated with climate change in
recent years directly impacted the architectural design in its most diverse typologies,
since they triggered several discussions about energy consumption in buildings. We
increasingly sought planning over premises that prioritized the reduction in the energy
demand of buildings. Also, in this context, projective aspects emerged and gained
prominence that sought the production of architectures produced through digital tools

focused on the performance of the building, in addition to the growing premises of
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energy efficiency. These facts, linked to technological advances, in the various
branches of science, but mainly in computing, allowed to measure the performance of
these buildings from the creation and use of software that seek to assist in the
evaluation of buildings through the simulation of the conditions desired by the architect.

Parametric modeling, marked by the possibility of producing typologies of
objects according to specific parameters that, with small changes, can generate
diverse objects, is gaining more and more space in the field of architecture (FAROUK
et al., 2019; OXMAN, 2017; SANTANA et al., 2015; TURRIN et al., 2011). When
parameterization is associated with the performance-based design, it is possible to
evaluate the variation in building performance for different projective solutions, thus
being possible to associate several approaches to ensure a higher quality building in

several aspects, such as comfort, energy consumption, lighting, etc.

In addition to the parameterization processes applied to the architecture design,
Simulation-Based Optimization is also gaining ground. SBO processes enable the
generation of different results that start from the same initial model and respond to one
or more predefined objectives through the assimilation of parameterization processes,
computational simulations, and optimization. Architectural problems, usually have
multiple objectives that need to be satisfied to obtain the best performance solution.
However, given the limitations of the engines and the complexity in the development
of multi-objective tools, the simulator often opts for the transformation of the muilti-
objective problem into a mono objective one, reducing the time spent in the process
and still obtaining results that satisfy the initially proposed problem. Thus, it is possible
that, in a shorter time, several solutions-response to the raised design problems are
obtained from the use of Simulation-Based Optimization (SBO) processes that tend to
increase the quality of the obtained buildings (NGUYEN; REITER; RIGO, 2014). Also,
obtaining different design solutions with high performance allows the designer to
decide which one is the best option.

The project process through SBO is based on the integration of several tools
and projective strategies, such as parameterization, simulation and optimization, in
order to find optimal solutions that meet performance conditions pre-established by the
simulator, and increasingly this type of approach has gained space in the architecture
(ASCIONE et al., 2016; FONSECA et al., 2017; GONZALEZ; FIORITO, 2015;
GRANADEIRO et al., 2013; NEGENDAHL; NIELSEN, 2015; TOULOUPAKI,
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THEODOSIOU, 2017; TUHUS-DUBROW; KRARTI, 2010). However, the lack of
familiarity of the architect with the platforms and programming codes implemented
during the process, in addition to the high computational cost of SBO processes,
restrict the use of SBO methods outside the academic-scientific environment. In order
to make a greater approximation between the architect and optimization it is
necessary, first, to create bases that guide the process, allowing the simulator to focus

on the evaluation of the solutions obtained through SBO.

According to Shi et al. (2016), although the use of Simulation-Based
Optimization (SBO) processes is growing in the field of architecture, it requires
advances and further investigations, such as the determination of which algorithms are
the most recommended for each type of required simulation. From different works, it is
possible to observe that surveys were made regarding the type of algorithm used in
SBO processes in architecture and its behavior in the face of the different problems
(EVINS, 2013; MACHAIRAS et al., 2014; WAIBEL et al., 2019; WORTMANN, 2019a,
b). Garcia et al. (2017) presents the use of statistical methods in the evaluation of the
performance of genetic algorithms in problems not related to architecture, but which
can be applied to other cases and help in determining which algorithms are best suited
to certain problems. However, a gap is still noticeable between the choice of the
appropriate algorithm type and the convergence speed combined with the quality of
the result. It is necessary that the process becomes clearer regarding the settings that
should be used according to the type of algorithm and chosen engine, since different
configurations result in different performances for the same problem.

According to Nguyen, Reiter and Rigo (2014), an optimization process consists
of three phases: pre-processing, which comprises the entire preparation of the model
for optimization; processing, which is the phase in which the optimization process takes
place; and, post-processing, which is the collection and treatment of the data obtained
in the process. However, in an optimization process the pre-processing phase is the
most important because it makes several decisions that directly influence the future
results. Preprocessing comprises the decisions and processes that precede
optimization, such as geometry modeling, definition of algorithms and engine, definition
of the optimization software/plugin, definition of objectives, etc. Thus, it is the most
important phase to the optimization process, since it prepares the entire model for the
realization of the optimization itself (NGUYEN; REITER; RIGO, 2014). Assessing
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algorithms performance to state which one is more suited for an optimization process

is a pre-processing step, since it is a part of the algorithm’s selection phase.

This study aims to benchmark different multi-objective optimization algorithms
across nine different building performance problems, related to thermal and luminous
comfort, energy demand and cost, construction cost and daylight availability. We
applied different performance metrics and a scoring technique to state which algorithm
performs the best in each problem. Thus, we provide a robust methodology based on
performance metrics that can capture different aspects related to algorithms

performance.

3.1.1. Simulation-Based Optimization (SBO)

The SBO process is based on the optimization of objectives from the variation
of one or more parameters (BANOS et al., 2011). The association of simulation
software and optimization processes allow, therefore, that the model in question has
its performance maximized from the attendance of certain criteria established based
on the data obtained by the simulation process. SBO is a method that is based on the
association of simultaneous optimization and simulation processes, through the
maximization and/or minimization of objectives, and the evaluation of the different
models generated, thus ensuring a higher quality of the results obtained at the end of
the process. Generally, the results obtained by SBO processes are evaluated through
an optimal solution curve — called pareto curve — and from it, the architect should
consider his expertise to determine one or more solutions that satisfy the pre-
established problem.

Gonzalez and Fiorito (2015) apply an SBO strategy through the Galapagos
optimization engine, which uses a genetic algorithm in the search for solutions, for the
development of solar protections in order to obtain the best shading configuration for
the internal environment, increasing comfort levels and improving energy performance
in office buildings. Ascione et al. (2016) uses the Matlab platform to perform an
optimization process through the implementation of a genetic algorithm based on the
NSGAII algorithm (DEB et al., 2002), in order to reduce the operational cost with air
conditioning systems, from the evaluation of point set temperatures and the
consequent increase in the thermal comfort of users of a building. Lobaccaro et al.
(2018) presents the SBO process applied to the reduction in greenhouse gas
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emissions in a building and presents the potential for application of this strategy,
associated with parameterization at the initial stages of the project. Lobaccaro et al.
(2018) uses multiple simulation-based optimization processes, the study employs
Galapagos and Octopus optimization engines, which operate through evolutionary
algorithms. In addition to the papers presented, SBO is also applied in other cases,
both at the national level (DA SILVA et al., 2018; FONSECA et al., 2017; LOCHE;
CARLO, 2021; LUCARELLI et al., 2019, 2020; SANTANA; CARLO, 2016), as well as
international (KHEIRI, 2018; NEGENDAHL; NIELSEN, 2015; SHl et al., 2016; TUHUS-
DUBROW; KRARTI, 2010).

The SBO process is operationalized through engines and algorithms that must
be defined by the simulator to better respond to the established problem. The engines
are accessed through software/plugins and correspond to the interface in which the
simulator will indicate the objectives to be achieved and if they will be optimized, as
well as the parameters that will be varied with their possible range of values.
Configurations are also made regarding the optimization process, such as the number
of function evaluations, definition of the algorithm, etc. The choice of the algorithm is
also of great importance to the process, since it establishes all the logic of the engine
operation and, consequently, defines how the optimization will be operationalized as
to the variation of parameters and the search for optimal cases. According to
(MACHAIRAS et al., 2014; WORTMANN, 2019b), the SBO processes in architecture
mostly use genetic algorithms in optimization processes. Thus, the adopted processes
have behavior based on Darwinian patterns, with evolutionary character and

relationships of mutation, crossing, etc.

The type of algorithm affects the SBO process, as its operation can benefit or
impair convergence in optimization. Among the various existing genetic algorithms
(MACHAIRAS et al., 2014; WORTMANN, 2019b), some are more recommended for
certain types of optimization processes. As an example, HypE (BADER and ZITZLER,
2011), has its operating structure based on the evolutionary principles associated with
sampling methods of the Latin Hypercube and presents better functioning in problems

involving a large number of variables and objectives.

Although widely used, genetic algorithms have their application to architectural
problems, mainly due to the computational cost of the process (WAIBEL et al., 2019;
WORTMANN et al., 2017). The work of (DA SILVA et al., 2018) presents the high
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computational cost of performing daylighting SBO with evolutionary algorithms, since
it was necessary near to 1 month of processing to obtain a number of generations less
than 100 in 2018 in a regular desktop. Then, it was natural when (WORTMANN, 2017a,
b) questioned this use of genetic algorithms by proposing a new type of algorithm
rather than the Darwinian based, governed by purely mathematical processes through
radial-based functions. Until now, the application of this algorithm is recommended for
single-objective optimization problems, based on (WAIBEL et al., 2019). In multi-
objective problems, the algorithms has shown a good performance until now, based
on the studies of (LUCA and WORTMANN, 2020; WORTMANN and NATANIAN, 2020,
2021). For single and multi-objective problems, the radial-bases function algorithm is
highly recommended, especially for low budgets, since it provides good results with
few evaluations. However, these studies present several limitations, since they
evaluate a single problem and also employ a few performance metrics to determine

which algorithm has the best outcome.

3.2.Benchmarking methodology

3.2.1. Benchmarking problems

The following subsection shows the problems used in this benchmarking. They
all are processed using the visual programming and parametrization platform,
Grasshopper for Rhinoceros. Problems 1 to 8 use Honeybee, from Ladybug Tools
plugins (ROUDSARI; PAK, 2013), to perform all simulations. Honeybee implements
EnergyPlus (DOE, 2021) simulations for thermal and energy simulations. For daylight
simulations, Honeybee uses Radiance and Daysim implementations. Problem 9,
available on (WAIBEL et al., 2019), directly employs EnergyPlus through a C#
programming script. Table 1 summarizes all problems used in this benchmark.

Table 1 — Summary of benchmark problems.

