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Resumo

Atualmente, o vasto conjunto de ferramentas de simulação e design disponíveis traz inúmeros

benefícios para as práticas da engenharia, construção e arquitetura. Uma destas vantagens é

a capacidade de reproduzir o ambiente construído de uma zona. Contudo, a maioria destas

ferramentas exige modelos com uma descrição apropriada, e uma correta leitura dos resulta-

dos obtidos. A descrição destes modelos requer conhecimento especializado, e interpretações

incorretas dos resultados podem induzir em erro potenciais soluções. Ainda, o tempo computa-

cional aumenta significativamente quando se realizam um vasto número de simulações ou em

modelos complexos. Para superar estes obstáculos, o estado da arte remete para o potencial do

desenvolvimento de modelos preditivos com recurso a técnicas de Inteligência Artificial.

Estes modelos conseguem prever métricas de simulação e desempenho de edifícios de forma

precisa, mais rápida e menos complexa. Isto resulta numa implementação mais eficiente de

análises e otimizações do desempenho dos edifícios. No entanto, estes modelos geralmente não

são portáveis, a sua precisão é altamente dependente da qualidade dos dados, e o seu desenvolvi-

mento é complexo. Por isso, requerem uma abordagem sistemática para o seu desenvolvimento

e utilização. Esta tese propõe uma metodologia para o desenvolvimento de modelos preditivos

que consiga tornar mais eficiente a implementação de análises e otimizações de edifícios. A

metodologia proposta abrange cinco etapas, desde a seleção das ferramentas até à implemen-

tação do modelo preditivo. O processo é ilustrado em quatro casos de estudo que utilizam

diferentes bases de dados de edifícios: bases de dados reais, sintéticas e iterativas.

Os resultados das análises e otimizações dos estudos são documentados e discutidos, sendo re-

alizada uma análise qualitativa que relaciona os diferentes tipos de bases de dados com a sua

influência no modelo resultante. Quantitativamente, alguns resultados mostram que os modelos
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desenvolvidos podem aumentar de forma precisa a velocidade de simulação em cerca de 100

vezes e reduzir consideravelmente a complexidade de simulação ou cálculo da métrica respec-

tiva. Por fim, são discutidos os resultados qualitativos e quantitativos, e delineadas e descritas

possíveis investigações e aplicações futuras que podem emergir desta investigação.

Palavras-chave: Design Algoritmíco; Inteligência Artificial; Modelação Energética de Ed-
ifícios; Optimização; Modelos Preditivos.
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Title: Surrogate Models for Efficient Implementation of Building Performance Analyses and

Optimizations

Abstract

The large set of available simulation and design tools brings numerous benefits to urban and

architectural practices. One of these advantages is the ability to reproduce an area’s built en-

vironment. However, most of these tools require appropriate simulation inputs and outputs.

Describing these inputs is laborious and requires expertise, and inappropriate outputs can mis-

lead planning solutions. In addition, large simulations take considerable time to yield signif-

icant results. Particularly when performing multiple simulations and simulating large models.

To overcome these obstacles, emergent solutions in research show the potential of developing

Surrogate Models with the leverage of Artificial Intelligence or Machine Learning techniques.

These models can predict simulation and performance metrics accurately, faster, and with fewer

inputs. This results in a more efficient implementation of building performance analysis and

optimizations. However, surrogate models usually lack portability, their accuracy is highly de-

pendent on data quality, and their development is complex. Thus, they require a systematic

approach for their development and use. This thesis proposes a framework for developing Sur-

rogate Models that can make the implementation of building analyses and optimizations more

efficient. The proposed framework encompasses five stages, from tool selection to model de-

ployment, illustrated in 4 case studies that use different types of building information databases:

Existing, Synthetic, and Iterative databases.

The results of the studies analyses and optimizations are recorded and discussed, and a qualita-

tive analysis is performed relating the different database types to their influence on the model

accuracy, number of input and target features, development speed, scope, qualities, and limi-

tations. In particular, some results show that the developed surrogate models can increase the

simulation speed by ≈ 100 times and considerably reduce the required input features compared

to their respective simulation or calculation inputs. Finally, qualitative and quantitative out-

comes are discussed, and future research and applications that can emerge from this research

are outlined and described.

Keywords: Algorithmic Design; Building Performance Optimization; Building Performance
Simulation; Machine Learning; Surrogate Models.
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Título: Modelos preditivos para uma implementação eficiente de análises e otimizações para o

desempenho de edifícios

Resumo Alargado

Atualmente, o vasto conjunto de ferramentas de simulação e design disponíveis traz inúmeros

benefícios para as práticas da engenharia, construção e arquitetura. Uma destas vantagens é

a capacidade de reproduzir o ambiente construído de uma zona, como o seu desempenho tér-

mico, lumínico, estrutural, entre outros. Contudo, a maioria destas ferramentas exige modelos

com uma descrição apropriada, e uma correta leitura dos resultados obtidos. A descrição destes

modelos requer conhecimento especializado, e interpretações incorretas dos resultados podem

induzir em erro potenciais soluções. Ainda, o tempo computacional aumenta significativamente

quando se realizam um vasto número de simulações ou em modelos complexos. Para superar

estes obstáculos, o estado da arte remete para o potencial do desenvolvimento de modelos pred-

itivos com recurso a técnicas de Inteligência Artificial.

Estes modelos conseguem prever métricas de simulação e desempenho de edifícios de forma

precisa, mais rápida e menos complexa. Isto resulta numa implementação mais eficiente de

análises e otimizações do desempenho dos edifícios. No entanto, estes modelos geralmente não

são portáveis, a sua precisão é altamente dependente da qualidade dos dados, e o seu desenvolvi-

mento é complexo. Por isso, requerem uma abordagem sistemática para o seu desenvolvimento

e utilização, particularmente na análise e previsão de ambientes construídos. Esta tese propõe

uma metodologia para o desenvolvimento de modelos preditivos que consiga tornar mais efi-

ciente a implementação de análises e otimizações de edifícios. A metodologia proposta abrange

cinco etapas: (1) a seleção das ferramentas, (2) base de dados de edifícios, (3) tipo de modelo,

(4) afinação do modelo, (5) implementação do modelo.

Na primeira etapa, selecionam-se as ferramentas necessárias para o desenvolvimento do modelo

e/ou da sua base de dados. Isto pode incluir ferramentas de modelação geométrica, simulação

e programação. Na segunda etapa (base de dados de edifícios) estabelece-se o tipo de dados

mais indicados para treinar o modelo. Em diferentes casos estes modelos podem ser desen-

volvidos através de bases de dados reais, sintéticas e iterativas. Na terceira etapa procura-se o

tipo de modelo mais indicado para o problema. Este pode ser um problema de regressão ou

classificação. Na quarta etapa afina-se o modelo(s) selecionado através de processos de melho-
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ria da base de dados assim como de otimização dos Hiperparâmetros do modelo. Finalmente o

modelo resultante é implementado para diferentes tipos de utilização.

O processo é ilustrado em quatro casos de estudo que utilizam diferentes bases de dados de

edifícios: bases de dados reais, sintéticas e iterativas. Bases de dados reais são compostas

por dados empíricos obtidos através de medições ou levantamentos de campo. Bases de dados

sintéticas são geradas através de simulações de um amplo domínio de variáveis que representem

o problema com eficácia. Finalmente, bases de dados iterativas são desenvolvidas através de

processos de otimização baseados em simulação. Usam-se resultados iniciais para construir a

base de dados, e acelera-se o processo posteriormente.

No primeiro caso de estudo desenvolve-se um modelo capaz de prever o certificado energético

de um edifício com apenas 20 inputs. Este modelo foi desenvolvido com uma base de dados de

≈ 60000 certificados em Portugal. Este modelo foi utilizado para desenvolver uma aplicação

web para a previsão e otimização de um certificado energético, e outra para múltiplos certifica-

dos. Resultados obtidos com a otimização demonstra melhorias de 60% e 20% respetivamente.

O segundo caso aborda o desenvolvimento de um modelo com 6 inputs capaz de prever uma

simulação energética para um edifício situado em Lisboa, Portugal. Para isso desenvolve-se

uma base de dados sintéticas corresponde a diferentes arquétipos de edifícios para diferentes

épocas construtivas. Este modelo é implementado em uma aplicação web para a simulação e

otimização de um edifício, e uma otimização implementada para a simulação e otimização da

reabilitação de um bairro em Lisboa, Portugal. Resultados obtidos demonstram 16% e 8% de

melhorias respetivamente. O terceiro caso aborda o desenvolvimento de um modelo com 4 in-

puts capaz de prever a simulação energética de um escritório com um envidraçado termocrómico

com diferentes propriedades. Usou-se uma base de dados iterativa para desenvolver o modelo.