Problem Parameters Fltnegs Source

functions
p1: Apartment — 5 > Adapted (RODRIGUES et al.,
Cold climate continuous 2019; TELLES, 2016)

p2: Apartment — 5 > Adapted (RODRIGUES et al.,
Seasonal climate continuous 2019; TELLES, 2016)
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p3: Apartment — Hot 5 > Adapted (RODRIGUES et al.,
Climate continuous 2019; TELLES, 2016)
p4: Office zone 13 2 i
continuous
p5: Office zone 13 discrete 2 -
p6: Office zone 13 mixed 2 -
p7: Office zone 13 . 3 -
continuous
p8: Office floor 16 discrete 2 -
p9: Low-cost house 18 mixed 2 Adapted (NGUYEN; REITER,

2014)

3.2.1.1. Problems 1 to 3 — Single-family apartment: daylight and energy

consumption

Problems 1 to 3 are apartments based on Telles (2016) and Rodrigues et al.,
(2019)—the first study compiled representative Brazilian houses and apartment
models according to geometric and constructive characteristics while the second
developed typical uses and internal loads for the Brazilian territory based on climatic
conditions. (RODRIGUES et al., 2019) presents three end-use and load models typical
to cold climate, hot climate, and seasonal climate. This study uses the single-family
apartment composed of kitchen, living room, bathroom, and bedroom (Figure 1). Each
room only has one outdoor wall that corresponds to the one that contains a window.
We modeled the other perimetral walls as adiabatic. We considered a Packaged
Terminal Heat Pump (PTHP) in the living room and the bedroom for cooling and
heating, as proposed by (RODRIGUES et al., 2019).

The first fithess function considers the annual electric energy cost (EEC) with
the PTHP system, lighting, and equipment. Eq. (1) shows the EEC calculation method,
where EEmi(x) is the energy consumption for each month, and Tmi(x) is the electricity
tariff for the same month. The electricity tariff has monthly variations based on local

taxes and the apartment’s consumption.

12
EEC(x) = Z(EEmi(x) X Tm;(x)) "
i=1

The second fitness function assesses daylight availability in the living room due
to the increasing home-office situation caused by the COVID-19 pandemic. We used
the Useful Daylight llluminance indicator (UDI) in a range of 100-2000Ix (NABIL;
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MARDALJEVIC, 2006). For the daylighting simulations, the illuminance grid has a size
of 1m and 0.80m in height. Table 2 presents the decision variables.

Figure 1 — Single-family apartment model with window extrusion for the daylight
simulation.
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Table 2 — Decision variables for problems 1 to 3.

Variable Description Units Bounds

x1 Azimuth ° [0, 360]

x2 Rooms height m [2.5, 3]

x3 External walls solar absorptance - [0.1,
0.9]

x4 Celling visible reflectance - [0.1,
0.9]

x5 Interior walls’ visible reflectance - [0.1,
0.9]

Problem 1 uses the cold climate apartment model in Lages, SC, Brazil (27.8167
S, 50.3264 W), problem 2 uses the hot climate apartment model, for the city of Jo&do
Pessoa, PB, Brazil (7.11532 S, 34.861 W), and problem 3 uses the seasonal climate
apartment model for Belo Horizonte, MG, Brazil (19.8157 S, 43.9542 W). Apart from
climatic conditions and electricity tariff, problems 1 to 3 also differ on setpoints for
cooling and heating: problem 1 has 14.5°C for heating and 26°C for cooling; problem
2 has 18°C for heating and 26°C for cooling; and problem 3 has 18°C for heating and
28°C for cooling. The problems encompass five continuous decision variables,
presented in Table 2, applied to two simultaneous simulations for all three problems:

energy consumption and daylighting.
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3.2.1.2. Problems 4 to 7 — Office zone: daylight availability, distribution and

glare

A single zone office for problems 4 to 7 aimed to improve daylighting in a floor
plan with 5m width, 10m depth and with a minimum height of 2.5 m. The parameters
encompass geometric and optical characteristics, as presented in Table 3. We limited
the maximum area of windows to an offset of 0.05 m from the total outdoor wall area
(Figure 2) divided in two parts, upper and lower window. We added a light shelf at the
window’s intersection with a visible reflectance of 0.8. The upper window can have a
height between 5% and 40% of the total window height, and the lower window can
have a height between 30% and 100% of the remaining height. So, the variable that
controls the lower window height is a function of the upper window height. The interior
light shelf has a fixed width of five meters, and the outdoor light shelf width can extend

up from 0.05 to 1.5 meters beyond the window’s width.

Figure 2 — Office zone model indicating parameters x2 to x6.
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Table 3 — Decision variables for problems 4 and 7 (bounds 1 shows the variation for
the continuous problem and bounds 2 shows the variation for the discrete problem).

Variable Description Units Bounds 1 Bounds 2

x1 Azimuth ° [-180, {-180, -135, -90, -45,
180] 0, 45, 90, 135, 180}

X2 Office height m [2. 5, 4] {2.5,2.6,2.7,2.8, 2.9,

3,3.1,3.2,3.3, 3.4,
3.5,3.6, 3.7, 3.8, 3.9,
4}
x3 Upper window height factor % [0.05, {0.05, 0.15, 0.4}
0.4]
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x4 Lower window height factor % [0.3, 1] {0.3,0.5,0.7, 1}

x5 Windows width factor % [0.05,1] {0,05,0.3,0.5,0.7, 1}

X6 Outdoor light shelf width m [0.05, {0.05, 0.3, 0.6, 0.9,
extension 1.5] 1.2, 1.5}

X7 Outdoor light shelf depth m [0.1, 1] {0.1,0.4,0.7, 1}

x8 Indoor light shelf depth m [0.1, 1] {0.1,0.4, 0.7, 1}

x9 Upper window visible - [0.05, {0.05, 0. 3, 0.6, 9}
transmittance 0.9]

x10 Lower window visible - [0.05, {0.05, 0. 3, 0.6, 9}
transmittance 0.9]

x11, Ceiling, walls, and floor visible - [0.2,0.8] {0.2,0.5,0.6, 8}

x12, reflectance

x13

To determine the analysis grid required for daylight simulations, we use the
recommendations of (ABNT, 2013). Then, we set the grid area at 0.75m height and

with an offset of 0.5m. We also set the grid cells with 1m.

Problem 4 has two fitness functions: maximizing Daylight Autonomy (DA) and
maximizing the uniformity index. DA measures the percentage of time in which the
sensor receives illuminance levels above a specific threshold, by default this value is
300Ix. The uniformity index measures daylight distribution in the space by averaging
the uniformity of each sensor. Thus, for each sensor, we divided the lowest illuminance
values by the average illuminance of the sensor. Problem 5 maintains the objective
functions of problem 4 but uses all variables as discrete, and problem 6 uses mixed
continuous (x3, x4, x5, x6, x7, and x8) and discrete variables (x1, x2, x9, x10, x11, x12,
and x13).

Problem 7 maintains DA and Uniformity maximization and adds a third fitness
function: minimizing the glaring probability. For the later fitness function, we used the
Daylight Glare Probability index (DGP) proposed by (WIENOLD, 2009). DGP is a point-
in-time index, i. e. gives the value for a specific moment in the year, and each new
DGP value requires a new simulation. Thus, we defined 10 a.m. and 4 p.m. as the
hours to calculate the DGP index. We selected the Spring equinox on the South
Hemisphere (09/21) for the point in time calculations. After, we used the average value
for the two simulations to obtain the DGP fitness function. Thus, problem 7 requires
three simulations: one for DA and uniformity and two for the DGP index. For all
problems we used weather data from Rio de Janeiro, RJ, Brazil (22.9035 S, 43.2096
W).
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3.2.1.3. Problem 8 — Office floor: thermal comfort and energy consumption

Problem 8 uses an office floor with 500m? and 3m in height. We divided the floor

into five thermal zones, one core and four perimetral, each one facing a different

orientation (Figure 3). The conditioning system is a VAV with reheat, composed of a

chiller with a central air source and a heat pump, available on the Honeybee Plus plugin
(ROUDSARI and PAK, 2013), based on the templates from (ASHRAE, 2013). Floors
and ceilings were adiabatic. The building operates from 7 a.m. to 7 p.m., and we
performed all simulations for Sdo Paulo, SP, Brazil (23.5489 S, 46.6388 W).

Figure 3 — Office floor model for Problem 8.

25.00m

Table 4 presents the decision variables for Problem 8, all discrete. Most of the

parameters are from (MELO et al., 2014), except for HVAC setpoints, internal mass,

and building azimuth. For the internal thermal mass parameter (x4), 0 means a value
below 300 kJ/(m?.K), and 1 means a thermal mass above 300 kJ/(m?.K).

Table 4 — Decision variables for problem 8.

Variable Description Units Bounds
x1 Azimuth ° {0, 90}
. > 10.66,1.61,2.02, 2.28,
x2 Wall thermal transmittance W/m2.K 249 37, 4.4)
x3 Wall solar absorptance - {0.2, 0.5, 0.8}
x4 Internal thermal mass - {0, 1}
x5, x6,  Window to wall ratio for zone 1, 2, 3, o {5, 15, 30, 30, 45, 65,
x7,x8  and 4 facade ° 90}
i?axm’ Solar Heat Gain Coefficient for zone {0.26, 0.51, 0.62, 0.7,
x12’ 1, 2, 3 and 4 windows 0.82, 0.86}
x13 Infiltration rate ach {0.5, 1, 3}
x14 Internal loads W/m2 {20, 35, 40, 65}
x15 Heating setpoint °C {18, 20}
x16 Cooling setpoint °C {24, 26, 28}
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The objective functions are maximizing the occupied hours in thermal comfort,
calculated according to the PMV method (FANGER, 1970), and minimizing the energy
use with HVAC systems. Eq. (2) and Eq. (3) show the calculation method for both
fitness functions. For Eq. (1), OHTCi(x) represents the sum of occupied hours in
thermal comfort on each thermal zone (i). We assessed the energy use by dividing all
HVAC consumed energy by the total floor area of the building, as shown in Eq. (3),

where Ec(x) represents the cooling energy, and En(x) represents the heating energy.