Neste estudo implementou-se o modelo para otimizar as transmitâncias solares e visíveis, as-

sim como a temperatura de transição deste envidraçado. Obtiveram-se melhorias de até 17%

nas necessidades energéticas totais. O quarto caso de estudo usa também uma base de dados

iterativa para desenvolver um modelo com 24 inputs capaz de prever a simulação energética de

um complexo de 6 edifícios. Implementa-se o modelo para uma otimização dos materiais de

construção do projeto.

Quantitativamente, alguns resultados mostram que os modelos desenvolvidos podem aumen-

tar de forma precisa a velocidade de simulação até 100 vezes e reduzir consideravelmente a

complexidade de simulação ou cálculo da métrica respetiva. Por fim, são discutidos os resulta-

dos qualitativos que comparam as diferentes bases de dados em relação a precisão do modelo,
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número de inputs e objetivos, tempo computacional, utilização, qualidades e limitações. Bases

de dados reais geram resultados com boa precisão e rápido desenvolvimento por utilizar bases

de dados existentes, sendo ideal para operações de edifícios ou cenários que não exigem sim-

ulações. Contudo, a sua eficácia depende significativamente da qualidade dos dados. Bases

de dados sintéticas geram previsões com menos inputs e objetivos, sendo mais adequado para

projetos em estágios iniciais, embora exija mais tempo computacional devido à necessidade

exponencial de simulações. A base de dados iterativa destaca-se em problemas de otimização,

consegue conter mais inputs e objetivos, oferece um desenvolvimento mais rápido para tarefas

com muitas simulações em estágios finais de projetos, mas apresenta maior margem de erro para

soluções de baixo desempenho devido ao seu carácter de otimização. Cada uma destas aborda-

gens possui características e limitações específicas que devem ser consideradas para cada caso

de estudo. No final, interpretam-se os resultados, abrindo caminho para novas investigações e

aplicações futuras na área do desempenho do ambiente construído.

Palavras-chave: Design Algoritmíco; Inteligência Artificial; Modelação Energética de Ed-
ifícios; Optimização; Modelos Preditivos.
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Core Concepts

Building Performance Simulation:

In this research, Building Performance Simulation (BPS) refers to numerical calculations performed by

an algorithm or tool to assess aspects of building performance. These simulations require specific inputs

in different formats (Simulation models) to return the desired outputs. BPS can include energy simula-

tions, daylighting, thermal comfort, and more.

Analysis and Optimization Processes:

Analysis and Optimization Processes (AOP) is referred to in this research as building and urban perfor-

mance analysis processes that require large numbers of iterative evaluations. This can be the case with

sensitivity analyses for specific building parameters and building performance optimizations.

Algorithm Design and Analysis:

Algorithmic Design and Analysis (ADA) is a merger of two fields: Algorithmic Design (AD) and BPS. AD

is the process of describing shapes through algorithms, and ADA is a process to unify both AD and BPS

by automating the generation and analysis of building designs.

Multi-Objective Optimization:

Multi-Objective Optimization (MOO) generally represents the core of building performance optimization

approaches, since a building is a complex system that usually requires trade-off analysis. On the other

hand, Single-Objective Optimization (SOO) focuses exclusively on one performance aspect of a building.

Non-dominated solutions:

In Multi-Objective Optimization (MOO), non-dominated solutions are known as optimum solutions. These

represent solutions that cannot improve more for one objective without harming the other(s).

Hypervolume:

Hypervolume (H) is a metric to measure the objective-space (i.e., the domain of obtained solutions)

covered by the non-dominated-solutions. This is useful to identify trade-offs involved in the optimization

problem (e.g., more efficient buildings often entail higher costs).
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Surrogate Models:

Surrogate Models (SM) are data-driven simplified representations of computationally expensive calcula-

tions. They are used in multiple professional fields including Medicine, Finance, Chemistry, Engineering,

and Physics to approximate results faster than conventional methods, with high accuracy.

Building Information Databases:

Building Information Database (BID) are referred to in this thesis as the databases with building details

used to develop the SM. They can be Existing BID (measurements, datasets, surveys), Synthetic BID

(generated with multiple sampling methods through BPS), and Iterative BID (Generated through iterative

processes, usually optimization)

Feature Engineering and Selection:

Feature Engineering (FE) and Selection is a process to select, clean, generate, and transform features

(inputs) of a database to improve the SM performance. There are multiple methods to do this ranging

between various degrees of complexity.