> L OHTC;
HTC(x)zz“ = ) 2)

Yi-1 Eci(x) + Eh;(x)

3.2.1.4. Problem 9 — Vietnam house: construction cost and thermal comfort

Problem 9, presented in Nguyen and Reiter (2014) and reformulated by
(WAIBEL et al., 2019), optimizes a single zone house in Vietnam. The problem is used
initially as single-objective optimization since the authors proposed the final cost as a
function of the construction cost and the discomfort hours. However, we applied the

problem as multi-objective and interpreted minimizing discomfort and construction cost



79

as separate fitness functions. Table 5 presents the variables of the problems, both

continuous and discrete.

Table 5 — Decision variables for problem 9.

Variable Description Units Bounds
x1 Azimuth ° [-90, 90]
X2 Zone width m [4, 10]

ig x4, x5, ;)r:/;%ang depth S, N, E, m 0.2, 0.8]
X7, x8 Window width S and N m [5, 8]

x9, x10 Window width W and E m [0.5, 2.5]
x11 External wall absorptance - [0.3,0.9]
x12 Window crack infiltration kg/s EJO.-OOOOGZ],
x13 Thermal mass - {1, 2, 3}
x14 Floor type - {1, 2, 3}
x15 Ventilation strategy - {1,2,...,6}
x16 Roof type - {1, 2, 3}
x17 Window type - {1, 2, 3}
x18 External wall type - {1, 2, 3, 4}

Source: (WAIBEL et al., 2019).

3.2.2. Optimization engines: algorithms and configurations

To compare algorithms’ performance on each problem and combining all
problems, we proposed an equal evaluation budget for all problems and algorithms.
All algorithms have the same stop criterion, a maximum number of 500 iterations, i.e.,
500 solutions with its parameters and fitness function values. For all population-based
algorithms, we set population size as 24 (LUCA and WORTMANN, 2020;
WORTMANN and NATANIAN, 2020). All algorithms used randomized methods to
define the variations on the parameters of each function evaluation, so we executed
each algorithm 20 times for each problem to capture variations in different executions.
We selected Opossum (WORTMANN, 2017b) and Octopus (VIERLINGER and
HOFMANN, 2013) as the optimization engines since they have many multi-objective
optimization algorithms. The algorithms parameters are presented in the Appendix

section.
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3.2.3. Performance metrics

This section presents all metrics used to assess algorithms’ performance. The
performance assessment occurs on each problem but also by combining metrics
values for all problems.According to (RIQUELME et al., 2015), hypervolume (HV),
generational distance (GD), and epsilon family (¢) are the most used metrics for
comparing multi-objective algorithms. In addition to these metrics, we also adopted
modified inverted generational distance (IGD+), variability, and cumulative normalized
metrics. Some of the metrics require two sets for comparison, one representing the
algorithms Pareto Front (PF) and the other representing the Best-Known curve (PF?),
i.e., the non-dominated solutions obtained by considering all solutions obtained for the

problem.

e Hypervolume (HV): the hypervolume metric, proposed by (ZITZLER et al.,
2003), measures the space occupied by the non-dominated solutions, i.e.,
the space occupied by the Pareto Front (PF), based in an identical reference
point for each problem. Thus, the algorithm that achieves the highest
hypervolume value has the best solutions;

e Variability: the variability measures the range of hypervolume values across
the 20 executions, by calculating the difference between the maximum and
the minimum HV for each algorithm. This metric assesses algorithms’
robustness since it accounts for lower variations during the executions;

e Modified generational distance (GD+): this metric measures the average
Euclidean distance between each PF solution and their nearest PF* solution
(ISHIBUCHI et al., 2015). So, the algorithms that present the lowest average
GD+ has the best performance, regarding this metric;

e Modified inverted generational distance (IGD+): the IGD+ metric measures
the average Euclidean distance between the PF* and the region dominated
by the PF (ISHIBUCHI et al., 2015)

e Epsilon additive (EPS+): the epsilon metric also needs PF and PF*. This
metric gives a factor by which any solution in the PF becomes not worse
than a solution in the PF* (ZITZLER et al., 2003).

e Score: for each individual metric (HV, GD+, IGD+, and EPS+) we rank all
algorithms from 1 to 9, on each problem. Then, we summed the ranks for

each metric and obtained the score of each algorithm. We use the score
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metric to assess the overall performance of each algorithm in each problem.
For the global analysis, that encompassed all problems, we summed the
score of each problem and obtained the overall performance of each
algorithm, across this benchmark;

e Cumulative normalized metrics: this approach shows each algorithm’s
capability to achieve the best performance observed for all problems based
on the normalized values of the previous metrics. So, for each metric, we

present a boxplot containing the normalized values across all problems;

On each problem, we used the average value of HV, IGD+, GD, and EPS+,
based on the 20 runs, to compare and rank all algorithms. We also assessed the
performance of algorithms based on the tendency for computational cost reduction.
For this analysis, on each problem, we grouped the hypervolume values on five groups:
G1 contains the hypervolume of the 15t run; G5 contains the average hypervolume from
the 15t to the 5™ run; G10 contains the average hypervolume from the 15t to the 10t
run; G15 contains the average hypervolume from the 15t to the 15" run; and G20 that
contains the average hypervolume from the 20 runs. After defining the groups, we used
the Kruskal-Wallis non-parametric test (KRUSKAL and WALLIS, 1952) to point out the
tendency for computational cost reduction. The null hypothesis of the test suggests a
similar distribution between the data. Thus, we define G20 as the control group and
accept the null hypothesis for the pairwise comparison of any other group with G20

would mean a tendency for computational cost reduction.

We used a Python implementation to determine the Pareto Fronts (“Paretoset
1.2”, 2021) and also to assess the hypervolume indicator (BISCANI and 1ZZ0, 2020),
GD+ and IGD+ (BLANK and DEB, 2020), and EPS+ (BENITEZ-HIDALGO et al., 2019).
The SPSS software (IBM CORP, 2019) performed the Kruskal-Wallis test.

3.3.Results

This section presents the results from the proposed benchmarking based on
three main sections: performance by problem, global performance, and computational

cost assessment.

3.3.1. Performance by problem

The following analysis encompasses an evaluation budget of 90.000 function

evaluations for problems 1 to 6, and problems 8-9, considering that each algorithm has
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a budget of 10.000 function evaluations. Problem 7 had a smaller budget with 80.000
function evaluations. These occurred due to a MOEA/D incompatibility on optimizing
three fitness functions. Then, this benchmark employed a budget of 800.000 function

evaluations.

3.3.1.1. Hypervolume: average value and variability

Figures 6 to 8 show the normalized average hypervolume value for all the
algorithms on each problem. In problems 1 to 3 (Figure 4), all algorithms reached
hypervolume values near or above 80% of the normalized values, and at the end of
500 function evaluations all algorithms presented high HV values. On problems 2 and
3, RBFMOpt outperforms all algorithms in the early function evaluations, by reaching
90% around the 100" function evaluation. Except for NSPSO and MHACO, who
shared the worst performance regarding the HV in all three problems, all algorithms
show a closer HV by the end of the 500" function evaluation. Thus, they present a
good performance regarding the average hypervolume. The fast convergence
observed on the first three problems is directly related to the low complexity, despite
being a problem with only continuous parameters (Table 2).

In contrast with the previous problems, Figure 5 shows a more spread
distribution for the average HV values. RBFMOpt repeats itself by reaching 90%
around the 100" function evaluation and maintaining high HV values. Apart from
NSPSO and MHACO, the other bioinspired algorithms reach HV values above 90% at
the end of the 500t function evaluation. Problems 4 to 6 differ only by the variable type,
and this aspect doesn’t seem to significant impact the algorithms’ performance
regarding the HV indicator. Except for RBFMOpt that presents less stability between
the 15t and the 200™" function evaluation on the discrete (p5) and the mixed problem
(p6).

Figure 6 shows the HV values of the last three problems. On problem 7, that
had three fitness functions, despite increasing the number of objective functions that
tends to increase computational complexity, RBFMOpt shows a similar performance
from problems 4 to 6. However, the bioinspired algorithms presented a delay on the
HV growth between the 100" and the 200" function evaluations. Different from the
previous problems, it is possible to clearly distinguish RBFMOpt as the best HV value,
followed by HypE, NSGA2, SPEA2, MHACO, and NSPSO.
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Problem 8 shows again RBFMOpt reaching around 90% at the 100" function
evaluation and maintaining the first position until the 500" (Figure 8). HypE, SPEA2,
and NSGA2 also present a high HV value, above 90% but a slower growth on the
indicator. NSPSO, MOEA/D, and MHACO, had the worst performance, by reaching
around 80% of the maximum HV. These algorithms also presented a stability by

stagnating on the worst performance around the 100" function evaluation.

Figure 6 shows a similar distribution of HypE and SPEA2 HV, for problems 8
and 9. Diversly from previous problems, RBFMOpt takes more time to reach 90% of
the HV. Regarding the other algorithms, NSPSO, MOEA/D, and MHACO had the worst

performance, as seen on the previous problems.



Figure 4 — Average normalized hypervolume for problems 1 to 3.
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Figure 5 — Average normalized hypervolume for problems 4 to 6.
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Figure 6 — Average normalized hypervolume for problems 7 to 9.
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Figure 7 shows the HV variability for each algorithm on each problem. Since this

metric measures the difference between the maximum and minimum HV for the 20

runs of each algorithm on each problem, it allows to point the robustness of the
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algorithm. Thus, smaller values indicate less variations across runs. We can notice that
scale on each graph is different, because the values are based on the absolute HV,
and not normalized values as presented in Figures 6 to 8. The variability results (Figure
7) should be combined with the average normalized HV (Figures 6 to 8) to assess
algorithms performance. Since having an algorithm needs to have a high average HV,
but low variability. RBFMOpt presents the best variability values for problems 1, and 4
to 9. For problems 2 and 3, MOEA/D and HypE achieved lower values, but RBFMOpt
occupies the second position in both cases. Therefore, an initial analysis based only
on the HV indicator, points out that RBFMOpt have the best performance among the
tested algorithms. From the variability metric, we can also point out that the bioinspired
algorithms presented the worst performance. NSPSO occupied the last position on five
problems, MOEA/D on two problems, and NSGA2, and MHACO presented the worst

performance on one problem each.
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Figure 7 — HV variability for each algorithm for all problems.
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3.3.1.2. GD+, IGD+, and EPS+

Table 6 summarizes the average values for GD+, IGD+, and EPS+ for all
optimization problems. For problems 1 to 3, HypE shows the best overall performance
for all metrics, followed by MOEA/D and SPEAZ2, only losing the first position for the
GD+ and EPS+ values on the first problem. In this particular situation, NSGA2
outperformed HypE. MHACO and NSPSO have the worst performance for all metrics.
For problems 4 to 6, RBFMOpt outperformed all bioinspired algorithms except for the
GD+ metric on problem 5, where NSGAZ2 achieved the best value. These results show
that RBFMOpt tends to perform better in optimization problems with more parameters.

Regarding the last three problems, problem 7 has three objective functions and 13
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continuous parameters, problem 8 has 16 discrete parameters, and problem 9 has 18
mixed parameters. Thus, RBFMOpt, HypE, and SPEA2 found the best values for the
performance metrics for these situations. The best GD+ values occurred when using
the later genetic algorithms, and the best values for IGD+ and EPS+ occurred in

optimization processes using RBFMOpt with 3 and 6 cycles.

RBFMOpt, HypE, SPEA2, and NSGA2 achieved the best outcomes at some
point, as seen in Table 6. RBFMOpt presented the best performance metric values 13
times, HypE presented 9 times, NSGA2 presented 3 times, and SPEA2 presented only
2 times. Still regarding RBFMOpt, only the versions with 3 and 6 cycles obtained the
best outcomes, showing that 9 cycles, despite providing weights more precise for the
approximation process could not deliver the best results. The results also show a
tendency for HypE and SPEA to deliver better performance for problems with low and
high number of parameters, since both genetic algorithms did not provide the best

outcomes in the intermediate situation.

Table 6 — GD+, IGD+, and EPS+ average values for problems 1 to 9 (For all
algorithms, line 1 indicates GD+ values, line 2 indicates IGD+ values, and line 3
indicates EPS+ values. Values in bold represent the best outcome for the problem).

Algoritmos  p1 p2 p3 p4 p5 p6 p7 p8 p9

™

g— 355 6.88 1965 0.05 166 0.03 0.05 12.63 227.02
= 348 631 819 053 030 021 0.06 502 197.74
é 462 751 890 114 0.88 0.66 0.93 10.35 386.08
©

8— 279 6.16 1792 028 136 0.03 0.05 16.53 256.70
= 293 531 916 041 024 029 0.09 3.58 201.75
é 404 676 992 096 076 087 132 7.711 359.13
o)

8— 282 6.72 1943 025 142 0.03 0.05 10.93 212.20
= 259 585 792 083 036 045 0.12 433 206.99
é 386 712 879 170 105 125 153 912 423.86

179 715 2063 0.07 115 006 0.06 12.79 263.49
242 952 1389 221 084 213 0.75 9.07 385.55
3.57 1188 1448 337 1.79 366 6.20 16.59 867.92

NSGA2



1.98
2.66
4.00

MOEA/D

1.90
2.36
3.87

HypE

2.19
2.64
3.87

7.60
9.25
9.59

7.81
7.66
8.43

NSPSO MHACO SPEA2

4.96
4.69
6.32

3.89
3.39
5.09

4.89
4.44
5.81

13.55
15.99
17.40

19.51
17.86
19.58

10.16
4.97
6.99

9.00
5.72
5.59

13.81
3.39
6.60

51.01
20.99
20.00

61.86
26.36
25.20

0.28
1.33
2.27

0.11
0.52
1.17

0.14
0.91
1.77

0.64
7.67
9.58

0.11
10.71
12.97

2.39
2.13
3.52

1.53
0.38
1.03

1.47
0.48
1.24

4.37
7.85
10.67

3.44
9.10
12.08

0.09
1.22
2.36

0.04
0.45
1.18

0.06
0.57
1.41

0.09
7.58
10.70

0.09
9.81
13.52

0.04
0.46
4.89

0.05
1.47
10.01

0.07
2.13
13.29

0.07
3.84
20.20

19.57
17.97
27.14

11.44
5.22
10.11

9.27
6.43
12.81

32.11
23.24
34.57

39.51
20.52
29.28

90

206.04
329.31
707.11

156.77
161.64
420.71

136.65
168.17
465.52

410.60
479.05
972.97

339.65
407.28
707.82

3.3.1.3. Ranking

This section presents the score obtained for each algorithm on each problem,

based on the performance metric values. Since MOEA/D could not perform the

optimization process for problem 7, we attribute the maximum score for the algorithm

to this problem. Theoretically, the lowest score is 5, obtained when an algorithm has

the best performance for all metrics, and the worst score is 45, achieved for the worst

performance across all the performance metrics. For the first three problems, the

bioinspired algorithms NSGA2 and HypE achieved the best outcomes, with scores

between 7 and 10. For the next 6 problems, RBFMOpt reached the best performance,
with scores between 8 and 12. NSPSO and MHACO, with the worst performance,
obtained score values between 35 and 45 points. Therefore, Figure 8 restates the

superior performance of RBFMOpt on most of the problems and the worse outcomes
provided by NSPSO and MHACO.
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Figure 8 — Algorithms’ score for each problem.
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3.3.2. Global performance

The following analysis combines the results from all function evaluations of each

algorithm to present a general performance.

3.3.2.1. Performance metrics: HV, GD+, IGD+, and EPS+

The normalized values close to 1 indicate better performance and values close
to 0 indicate worse performance. The following analysis included both outliers and non-
outlier values. The normalized values from Figure 9 restate the superior performance
of RBFMOpt and HypE and also the worst performance of MHACO and NSPSO.
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Figure 9 — Normalized performance metrics for the 800.000 function evaluations.
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From the HV normalized values, Figure 11 shows that despite presenting a good
performance, RBFMOpt also shows low values for the HV indicator. This performance
is directly related to the first three problems when the genetic algorithms outperformed
the model-based algorithm. Despite presenting GD+ values close to 0, RBFMOpt has
the mean and the median above 0.8. HypE outperformed the model-based algorithm
in this metric, since it obtained higher mean and median values and all non-outlier
values above 0.6. For the IGD+ metric, the situation is similar to the GD+ indicator, but
in this case, HypE presented non-outlier values above 0.8. For the EPS+ indicator,
considering all values, RBFMOpt outperforms HypE, with higher mean and median
values. SPEA2 presented a similar performance to HypE across all performance
metrics. NSGA2 and MOEA/D presented a constant performance across all problems,
with mean and median values near to the previous algorithms while NSPSO and
MHACO obtained the worst performance, with the lowest mean and median values for

all indicators.

3.3.2.2. Final score

Based on the performance metric values from sections 3.1.1 and 3.1.3, Figure
10 shows the final score for each algorithm. RBFMOpt and HypE present the best
overall performance. RBFMOpt presented a different performance for 3, 6, and 9
cycles. Thus, these results can indicate a highly dependance on the number of cycles
to achieve its best performance. These results also can be related to the variation
between the multiple executions. However, RBFMOpt showed a low variability for all
problems. Then, the algorithm’s configuration tends to have impacted more the overall
performance. The model-based algorithm with 6 cycles reached 132 points while HypE
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achieved 140 points. The RBFMOpt versions with 9 and 3 cycles reached 148 and 156
points, respectively. The results from a general analysis indicate that RBFMOpt and
HypE presented the best outcomes for this benchmark and have a similar performance
by reaching a close score. However, users should notice RBFMOpt's hyperparameters
configuration, because the number of cycles directly impacted the algorithm's overall
performance. The best performance occurs with 6 cycles, that is the default value for
Opossum version 2.2.3, so we can state that the default value delivered the best
performance and should be used for optimization processes. Since MHACO and
NSPSO presented the worst performance, with scores above 350 points, they should
be avoided in SBO processes with problems similar to this study.

Figure 10 — Algorithms’ score based on the HV value, HV variability, GD+, IGD+, and
EPS+.
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3.3.3. Computational cost assessment

This section presents results to support computational cost reduction for future
studies and benchmarks. We applied a statistical test to point out a tendency to budget
and computational cost reduction based on the determination of the average

hypervolume.

The results in Table 7 shows that all algorithms have situations with acceptance
of the null hypothesis. Thus, they can lead to computational cost reduction. HypE has

the best outcomes for computational cost reduction, as the genetic algorithm sums 27
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null hypothesis acceptances. RBFMOpt6 and SPEA2 occupied the second position,
with 22 acceptances. RBFMOpt sums 21 acceptances and RBFMOpt3, 18. MOEA/D
and NSPSO sum 15 acceptances, NSGA2 has 12, and MHACO has the worst
tendency for computational cost reduction with 11 acceptances. These results are
directly related to the HV variability of each algorithm, presented in sections 3.1.1 and
3.2.1. The algorithms with the lowest variability reached the best outcomes for
computational cost reduction based on the HV indicator, since the low variability
guaranteed that the average HV value did not present significant variations between

runs.

RBFMOpt has the biggest number of acceptances when comparing G1 and
G20, thus it shows a tendency to reduce the evaluation budget on four problems from
20 to a single run. Therefore, the evaluation significantly decreases from 10.000 to 500
function evaluations, on the problems where the null hypothesis was accepted. HypE
has the greatest number of acceptances for G5 and G20, representing a tendency to
computational cost reduction from 10.000 to 2.500 function evaluations on eight
problems. Both HypE and RBFMOpt6 have a higher tendency to computational cost
reduction based on the comparison of G10 and G20, which means a budget reduction
of 50% (10.000 function evaluations). The last comparison, between G15 and G10
enables a reduction of 5.000 function evaluations. HypE and SPEA2 achieved
acceptance in this comparison in all nine problems, being the only algorithms that

reached this mark.

RBFMOpt presented a similar performance to the metrics on the previous
sections, with low outcomes on the first problems and a performance increasement
from the fourth to the nineth problem. HypE and SPEA2 presented a satisfactory
overall performance, with acceptances and rejections well distributed along the
problems. Finally, NSGA2 had a poor performance, with two problems with rejection
of all null hypothesis and we noted that MOEA/D, MHACO, NSPSO, and RBFMOpt6

also presented one problem with full rejection.
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Table 7 — Kruskal-Wallis test results for the pairwise comparison (1 indicates
acceptance of the null hypothesis and 0 indicates rejection).
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3.4.Discussion and conclusion

This study presented a benchmark for seven multi-objective optimization
algorithms: RBFMOpt, NSGA2, MHACO, NSPSO, MOEA/D, HypE, and SPEA2. For
RBFMOpt, we tested three different configurations by modifying the max cycles hyper
parameter related to the refinement of the weights used in the approximation process.
We define 9 optimization problems, varying from 5 to 18 parameters, with discrete,
continuous, and mixed variables. We also varied between two and three fitness
functions. We established the same evaluation budget for all problems and used the
same performance metrics to enable comparisons. We also assessed potential

computational cost reduction for future studies.