Hyperparameter Optimization:

Hyperparameter optimization is a process to find the best parameters required to develop the SM. It

is also applicable to optimization algorithms. This is usually done by evaluating performance metrics

for SM such as accuracy or Mean Average Error (MAE), and with the Hypervolume for optimization

algorithms.
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Chapter 1

Introduction

1.1 Context

The emergence of computers and new technologies expanded the capacity of Architecture, Engineer-

ing, and Construction (AEC) industry in the representation of their design, execution, construction, and

rehabilitation projects. Computer-Aided Design (CAD) emerged and allowed practitioners a more accu-

rate and faster way to represent design plans and construction details. This contributed to a significant

growth in the AEC industry and consequently, an increased awareness regarding its environmental im-

pact.

The environmental impact of the AEC industry is directly related to a building’s performance, which

was determined with numerical simulation approaches where practitioners performed complex and ex-

tensive calculations to obtain insights regarding performance aspects of a building such as thermal,

structural, daylighting, acoustic, emissions, ventilation, among others. Thus, such calculations were

performed by experts usually in the late stages of a design or construction project.

These calculations can now be performed faster with specific tools known as Building Performance

Simulation (BPS) tools. These tools allowed practitioners to predict a building-specific behavior by in-

serting the required inputs and selecting the desired outputs. With these simulations, it was possible

to integrate numerical Analysis and Optimization Processes (AOP) in the design and planning process,

and not only in the execution project.

Unfortunately, the use of BPS tools with AOP is still out of reach for most practitioners and presents

several limitations:

1. BPS tools are not portable and require different model formats and descriptions. This forces

practitioners to develop models with different descriptions and inputs for each simulation, which is

error-prone.

2. Most BPS are time-consuming and still take a considerable amount of time to perform the calcula-

tions for multiple or large models (e.g., it takes hours to simulate a neighborhood). This constitutes

a significant limitation, particularly for AOP that require testing multiple variations of a project.
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3. The use of BPS tools requires extensive knowledge regarding building physics and performed

calculations to understand and process the inputs and results.

4. There is a trade-off between simulation detail and computational cost.

Algorithmic Design and Analysis (ADA) emerged as a way to solve the portability issue of BPS

tools. ADA allows practitioners to describe a design project with algorithms, and analyze the design

with BPS, all in one script. With this design process, it is possible to swiftly change parameters or

design heuristics and obtain the respective model without effort. Additionally, some AD tools are either

capable of supporting BPS tools or exporting models that can be read by them. Consequently, with AD

it is possible to integrate AOP to automatically explore a design space, a process often referred to as

Algorithmic Design and Analysis (ADA)

The use of ADA constituted a trade-off, which allowed practitioners to obtain higher portability be-

tween their project design, performance analysis, and optimization, at the cost of learning programming

languages that have a high learning curve. However, ADA did not address the remaining limitations of

BPS processes, which still require significant computation time, expertise and testing to be successfully

applied. Thus, the use of AOP even though possible, presents the following limitations:

5. Because of the iterative nature of these processes, they add another layer of computational cost

to the one required by BPS.

6. Setting up and performing the process and learning a programming language adds another layer

of complexity.

7. Lacks systematic approaches to different building performance aspects and problems.

8. Lacks friendly interfaces for results post-processing.

Coincidentally, recent advances in research have been demonstrating the advantages of Surrogate

Models (SM) developed with Machine Learning (ML) techniques, such as supervised learning, unsuper-

vised learning, reinforcement learning, and deep learning, to help practitioners execute their Analysis

and Optimization Processes (AOP). SM predict a target output after being fitted with a database that

illustrates its variation according to specific training features. Particularly, SM developed with a project

database can help reduce the number of required inputs and features while significantly improving BPS

and AOP computational times. This allows for faster, and easier AOP. Applied to building performance,

Building Information Database (BID) containing building features and their performance indicators can

be used to train SM and overcome the above-mentioned obstacles.

The research available for the application of SM in building performance is limited, however, many

studies highlight that these models have the potential to play a crucial part in the future of building

performance and achieving sustainable and development goals. Nonetheless, these studies also outline

many obstacles that need to be overcome to achieve this goal:

9. SM are usually specific to the problem at hand and lack portability.
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10. Their accuracy highly depends on data quality and/or simulation detail.

11. Improving their accuracy is challenging and complex.

12. There are not many SM capable of explaining the uncertainty of their prediction results.

13. The computational cost for generating building databases with BPS (if necessary) can increase

exponentially to the point of unfeasibility.

14. It is challenging to develop a SM and select the most suitable model.

In this thesis, a framework for developing SM to improve building performance AOP is developed and

evaluated. This framework aims to build a comprehensive approach that can be applied systematically

to overcome these challenges and improve the integration of AOP for building and urban projects.