The results allowed pointing out that users should use more than one
performance metric to assess algorithms performance. Using a single performance
metric can benefit a single performance aspect, such as the dominated space, on the
hypervolume indicator. But the same metric can fail to compare different distributions
of non-dominated solutions, as occurs in IGD+, GD+, and EPS+. The use of multiple
metrics allows a holistic approach of the algorithm performance, and can deliver more

reliable results.

Regarding the HV indicator, across all problems, RBFMOpt rapidly obtains the
maximum values or close to it and slowly increases it until the 500t function evaluation.
On problems 4 to 9, this aspect is more evident, showing that RBFMOpt can obtain
good HV values even in situations with smaller evaluation budgets. Except for
problems 1 to 3, where all algorithms presented a similar HV performance, the
bioinspired algorithms showed an increasing evolution of the HV indicator by improving
its value until the 500" function evaluation in some cases. Thus, some inspired

algorithms needed a larger budget, despite presenting a good performance.

For problems 1 to 3, the genetic algorithms HypE and NSGAZ2 presented the
best performance regarding GD+, IGD+, and EPS+ indicators. RBFMOpt presented
high values of HV, but combining the metrics points provided a rank with HypE and
NSGAZ2 on the first position. For the following problems, 4 to 9, RBFMOpt obtained the
best overall performance, followed by HypE.

In general, RBFMOpt outperforms all bioinspired algorithm depending on the
number of cycles defined by the simulator. HypE occupies the second position,
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presenting a high performance across all problems, especially those with fewer
variables. SPEA2 also presented a performance with high values for the performance
indicators. NSGA2 and MOEA/D obtained values with more variations than the
previous algorithms, despite also presenting a good performance. MOEA/D also could
not perform the optimization with three fithess functions. Then, the algorithm is limited
to problems with only two fitness functions. NSPSO and MHACO obtained the worst
performance, with the highest score for all problems, close to the maximum possible
value. Therefore, NSPSO and MHACO also should be avoided in optimization
problems similar to the ones used in this benchmark, considering that they could not

deliver satisfactory results.

The results showed that choosing between continuous, discrete or mixed
parameters directly impacts the HV indicator by increasing or decreasing the
convergence. However, defining the parameter type do not significant impact
algorithms’ performance by obtaining different ranks.

Regarding the potential for computational cost reduction based on the Kruskal-
Wallis test, the results showed a tendency of reduction in all problems, varying from 5
to 19 runs. Thus, a decrease from 2.500 to 9.500 function evaluations without
significant impacts the average HV indicator. HypE has the biggest tendency to
computational cost reduction, followed by RBFMOpt and SPEA2. In general, all
algorithms allow computational cost reduction, and the algorithms’ performance was
similar to the final score obtained with the performance metrics. HypE, RBFMOpt, and
SPEAZ2 with the best outcomes, and the bioinspired algorithms NSPSO and MHACO
obtained the worst performance.

This study allowed us to state that RBFMOpt is a robust and efficient algorithm,
considering that it can provide good results with few function evaluations,
outperforming several bioinspired algorithms. These results combined with previous
studies (LUCA and WORTMANN, 2020; WORTMANN and NATANIAN, 2020, 2021)
allow generalizations to indicate RBFMOpt as the best choice for multi-objective
optimization problems with small and large evaluation budgets. The results also show
that despite delivering good results, HypE requires more function evaluations than

RBFMOpt to achieve its best performance.
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Appendix

Here we present all algorithms untuned parameters used in this study (Table 8).
For RBFMOpt we collect the values from Opossum’s GUI. For the evolutionary
algorithms from the Pygmo 2 library, we collect the values from the web interface of
each algorithm. For SPEA2 and HypE, present in Octopus, we collected the untuned

hyperparameter values from Octopus’ GUI.

Table 8 — Untuned parameters for RBFMOpt, NSGA2, MOEA/D, NSPSO,
MHACO, HypE, and SPEA2.

Algorithm Parameter Value
RBFMOpt max filter 6




weight_method

107

aug_tchebycheff

epsilon 0.1
weight_series low_discrepancy
do_init False
NSGA2 crossover probability 0.95
distribution index for crossover 10
mutation probability 0.01
distribution index for mutation 50
MOEA/D  weight generation grid
decomposition method tchebycheff
neighbourhood size 20
parameter CR 1
parameter F 0.5
distribution index 20
chance for diversity preservation 0.9
NSPSO inertia weight 0.6
first magnitude of the force coefficients 0.01
second magnitude of the force coefficients 0.5
velocity scaling factor 0.5
velocity coefficient 0.5
leader selection range 2
diversity mechanism crowding distance
MHACO  focus parameter 0
kernel size 63
convergence speed parameter 1
threshold parameter 1
standard deviation convergence speed parameter 7
memory parameter false
HypE elitism 0.5
mutation probability 0.2
mutation rate 0.9
crossover rate 0.8
reduction strategy HypE
mutation strategy HypE
SPEA2 elitism 0.5
mutation probability 0.2
mutation rate 0.9
crossover rate 0.8
reduction strategy SPEA2
mutation strategy polynomial

Source: (PAGMO, 2021c, b, a, d; VIERLINGER, 2014; WORTMANN, 2017b).
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CHAPTER 5: Final considerations

5.1.Conclusion

This master thesis addressed the choice of an optimization algorithm, in multi-
objective processes, and its impacts on the fitness function values. Then, we proposed
a benchmark that tested seven different multi-objective optimization algorithms, across

13 building related problems, that included, thermal, energy, and luminous simulations.

The objectives from section 1.2 and 1.2.1 were fully addressed. Chapter 1
addressed specific objective 1 by reviewing optimization engines available on
Grasshopper for Rhino and selecting the algorithms for the benchmarking. The
following chapters, focused on proposing optimization problems and benchmarking
multi-objective algorithms, addressed specific objectives 2, 3, and 4. Each chapter
presented its own problems, that followed a similar performance assessment method.
The last specific objective, is addressed along this final chapter, by combining the
results from chapters 2 and3. Then, the main objective was also addressed by the

benchmarking applied on chapter 2 and 3.

This study contributed by providing a diverse set of problems, analyzed by
different performance metrics that allowed pointing out the applicability of each
algorithm on Simulation-based optimization (SBO) problems, and whether they
achieve good results. This study focused on SBO processes inside the Grasshopper
for Rhinoceros platform. Then, we used only multi-objective optimization algorithms
already available in this platform. We used the Ladybug Tools plugins Honeybee and
Ladybug to model and simulate 12 problems, and only one used a direct linkage of

EnergyPlus through a C# implementation already available on Grasshopper.

The robust methodology of this benchmark, based on different performance
metrics, such as hypervolume (HV), variability, modified generational distance (GD+),
modified inverted generational distance (IGD+), and additive epsilon indicator (EPS+),
allowed pointing out the algorithms that better performed on each problem. Then,
different from previous studies that only based their conclusion on the hypervolume
indicator and qualitative assessment of the pareto front, we used different performance

metrics to support our conclusions.

The results point out that RBFMOpt represents the best choice for multi-

objective SBO processes, specially with the hyperparameter max cycles set as 6. The
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variations with 3 and 9 cycles also provided good results, but HypE outperforms these
variations. Despite occupying the second position, specially based on the results from
Chapter 3, HypE requires more function evaluations than RBFMOpt to reach the best
outcomes. RBFMOpt usually achieves the highest performance around the 100"
function evaluation. Thus, the model-based algorithm represents not only the best
choice by achieving the best overall results, but also by needing less function
evaluations to obtain its best performance. The non-genetic algorithms NSPSO and
MHACO obtained the worst performance across all problems.

The application of the Kruskal-Wallis test and partial analysis from the 100%,
200t 300", 400", and 500t function evaluation, allowed point out tendencies for
computational cost reduction in future studies and benchmarks. The statistical
approach, represented by the Kruskal-Wallis test, allowed assessing the impact of 20
runs on the average hypervolume, and the results pointed out that all algorithms shows
tendency for computational cost reduction. RBFMOpt and HypE have the most
significant tendencies, pointing out reductions from 5 to 19 runs that can indicate a
reduction from 2.500 to 9.500 function evaluations, on a budget with 500 function
evaluations per problem. The analysis of partial functions evaluations, showed that
RBFMOpt obtains a high performance around the 100t function evaluation, and refines
it until the 500t function evaluation, but without a significant chance from the 100" to
the 500t function evaluation. Thus, this result indicates a rapidly converge to optimum
points, without negatively impacting the overall performance of the algorithm. These
results also support stating that RBFMOpt has the best overall performance for both

low and larger budgets, and should be preferred.

The number of parameters of parameter on the optimization problem directly
impacted the performance of the optimization algorithms, since for low number of
parameters (5), HypE and other bioinspired algorithms obtained the best performance,
but RBFMOpt did not have the worst. This particular situation, was the only where
RBFMOpt did not obtained the best performance. Choosing between continuous,
discrete or mixed parameters did not contribute to any algorithm performs better than
other, but directly impacted on the number of function evaluations required to obtain
the best performance. Discrete and mixed problems have less possible solutions, then,
they converge more rapidly than problems with continuous variables. Choosing
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between two or three objective functions did not impact RBFMOpt’s performance, but

decreased the convergence velocity of the bioinspired algorithms.

The number of objective functions directly impacted MOEA/D, since the
algorithm could not perform the SBO process with three fitness functions. The type of
performance simulation did not impact the performance of an algorithm but was directly

related to the time spent evaluating each problem.

Based on these results, we recommend using RBFMOpt and HypE for future
multi-objective optimization studies. For studies with lower budgets or time cost
consuming simulations, we only recommend RBFMOpt, since the algorithm provide
good results with less evaluation time. We also recommend avoid using NSPSO and
MHACO, since they do not provide satisfactory results and have the worst overall

performance.

5.2.Research limitations

SBO optimization in architecture are time cost consuming and the time required
is directly related to the complexity of the model. Thus, we could not expand the
number of function evaluations and the number of problems. Time also limited the type
of simulation used on the problems, then we needed to simplify the models that used

daylight simulations and could not address CFD or urban related simulations.

5.3.Suggestions for future studies

To conduct studies outside the Grasshopper for Rhinoceros platform, in order

to compare the results of this study with other multi-objective optimization algorithms.

To propose new optimization problems, with different simulations, different
number of fitness functions, and different number of parameters, and add these results

to the findings of this mater thesis.

To perform sensitivity analysis on the algorithms hyperparameters, especially
on the algorithms with the best performance.

To conduct studies for larger evaluation budgets and state the ideal amount of

evaluation required for the convergence of each algorithm, on each type of problem.

We also suggest studies focusing on computational cost reduction, allowing
assessing problems with higher complexity without significant impact the evaluation

time.
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Appendix — Accepted conference paper (COBEE 2022) and published
conference paper (SIGaDi 2021)’

1 Silva, Mario; Garcia, Rafael; Carlo, Joyce; ""Daylight and Energy Consumption
Assessment of a School Building Through Multi-Objective Optimization and Clustering
Technique™, p. 229-240. In: XXV International Conference of the Iberoamerican
Society of Digital Graphics. Sdo Paulo: Blucher, 2021. ISSN 2318-6968, DOI
10.5151/sigradi2021-22
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6.1.Assessing RBFMOpt and HypE’s performance based on the number of

fitness functions?

ABSTRACT

Architectural design problems usually depend on many performance indicators
related to thermal aspects, ventilation availability, construction cost, and occupants’
wellbeing. The computational developments in the last decades allowed researchers
to perform evaluations that comprise those indicators and many more, especially in
Simulation-based Optimization (SBO) processes. However, studies still need to
address optimization configurations, such as the right algorithms’ choice, since it is
essential to enhance or decrease a SBO result. This study proposes a comparison
between two high performative algorithms, RBFMOpt and HypE, to determine which
one is the most affected by the number of fithess functions. For the problem, we
proposed a single-family house with eight design variables and objective functions that
vary from two to five. We used hypervolume, variability, IGD+, GD+, and EPS+ as
metrics to point out the algorithm with the best performance. The results showed that
HypE and RBFMOpt achieved a high performance. However, RBFMOpt requires a low
budget and showed less variability between multiple runs. HypE have the best
outcomes regarding the hypervolume indicator, but requires a larger evaluation
budget.

Keywords: Multi-objective. Many-objective. Performance metrics. Building

performance.

6.1.1. Introduction

Simulation-based optimization (SBO) relies on three main elements defined by
the user: (1) a simulation problem with parameters and one or more objectives; (2) a
simulation engine/software; and (3) an engine and an optimization algorithm. For the
first element, users must propose a problem to maximize or minimize building-related
metrics, such as thermal comfort, energy consumption, and daylight. The metric must

relate to parameters, that is, input data that can vary in a range to produce different

2 Conference paper accepted for presentation on the 5" International Conference on
Building Energy and Environment (COBEE 2022).



115

metric outcomes. Users must define at least one objective for the optimization problem.
Problems with one objective are called single-objective, problems with two or three
objectives are called multi-objective, and many-objective problems with more than
three objectives.

The next step consists of choosing one or more simulation software to perform
the simulations and obtaining the previously defined metrics, the SBO processes'
objectives. It is essential to point out that increasing the number of metrics produces a
better performance based on different aspects. However, this also increases the
computational cost since each new simulation will add more processing time to
generate each solution. In the third step, users need to choose a software capable of
performing optimization processes. After choosing the software, users must now define
an optimization algorithm, that applies a specific solving pattern to obtain the best
result. For instance, genetic algorithms use evolutionary concepts based on Darwin,
like mutation and cross-over, to obtain better solutions. Then, users define a stop
criterion by observing convergence graphs by reaching a specified number of solutions

or achieving a maximum evaluation time.

All the steps mentioned above describe an SBO process where the optimization
engine constantly needs new parameter values and objectives given by the simulation
process until it reaches the stop criterion. Thus, the SBO process couples a dataset
that contains parameters information and simulation results, with new values added for

each new solution required.

This study aims to assess RBFMOpt and HypE performance based on the
number of objective functions defined by the simulator. We propose a variation from
two to five objective functions on a problem with the same variables. This study
innovates as the first benchmarking of RBFMOpt on a building-related problem with

more than four fitness functions.

6.1.1.1. Previous literature reviews in SBO in architecture, engineering, and

construction

Over the last ten years, various authors presented several review papers on
SBO related to the architecture, engineering, and constructions field (BANOS et al.,
2011; EVINS, 2013; KHEIRI, 2018; MACHAIRAS; TSANGRASSOULIS; AXARLI,
2014; NGUYEN; REITER; RIGO, 2014; SHI et al., 2016; TIAN et al., 2018). Banos et
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al. (2011) compiled several studies and presented the evolution in the SBO field, from
1989 to 2009, focusing on renewable and sustainable energy. According to the
authors, most of the research is from the northern hemisphere and focused on single-
objective problems or multi-objective problems transformed into single-objective by
weighted sum methods. As trends, the authors explored multi-objective Pareto-based
approaches and parallel processing (simultaneous executions). The following review
provides more detailed information about the studies, focusing on the objectives
defined by the revised authors, algorithms, and simulations software (EVINS, 2013).

Nguyen, Reiter, and Rigo (2014) separated the SBO processes into three main
steps: pre-processing, processing, and post-processing. The first steps encompass
preparing the problem, selecting the simulation engine, selecting the optimization
engine, algorithm, and stop criteria. The second step contains the optimization
observation until convergence and process termination. The final steps consist of
collecting the data from the SBO process and analyzing the results. The authors also
point the computational cost reduction as a future challenge in the field. Unlike the
preview review, Machairas, Tsangrassoulis, and Axarli (2014) focused their study on
optimization algorithms. Their findings point to successful applications of genetic
algorithms combined with direct search methods to achieve better solutions. Again, the
authors point out the computational cost of simulation processes as a critical element

in the SBO process.

Shi et al. (2016) present a review focused on the architect, stating the necessity
of integrating the optimization tool into software used by architects. The authors also
noted the necessity of assessing algorithms’ performance in different problems to
establish the most adequate in each situation. Focusing on the geometry aspects of
buildings, Kheiri (2018) presented the growing usage of Grasshopper for Rhinoceros
for optimization processes. The author pointed out that almost 50% of the revised
papers use Grasshopper to model and perform the SBO processes. The data presents
a significant improvement to Shi et al. (2016) that presented only 13% of papers using
Grasshopper and other non-conventional optimization engines, such as GenOpt or
Matlab. The last work combines a literature review and a users survey (TIAN et al.,
2018), such as the proposed method in this research. The authors again point a
recurring limitation of SBO processes, the high computational cost.
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Across all these reviews, authors discussed algorithms, variables, and
objectives related to architecture, engineering, and construction problems used in SBO
methods. All authors pointed, in some way, the computational cost as a limitation for
broader use of the SBO processes. Despite the statements in the early 2010s (BANOS
et al., 2011), by the end of the decade, the same problem persisted and limited the
application and more extensive use of SBO processes (TIAN et al., 2018). Thus, this
topic needs urgent development to enable more advances in SBO for architecture,

engineering, and construction.
6.1.2. Methods

6.1.2.1. Optimization problem

Since this work aims to evaluate the performance of optimization algorithms,
given the number of objectives defined, we chose to use an optimization problem
already published instead of proposing an entirely new problem. However,
modifications and updates have been made to the problem to suit the need for this

work.

We selected the study of Fonseca et al. (2017), which evaluated a residential
building modeled according to RTQ-R parameters (INMETRO, 2012), for the city of
Vigcosa - MG. Geometric characteristics of the environments were parameterized,
related to the area and volume of each of the long-stay environments. Figure 1 shows
the relationship between each parameter and the geometry. Table 1 shows the

optimization parameters description and the range of assumed values.
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Figure 1 — Relation between optimization parameters and building geometry.
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Source: Adapted from Fonseca et al. (2017)

Table 1 — Parameters used in optimization problems from 2 to 5 objectives.

Description Units Bounds
x1 Living room and office depth m [4.1,7]
X2 Bedrooms’ depth m [2.5, 6]
3 Li_ving room, bedroom 1, and bedroom 3 m [4.9, 6]
width
x4 Office, bedroom 2, and bedroom 4 width m [2.5, 6]
X5 First floor height m [2.7, 3.7]
X6 Second floor height m [2.7, 3.7]
x7 Roof height m [1, 3]
x8 Slab tickness m %02055]

Fonte: (FONSECA et al., 2017).

Fonseca et al. (2017) used the degree hours for heating and cooling, and the
building’s construction cost. For the degree hours, the authors combined heating and
cooling on a weighted sum with weights defined by the RTQ-R (INMETRO, 2012). The
construction cost only considered the bedrooms, office, living room, roof, and a green
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roof above the first floor. We updated the construction components cost based on the
November 2021 release of the SINAPI (CAIXA ECONOMICA FEDERAL; INSTITUTO
BRASILEIRO DE GEOGRAFIA and ESTATISTICA., 2021).

The author used Grasshopper for Rhinoceros version 5 to model the building.
The thermal energy analysis used the Archsim plugin. For this study, we updated the
modeling for Rhinoceros version 6 and, after observing an Archsim incompatibility with
this version, we used Ladybug and Honeybee from Ladybug Tools 1.3.0 (ROUDSARI;

PAK, 2013) for the thermal energy modeling and simulation.

As mentioned before, the original problem has two fitness functions: minimizing
the weighted averaged degree hours and the construction cost. Since this study
proposes evaluating the impact of adding new objective functions to an optimization
problem without modifying any other aspects, we proposed 3 new situations equivalent

to new optimization problems.

Situation 1 maintains the construction cost and the degree hours minimization
but separates heating and cooling. Thus, we create a three-fitness function problem.
Situation 2 adds a fourth fitness, the percentage of hours in thermal comfort, based on
the adaptive index from ASHRAE 55 (ANSI/ASHRAE, 2017). Situation 3 adds a fifth
fitness function related to the potential for cooling an environment based on the natural
ventilation availability, the Natural Ventilation Effectiveness (NVE) (YOON; MALKAWI,
2017). Therefore, we added a new maximization fithess function.