The presented framework encompasses 5 stages, starting by identifying the building performance

problem and required toolkit, identifying different types of BID that can be used, selecting the adequate

SM, improving the SM performance if necessary, and deploying the model. This process is then imple-

mented and evaluated in different case studies representative of three different types of BID: Existing

BID, Synthetic BID, and Iterative BID

1.2 Motivation

Buildings in their lifecycle are responsible for ≈ 40 % of global energy use, 25% water use, and 39%

carbon emissions [1, 2, 3]. As such, there is a dire need to renovate the built environment and improve

future construction to achieve global sustainable development goals. In the Architecture, Engineering,

and Construction (AEC) industry, some practitioners use Analysis and Optimization Processes (AOP) to

assess their building or urban projects’ future performance. Current state-of-the-art methods to perform

these processes allow the user to obtain the best solutions for their projects that guarantee performance

standards and goals. However, a building is a complex system entailing multiple performance aspects,

and AOP are time-consuming, difficult to employ, and lack portability between tools.

Because of the iterative nature of AOP, multiple evaluations of the problem are required to use

these processes. In addition, to perform the required numerical calculations for building performance

aspects, BPS tools are generally used. These tools present a trade-off between simulation detail and

computational cost. All these factors increment the computational cost and time of AOP. Moreover,

because these tools and processes are difficult and not portable, they demand a large interdisciplinary

knowledge to correctly asses multiple aspects of building performance, such as being experienced with

multiple BPS tools and Algorithmic Design and Analysis (ADA).

Research has been trying to overcome these challenges using Surrogate Models (SM) to replace

expensive computational calculations. SM can generate accurate predictions much faster and with fewer

inputs, making them a more suitable and easier alternative than BPS to perform building performance

AOP. However, there are still significant research gaps to be overcome for SM to be effective in building
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performance. They are specific to the prediction task, challenging to develop, and their databases often

require time-consuming processes to be suitable for training.

The motivation for this thesis emerges from the need to improve the use of AOP in building perfor-

mance and expand the reach of these processes to all practitioners in the AEC industry. To do this, it

is crucial to overcome the challenges associated with BPS, AOP, and particularly, SM for building per-

formance. In the following sections, this research question is presented and discussed, and this thesis’s

goals are outlined.

1.3 Research Question

The proposed PhD research was structured by the following research question:

• How to improve the integration of Analysis and Optimization Processes (AOP) in building and

urban projects?

To answer this question one can deconstruct this research question into three main sub-questions

regarding AOP:

• How to make them faster?

• How to make them easier?

• How to make them portable?

SM provide an answer to these questions, but not without challenges. Current literature highlights

the challenges of developing a SM for building performance AOP: they depend on data quality; their de-

velopment is complex and significantly undocumented in the research; and still lack portability between

different problems. With this in mind, the next Section briefly describes this thesis while outlining its

research goals.

1.4 Research Methods

To answer the previously stated research questions, this thesis proposes a framework for a system-

atic approach to SM development in building performance AOP. This framework is implemented and

evaluated in case studies concerning different types of databases. With this approach, a researcher or

practitioner can develop and implement a SM from start to finish, for their project or practice. The models

can be used by any user familiar with the required inputs for the SM and can be implemented for any

building performance problem. The methodological advances of this framework encompass:

1. Providing a systematic approach to develop a SM for any building performance problem.

2. Identifying different kinds of databases and providing suitable approaches to enhance the data

quality.
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3. Providing workflows to select the most suitable SM for the problem at hand.

4. Providing workflows to increase the selected model’s accuracy if needed.

5. Providing workflows to implement the models appropriately, depending on the building perfor-

mance problem scope.

An outline of this thesis is provided in the next Section, with a particular focus on its structure.

1.5 Thesis Outline

This thesis is structured in 5 Chapters, including the present. This Section provides a brief outline of

each Chapter in the next paragraphs.

In Chapter 2, a large corpus of knowledge is gathered in three separate sections concerning Build-

ing Performance Simulation (BPS), Analysis and Optimization Processes (AOP), and Surrogate Models

(SM). In Section 2.1 (Building performance simulation), multiple performance aspects of BPS are in-

vestigated along with available tools and performance metrics. Afterward, ADA is described, along with

its tools and applications for building performance AOP (Section 2.2). Section Surrogate Models docu-

ments different model types that can be used, and how they are evaluated, improved, and deployed in

building performance problems. Each field’s Challenges and opportunities are identified at the end of

each Section.