6.1.2.2. Optimization algorithms
Octopus (VIERLINGER, 2014) and Opossum (WORTMANN, 2017)

optimization engines available on Grasshopper for Rhino were used on this
benchmark. In the first engine, we used the RBFMOpt algorithms, since it presented
the best performance for simulation-based optimization problems, especially with a low
budget for simulation (LUCA; WORTMANN, 2020; WORTMANN; NATANIAN, 2020,
2021). From the Octopus engine, we selected the HypE algorithm, since according to
(BADER; ZITZLER, 2011), the HypE algorithm tends to outperform other optimization
algorithms as the number of objective functions increases. Thus, we sought to
compare the results obtained with two different optimization algorithms, which operate
according to different logics: RBFMOpt through mathematical and approximation
models (COSTA; NANNICINI, 2018; NATANIAN; WORTMANN, 2021), and HypE
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according to Darwinian evolutionary processes. We choose to use RBFMOpt and

HypE’s default parameters, presented in Table 2.

Table 2 — Untuned default parameters for RBFMOpt and HypE.

Algorithm Parameter Value

RBFMOpt max_cycles 6
max_filter 6
weight_method aug_tchebycheff
epsilon 0.1
weight_series low_discrepancy
do_init False

HypE elitism 0.5
mutation probability 0.2
mutation rate 0.9
crossover rate 0.8

reduction strategy = HypE
mutation strategy HypE

Source: (VIERLINGER, 2014; WORTMANN, 2017).
6.1.2.3. Evaluation budget and stopping criterion

We defined a stopping criterion based on the maximum number of function
evaluations, that is, the maximum number of solutions to a problem for each algorithm.
We established the maximum number of function evaluations as 1.000, since the
problems with a higher number of objective functions tend to need more evaluations

to reach a converged state.

Both RBFMOpt and HypE have probabilistic aspects on their behaviour, and
then, they apply random procedures on the search process. Based on this aspect, we
decided to run each problem five times for each algorithm and base the analysis

process on the average results from the five runs.

Then, we have an evaluation budget of 10.000 function evaluations for each

problem and a 40.000 function evaluations budget on this study.

6.1.2.4. Post-processing

The same evaluation budget for all problems allows to compare the
performance of RBFMOpt and HypE, and determine whether one algorithm is more
suited than the other. We used five performance metrics to determine which algorithms

have the best performance on each problem:
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e Hypervolume (HV): measures the space occupied by the non-dominated
solutions® (ZITZLER et al., 2003). The hypervolume indicator requires a
coordinate, used as a reference point to compute the occupied space. Then,
we define four reference points, one for each problem, that allowed
comparing the HV value for each algorithm;

e Variability: this metric measures the difference between the maximum and
minimum HV values for each algorithm on each problem;

e Modified generational distance (GD+): measures the average Euclidean
distance between the solutions on each algorithms PF and the Best-known*
front (PF*) (ISHIBUCHI et al., 2015);

e Modified inverted generational distance (IGD+): this metric is also based on
the distance between fronts, but measures the average Euclidean distance
between the PF* and the dominated space of the PF (ISHIBUCHI et al.,
2015);

e Additive epsilon indicator: this metric compares PF and PF* and gives a
factor that when added to any solution on the PF, makes the front not worse
than the PF* (ZITZLER et al., 2003);

At the end of the process, the values obtained for the hypervolume and IGD+
metrics were normalized and accumulated to enable the comparison of algorithms
along with the four proposed problems. Thus, it was possible to present the overall

performance of the RBFMOpt and HypE algorithms.

6.1.3. Results and discussion

Figure 2 shows the average normalized hypervolumes for all four problems,
combining both RBFMOpt and HypE results. For all problems, RBFMOpt shows a

3 The non-dominated solutions represent the Pareto Front (PF) of each
algorithm for a specific problem, and this front has the solutions with the best fithess

functions trade-offs.

4 The Best-known front (PF*) is the non-dominated front obtained from all
function evaluations of a problem, and represents the best-known solutions for the

problem, given the determined evaluation budget.
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normalized HV above 0.9 around the 100" function evaluation, and then, the model-
based algorithm reaches a high HV performance with only 10% of the evaluation
budget. After the 100t function evaluation, RBFMOpt shows signs of convergence with
a slow growth until it reaches HV values around 1. This situation occurs on problems
1 to 3. On problem 4, RBFMOpt is clearly outperformed by HypE. RBFMOpt has a
similar performance on the first three problems, with two, three, and four fitness
functions, but adding a fifth fitness function impacts its efficacy. For all problems, HypE

shows an increasing HV growth until reaching its maximum HV.

The results show that for a low budget (below 400 function evaluations),
RBFMOpt delivers the best average results, in all problems, since HypE, despite
achieving the best results, needs more function evaluations to obtain the best

performance.

Figure 2 — Averaged normalized HV for problems 1 to 4.
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Figure 3 shows the variability of the HV indicator for all problems. Despite
presenting a tendency for convergence with few function evaluations, RBFMOpt
doesn’t achieved the best HV, except for the three objective functions problem.
RBFMOpt has less variability on problems 2 and 3. On problem 1, the model-based
algorithm has a higher variability, and on the last problem, RBFMOpt has a similar
variability amplitude to HypE, but shows inferior HV in all five runs. RBFMOpt only
outperforms HypE on problem 2.

The variability shows that increasing the number of objective functions directly
impacted HypE'’s performance. The genetic algorithm, as pointed by Bader and Zitzler
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(2011), have its performance enhanced by the addition of fithess functions. So far, the
results point out that HypE have its performance positively affected by the number of
objective functions (BADER; ZITZLER, 2011). Regarding only the HV metric, HypE is
the best choice for budgets that allows multiple runs and function evaluations, since
the genetic algorithm needs more evaluations and have more variability. For budgets
that allow few runs and function evaluations, RBFMOpt achieves the best solutions.

Figure 3 — Hypervolume variability for problems 1 to 4 (blue represents RBFMOpt
and orange represents HypE).
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Table 3 shows the performance metric values for all problems. RBFMOpt
maintains the overall best performance, including for problem 4 where its average HV
is lower than HypE. These results are directly related to to each algorithm's variability
and also to the PF of each run. HV measures the space occupied by the non-
dominated solutions, disregarding the distribution of the solutions along with the PF.
GD+, IGD+, and EPS+ directly compare the distance between the PF* and the PF, so,
the solutions' distribution along the curve impacts those metrics. The results allow
stating that RBFMOpt have the best HV and the best PF for problems with two, three,
and four objective functions while HypE, does not maintain the first position in all

metrics, despite achieving the best average HV.
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Table 3 — GD+, IGD+, and EPS+ average values for all optimization problems (bold
values represent the best outcome).

Algorithm  Metric p1 p2 p3 p4

RBFMOpt GD+ 22.1730 22.2056 30.9891 6.8592
IGD+ 17.3575 14.0469 15.8400 21.6011
EPS+ 448.1684 804.6485 1196.0589 1459.4600

HypE GD+ 1.4501 103.6220 217.4865 0.2773
IGD+ 104.7346 670.5654 375.3158 69.7553
EPS+ 2936.0140 7028.0040 4751.3400 2709.3419

6.1.4. Conclusion

This study proposes a benchmarking of RBFMOpt and HypE on a building
performance optimization problem that varied from two to five fitness functions. The
results allow stating that RBFMOpt has the best performance when combining the
results from HV, variability, GD+, IGD+, and EPS+.

HypE achieved the best average HV performance for the problems with two,
four, and five fitness functions. RBFMOpt achieved the best average HV on the three
objective functions problem, and HV values above 95% in all other problems. The
model-based algorithm showed less HV variability in problems two and three, but
higher variability than HypE on problem 1. For the last problem, both RBFMOpt and
HypE showed low variability, but RBFMOpt achieved a lower range. Based on the
hypervolume indicator, RBFMOpt should be used, in similar problems, when budget
limitation occurs, such as less function evaluations availability or multiple runs
impossibility. For higher budgets, HypE delivered the best results, and should be used

in similar situations.

Based on the results from the GD+, IGD+, and EPS+ indicator, RBFMOpt
achieved the best overall results. Since the later metrics are based on distance
relations between the PF* and PFs, these results indicates that despite failing on
achieving the largest dominated space, RBFMOpt succeeded on the distribution of the
solutions on its PFs. Then, achieved non-dominated solutions closer to the best

solutions in all four problems.

Finally, we point out that both HypE and RBFMOpt achieved good performance
on the problem, and should be used for similar SBO problems. For low budgets users
should prefer RBMOpt, based on its fastest convergence. For more flexible budgets,

HypE tends to provide the best outcomes, and should be preferred.
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Abstract. Multi-objective problems usually employ conflicting objective functions ,
making the Simulation-Based Optimization process return a set of solutions. This study
applies a clustering technique to analyze and characterize the solutions obtained in a
school building optimization problem, maximizing daylight while minimizing energy
consumption. We modeled the geometry using the Rhino + Grasshopper platform,
following an existing building's characteristics. The parameters were the building's
dimensions, openings' height, solar devices' and light shelves' reflectance, solar devices'
distance from the facade, rotation angle, and depth of light shelves. We applied a
clustering technique to group solutions according to their parametric similarities at the
end of the optimization process. This approach made it possible to establish guidelines
to support the designer's choice of the combination of parameters that best fits his
purposes.

Keywords: Simulation-based optimization, Genetic algorithm, Daylight modeling,
Clustering, Machine Learning

1 Introduction

Over the past decades, it is possible to see the growing usage of tools that
allow a more complex building performance assessment (Nguyen et al., 2014).

Among them is Grasshopper, a visual programming platform associated with
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the Rhinoceros modeling software and enables modeling at different levels,
from initial design to building performance evaluation (Shi et al., 2016).
Grasshopper allows parametric modeling, simulation, and optimization in the
same platform, from more simple methods to complex modeling and

performance evaluation processes.