Chapter 3 comprises 5 Sections to describe the proposed framework in practice. Section 3.1 (Tools)

suggests a suitable toolkit to apply the framework, and Section 3.2 (Building Information Databases)

expands on the different types of Building Information Database (BID) considered for this study. Section

3.3 (Model type) documents the implementation of some SM types, and Section 3.4 (Model tuning)

provides an adaptable workflow to improve the SM accuracy. Finally, Section 3.5 (Model deployment)

suggests and describes possible SM implementation formats for different problems.

Chapter 4 documents the framework application in case studies for the three building databases

researched in this thesis. This part is composed of 4 Sections, each culminating in a core scientific

publication representative of this thesis framework.

In Section 4.1 (Optimization of building retrofit using a Surrogate Model developed with an Existing

Building Database), a SM is developed to predict the Energy Performance Certificate of a building with

an Existing BID. The resulting SM is implemented in a web app to predict, analyze, and optimize any

building energy certificate in Portugal.

Section 4.2 (Optimization of Building retrofit and design using a Surrogate Model developed with a

Synthetic Building Database) implements the framework for a SM capable of predicting a building energy

simulation result of a building in Lisbon. The model is trained using a Synthetic BID, and deployed for

a problem to optimize the retrofit of a building block, and for a Single-Objective Optimization (SOO) of

building design in a web application.

In Section 4.3 (Optimization of thermochromic glazing using a Surrogate Model developed with an

Iterative Building Database) a SM is developed to predict the energy use of an office containing glazing
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with different phase-change-material properties. The model is trained with an Iterative BID and imple-

mented to optimize the glazing properties that yield minimum energy use.

Finally, Section 4.4 (Optimization of a residential block using a Surrogate Model developed with an

Iterative Building Database) develops a SM to predict the total energy use and standard deviation of

a mixed-use building block. The model is also implemented for an Iterative BID. However, this study

covered stage 4 of the framework (Section 3.4 - Model Tuning). This SM was implemented for an

optimization problem concerning the construction of the block.

Chapter 5 documents the main quantitative and qualitative findings. This is done in Section 5.1

(Main Research Findings) by evaluating and comparing the different types of SM developed, their BID,

and their respective AOP. Finally, Section 5.2 (Future Work and Applications) suggests directions for

related research and possible applications of this framework in a distant but reachable future.

1.6 Research Outputs

In this section, research outputs are divided into two groups. The first group encompasses the imple-

mentation of the 4 case studies and a brief description of the main published documents. The second

group outlines articles and papers published to support the proposed framework. In each group the

research outputs are organized chronologically. In total 5 journal articles, 4 conference papers, 2 con-

ference posters, and 1 book chapter were published.

Conference paper:

Status: Published

Araújo, G. R.; Santos, L.; Leitão, A.; and Gomes, R. (2022). “AD-Based Surrogate Models for Sim-

ulation and Optimization of Large Urban Areas.” In 27th International Conference of the Association

for Computer-Aided Architectural Design Research in Asia (CAADRIA 2022), 689–98. Sidney. doi:

https://doi.org/10.52842/conf.caadria.2022.2.689

This article comprised the development of a SM to predict BPS results for a building in Lisbon,

Portugal. This consisted of simulating multiple building variations for different geometric and material

variables. As part of this thesis’s research, the model was developed as a case study to illustrate the pro-

posed framework’s process for Synthetic BID. The resulting model demonstrated acceptable accuracy

with only six input variables and reduced simulation times by ≈ 100-fold. The model was implemented

to solve an optimization problem that aimed to minimize energy use, its standard deviation among the

buildings, and the total rehabilitation cost of a neighborhood of 21 buildings.

Journal article:

Status: Published

Araújo, G. R.; Teixeira, R.; Gomes, M. G.; and Moret Rodrigues, A. (2022). “Multi-Objective Optimiza-

tion of Thermochromic Glazing Properties to Enhance Building Energy Performance.” Solar Energy 249
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(October 2022). Elsevier Ltd: 446–56.

In this article, a SM was developed to predict BPS results for an office space with a Thermochromic

Glazing installed. Thermochromic glazing is a system with a Phase-Change-Material coating that varies

its thermal properties according to the surface’s temperature. The SM was developed with an Itera-

tive BID extracted from simulation-based optimization results. This case study illustrates the proposed

framework process for Iterative BID without any model tuning techniques. The model was implemented

to find the best glazing properties that yielded minimum lighting, heating, and cooling energy use. The

developed model showed acceptable accuracy, significantly reduced the simulation time, and required

only four input features. Moreover, the improved optimization process found the inherent trade-offs that

occurred when the glazing switched states, between the increased lighting and reduced heating and

cooling energy use.

Journal article:

Status: Published

Araújo, G. R.; Gomes, R.; Gomes, M. G.; Correia Guedes, M.; and Ferrão, P. (2023). “Surrogate Mod-

els for Efficient Multi-Objective Optimization of Building Performance.” Energies 16: 4030. doi:https:

//doi.org/10.3390/en16104030

This article described the development of a SM capable of predicting BPS results of a fixed geometry

6-building block in Lisbon, Portugal. The model was developed with an Iterative BID extracted from a

simulation-based optimization with 24 feature variables: wall, roof, floor, and window construction mate-

rials for each building. This case study illustrates the proposed framework process for an Iterative BID

with model tuning techniques. The developed model demonstrated outstanding accuracy, significantly

reduced the optimization process’s simulation time (approximately 80-fold), and required only four inputs

per building. The optimization results illustrate the existing trade-offs between construction costs, energy

use, and energy use standard deviation between buildings.

Journal article:

Status: Published

Araújo, G. R.; Gomes, R.; Ferrão, P.; and Gomes, M. G. (2023). “Optimizing Building Retrofit through

Data Analytics: A Study of Multi-Objective Optimization and Surrogate Models Derived from Energy

Performance Certificates.” Energy and Built Environment. doi: https://doi.org/10.1016/j.enbenv.

2023.07.002

In this article, a SM was developed to predict a building or property Energy Performance Certificates

(EPC) and energy use. The model was trained with an Existing BID consisting of ≈ 65000 EPC in

Portugal and 20 input features. This case study illustrates the proposed framework process for develop-

ing a SM with an Existing BID and model tuning techniques. In this case, the resulting model requires
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fewer inputs than an energy certification process and shows acceptable accuracy. Furthermore, it was

implemented in a web app to help users predict and obtain energy information regarding their EPC, and

optimize it by considering retrofit variables promoted by the Portuguese government.

Other publications stemmed from this research to provide foundational support for the proposed frame-

work:

Journal article:

Status: Published

Araújo, G. R.; Pereira, I.; Leitao, A.; and Guedes, M. C. (2021). Conflicts in passive building perfor-

mance: Retrofit and regulation of informal neighbourhoods. Frontiers of Architectural Research, 10(3),

625-638.

Journal article:

Status: Published

Aleixo, J.; Araújo, G. R.; and Guedes, M. C. (2021). Comparison of passive design strategies to improve

living conditions: a study in Ondjiva, Southern Angola. Renewable Energy and Environmental Sustain-

ability, 6, 21.

Conference poster:

Status: Published

Araújo, G. R.; Leitão, A., Pereira, I.; Gomes, R., and Ferrão, P. (2021). A non-linear surrogate model

of building archetypes to speed up cities’ adaptation to the post-carbon age. In Congresso MITPortugal

2021.

Conference paper:

Status: Published

Araújo, G. R.; Teixeira, H.; Gomes, M. G., and Moret Rodirgues, A. (2022). Otimização de Envidraçados

Termocrómicos para um Clima Mediterrânico. Congresso Construção 2022, 239.

Conference poster:

Status: Published

Araújo, G. R.; Gomes, R., and Ferrão, P. (2022). Surrogate models for time-consuming building perfor-

mance simulations and optimizations. Congresso MITPortugal 2022.

Book chapter:

Status: Published

Guedes, M. C.; Araújo, G. R.; and Albuquerque, N. (2023). Thermal Comfort in Informal Settlements:

Case Studies in Sub-Saharan Africa. In Climate Change and Sustainable Development (pp. 129-148).
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CRC Press.

Conference paper:

Status: Published

Araújo, G. R.; Gomes, R.; Gomes, M. G., Ferrão, P.; Guedes, M. C. (2024). Análise das necessidades

energéticas do parque edificado de lisboa com recurso a técnicas de IA. Congresso Construção 2024.

Conference paper:

Status: Published

Araújo, G. R.; Gomes, R.; Gomes, M. G., Ferrão, P.; Guedes, M. C. (2024). Técnicas de IA para im-

plementar processos de simulação e optimização do desempenho de edifı́cios. Congresso Construção

2024.