Parametric modeling associated with performance-based design allows
assessing different building designs and their respective performance (Farouk
et al., 2019; Oxman, 2017; Turrin et al., 2011). Through Simulation-Based
Optimization (SBO), the design process consists of several design tools and
strategies such as parameterization, simulation, and optimization. These
processes aim to find optimal solutions that satisfy pre-established performance
conditions by the simulator, and this type of approach is growing in architecture
(Fonseca et al., 2017; Gonzélez & Fiorito, 2015; Granadeiro et al., 2013;
Lucarelli et al.,, 2019; Shi et al,, 2016). In this way, combining different
approaches can lead to buildings with high performance on various aspects,

such as comfort, energy consumption, and lighting.

Despite the growing evolution of computational power, Simulation-Based
Optimization processes (SBO) have been applied to complex problems,
searching for promising solutions and avoiding simulating all the combinations
of parameters. Multi-objective problems usually employ conflicting objective
functions , making the SBO process return a set of optimal solutions. Choosing
one of them is not always an easy task. Therefore, this study aims to apply a
clustering technique to analyze and characterize the solutions obtained in a
school building optimization problem, maximizing the Useful Daylight
llluminance (UDI) while minimizing the energy consumption with HVAC and

artificial lighting systems.
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2 Methods

2.1 Problem formulation, simulation, and optimization

This study uses a school building of the Federal University of Vigosa's
Architecture and Urban Planning department. The building comprises
classrooms and labs. The actual building is surrounded by vegetation and other
buildings from the same department, although this study considers the
geometry isolated without any surrounding shade. Da Silva et al. (2018) present
a more detailed characterization of the building, such as zoning, openings

detailing, and other aspects. Figure 1 shows the main fagade of the building

used for this study.

Figure 1. Building's main fagade. Source: Da Silva et al. (2018)

For the parametrization, we divided the building into two main sectors
divided by the region with the red plane, consisting of a circulation area. The
first sector consists of the portion on the left side of the red wall, and the second
section, located on the right side of the circulation zone. This division allowed
modification on the floor plan of both sectors in an independent way, so both
sectors can separately have improvements on width and depth. Table 1 shows

the parameters defined to assess daylight potential and energy consumption.

Table 1. Building parameters
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Parameter Description Bounds Type
x1 sector 1 width [10, 14] continuous
x2 sector 1 depth [10, 14] continuous
x3 sector 2 width [10, 14] continuous
x4 sector 2 depth [14, 17.05] continuous
x5 opening’s height [1.65, 1.95] continuous
o demoetsemUesa oz connus
x7 shading devices opening angle [0, 90] continuous
x8 light shelves depth [0.4,0.8] continuous
X9 shading devices solar 1, 78] discrete

reflectance
x10 light shelves solar reflectance [1, 78] discrete

In the optimization problem, the main fagade has shading devices in all eight
windows and also light shelves in the corresponding zones (Fig. 1). Parameters
x5 to x10 regulate the geometric and luminous aspects of both shading devices
and light shelves. Figure 2 shows the relation between the parameters

presented in Table 1 and the actual building geometry. Figure 2 also shows the

Source: Adapted from Da Silva et al. (2018)

shading devices' integration into the building model.
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Figure 2. Schematic floor plan with the building's geometric parameters (a), a
schematic section with shading devices and light shelves' parameters (b), and
integration of shading devices in the main facade. Source: Adapted from Da Silva et al.

(2018)
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The optimization problem maximized daylight through Useful Daylight
llluminance (UDI) and minimized energy consumption (EUI) with HVAC
systems and lighting. UDI is a metric that measures the availability of daylight
in a specific range through an entire year. For this study, we used the range of
300 — 3000Ix (Mardaljevic et al., 2012). The EUI index measures the

consumption in kilowatt-hour divided by the consuming area.

We use Grasshopper for Rhino to model the building and perform the
simulations and the optimization process. We use Archsim and DIVA to link
daylight availability to the thermal model's schedules and intensity of electrical

lighting.

For the optimization process, we used a population genetic algorithm for
multi-objective optimization known as HypE (Bader & Zitzler, 2011) which is
available in the Octopus plugin. HypE is an algorithm that uses the Pareto
dominance strategy to evolve a population of solutions. Thus, the algorithm's
objective is to find a curve, called the optimal Pareto curve, where all solutions
are non-dominated. Therefore, at the end of the optimization process, it is
considered that all solutions in this curve are equally optimal. In practical
problems, the optimizer must choose one of these solutions to implement. This

post-optimization step requires expertise that is not always a simple task.

We define population size as 70, and we did not determine a maximum
number of generations. We also set elitism as 0.5, mutation probability as 0.1,
mutation rate as 0.5, and crossover rate as 0.8. This way, we observed the

process until it reached a converge condition.

2.2 Clustering technique and solutions characterization

To analyze the solutions obtained by the optimization process, we applied an
unsupervised clustering technique extensively used in the literature known as
K-Means (Likas et al., 2003). This technique partitions all the solutions into k
groups based on mutual parameters and fitness functions. K-means starts by
choosing k solutions as centers for k clusters. The other solutions are then

associated with each center according to their proximity (usually, the Euclidean
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distance is the metric used to measure similarity). After that, the centers are
repositioned according to the average of the solutions in each cluster. The other
solutions are again associated with the new centers. This process repeats until
the centers remain static or until reaching the maximum number of iterations.
An essential and challenging task of K-means is defining the value of k. In this
work, we used a voting criterion based on 26 different methodologies. This tool
is available for free on RStudio, through the NbClust package (Charrad et al.,
2014).

We assessed fitness functions and parameters values based on each
cluster to observe the main groups' characteristics. This way, it is possible to
associate parameter configurations with particular performance aspects,

leading to recommendations to enhance performance.

Figure 3 shows the method applied in this study as a schematic process,
pointing out essential elements and steps.
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Figure 3. Schematic process of the method adopted in this study.

3 Results and discussion

After 54 generations, we stopped the optimization process based on Octopus
visual convergence indicators. To apply the clustering technique, we use the
3448 unique solutions obtained in the 54 generations. We chose to use all
unique solutions because the Pareto Front only returned 12 solutions (Fig. 4).

Thus, applying a clustering technique would demand a computational
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processing method with high cost when analyzing solution by solution would be

a feasible task.
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Figure 4. Distribution of the best solutions on the Pareto curve.

Based on the voting criterion, the ideal number of clusters is 3. Figure 5
shows the distribution of the unique solutions and similarities between groups.
Group 1 has EUI values in a range similar to Groups 2 and 3 but lower UDI
values. Since the objective of this problem is to minimize the EUI while
maximizing the UDI, the Pareto curve should form in the lower right portion of
the graph. Group 1 has 22% of all solutions, Group 2 has 45%, and Group 3
has 33%. This proportion also allows observing convergence since the
optimization process directs the search around the best solutions. These results
show that the optimization focused a significant part of the budget on improving

both fithess functions simultaneously.

Groups 2 and 3 have a similar UDI range, but Group 2 has the best solutions
for UDI and EUI. So, in a general way, an initial analysis of the clusters'
distribution indicates that Groups 1 and 3 have solutions that prioritize one and
just one of the fitness functions, and Group 2 satisfies both. Therefore,

whenever possible, group 2 should have priority when choosing a solution for
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implementation. For projects with flexibility in the incidence of daylight but still
with reduced energy consumption values, solutions belonging to the boundary

between groups 1 and 2 can provide good results.

Figure 5 also shows solution overlaps. That is, different configurations lead
to the same value for UDI and EUI. Group 3 shows a few solutions with UDI
between 26% and 38%. Groups 2 and 3 also overlap a few solutions, around
38 and 40 kWh/m?2.

48
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Figure 5. Solutions distribution and grouping according to the K-Means technique.

Figure 6 shows parameters' distribution based on the cluster groups.
Building width (x1 and x3), shading devices distance from opening (x6), light
shelves depth (x8), and both reflectance parameters (x9 and x10) had a similar
impact on the clusters since the range of values assumed by these parameters
only have a small variability between groups. So, they have a minor effect on
both UDI and EUI, leading to good and worse fitness function values.

Building depth (x2 and x4) and openings' height (x5) have the most
significant impact on solutions grouping, especially in determining the range of
values that lead to the best solutions, that is, solutions that satisfy both daylight

distribution and energy consumption. Lower values lead to better results for
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building depth since daylight presents a better distribution in shallow rooms,
and a small floor area reduces energy consumption. Opening height works
reversely, so higher values lead to higher openings that allow more daylight in
the room. However, bigger windows in the main fagade impact less on energy
consumption since shading devices block significant portions of the solar

radiation from reaching indoor spaces.
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Figure 6. Parameters distribution based on cluster groups from Figure 4 (green
for Group 1, blue for Group 2, and orange for Group 3).

Shading devices' opening angle (x7) also shows a significant impact. This
parameter has a similar range for Group 1 and Group 2, previously described
as groups with the best UDI values, highly related to the daylight fitness
function. So, the high values representing less daylight blocking through
openings lead to better indoor daylight levels. Though, this configuration can
achieve solutions with low and high consumption levels. These results conclude
that shading devices opening angle depends on the other three significant

parameters to provide the best solutions.
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The results allow concluding that building depth, openings height, and
shading devices opening angle are the parameters that most impact daylight
distribution and energy consumption. So, this work's results can lead to
investigations on these specific parameters in future research and design
solutions that provide the best and worst performance. The clustering method
adopted can also be reproduced in other works, allowing grouping and

characterization based on fitness functions and parameters.

The clustering methodology for the characterization of solutions from a
multi-objective optimization process proposed in this work must ideally be
applied only to solutions contained in the optimal Pareto curve when it presents
many solutions. Still, considering that the SBO process is computationally
expensive and that, therefore, the solutions simulated are valuable, classifying
all of them into well-characterized groups can provide technical insights into the

use of one solution over another.

4 Conclusion

Multi-objective  Simulation-Based Optimization (SBO) processes allow
obtaining solutions that satisfy more than one objective. This study focused on
the post-processing phase of an SBO process by applying a clustering
technique to characterize the solutions obtained and answer which design

parameters have the most significant impact on the proposed problem.

The clustering technique based on a voting criterion determined that
solutions should be in three different groups. The grouping resulted in one
group with the best results for EUI, one with the best results for UDI, and the
third with solutions that presented the best values for both fitness functions. The
characterization based on each group formation allowed us to conclude that
buildings depth, openings height, and shading devices' opening angle are the

parameters that most impact building performance.
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This study provides a new approach to group and characterizes optimization
solutions, and the method is replicable to other databases, including problems

with a significant number of Pareto solutions.
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