This thesis also achieved 3rd place in the 7th edition of the PhD Open Days pitch competition, hosted by

Técnico Lisboa in 2021.
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Chapter 2

State-of-the-Art

Preamble

Urban growth is steadily increasing, and at the present rate, it is estimated that the population in urban

areas will have increased from 55% to 60% by 2030 [1]. This leads to two significant challenges: (1)

development and improvement of urban areas with a growing scarcity of resources; and (2) addressing

sustainability and climate goals [4, 2]. To tackle these challenges, recent design and construction prac-

tices resort to simulation-based approaches to test solutions when they cannot be tested empirically

[5, 6, 7]. These approaches can help practitioners with their decisions by extrapolating data from simu-

lations and understanding how these decisions affect the urban metabolism of a city [8, 9]. Particularly,

Building Performance Simulation (BPS) approaches can help reduce the built environment’s energy use

by predicting building performance indicators such as energy use, thermal performance, and daylighting,

among others [10, 11, 12].

Despite the advantages of these approaches most have constraints that are difficult to comply with.

BPS requires an extensive understanding of the respective model’s complexity, inputs, workflows, and

outputs [13]. Lacking any of these is a problem that can contribute to critical errors by even the most

experienced users [14, 15, 16, 17]. Additionally, simulations are time-consuming when testing large

building and urban models [5, 10, 13]. The iterative process typical of Analysis and Optimization Pro-

cesses (AOP) for building performance combined with the difficulty and diversity of tools and analyses

for different simulations, creates a ripple effect on the impact of the problems mentioned above.

To solve some of these problems, Algorithmic Design and Analysis (ADA) emerged to unify and au-

tomate building performance AOP. Algorithmic Design (AD) is described as a design system in which

an algorithm generates geometry based on specific variables and relationships [18, 19]. It’s scalability

allows the automatic generation of design solutions and its portability enables the integration of simula-

tion tools and optimization processes [18]. This mechanizes most steps typical of AOP. Albeit, setting

up the BPS is still complex, with the added challenge of learning a programming language to automate

the processes [20].

Previous attempts to predict faster BPS results and with fewer inputs involved Surrogate Models
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(SM) developed with Machine Learning (ML) techniques [21]. These models have been used to pre-

dict building simulation outputs such as building carbon emissions [22], energy consumption [23], and

day-lighting [24]. ML models are trained with a simulated case-specific database and substantially im-

prove simulation run-time, deliver faster and more accurate results, and promote a smoother integration

with current digital design workflows [25, 26]. However, such models are usually case-specific, and

significantly depend on data quality, [27, 28].

So far, SM have not been used for their potential to bridge the gap between BPS and AOP with

practitioners, thus, state-of-the-art building performance Analysis and Optimization Processes (AOP) are

still out of their reach. Chapter 2 of this thesis unveils the main challenges and opportunities associated

with BPS, AOP, and SM for building performance.
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2.1 Building performance simulation

Building Performance Simulation (BPS) has emerged to support building and urban project decisions by

automating numerical calculations to deduce building performance metrics. With BPS tools, users can

access quantitative insights regarding various aspects of building performance such as energy, daylight,

and indoor air quality, among others [29]. These tools can be used from the early to late stages of

building projects, and have a long history of use to meet Sustainable Development Goals (SDG) [30].

To understand the scope of the field of BPS it is possible to search by keywords through the Scopus

database [31]. Figure 2.1 shows a line plot of the published articles with the keyword ”Building Perfor-

mance Simulation” in combination with a stacked area chart of the published articles with the keywords

”Building Performance Simulation” and ”Energy”, ”Comfort”, ”Daylight”. It is visible that the field has ex-

perienced a large growth since 2005 and that energy simulations are responsible for most of the studies

published within the scope of BPS.

Figure 2.1: Histogram plot of the yearly number of publications containing the keywords ”Building Per-
formance Simulation” and ”Energy”, ”Comfort”, ”Daylight”.

2.1.1 Energy

Multiple BPS tools can be used to calculate the energy performance of buildings. Namely, EnergyPlus

[32], Open Studio [33], Design Builder [34], Modelica [35], Revit Insight [36], among others. These tools

perform numerical calculations according to user-specified inputs about the system that is being simu-

lated [16]. In the case of buildings, common inputs are weather files, materials, geometric descriptions,

electric equipment, occupancy schedules, and surface boundary conditions, among others [37, 38]. The

user can specify the period and time step of the calculations, along with different calculation methods

[37].
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When evaluating the energy performance of buildings using BPS, multiple outputs can be used,

including Energy Use Intensity (EUI) [39], which represents the amount of energy consumed per unit

of floor area, typically in kWhm−2. Other used BPS outputs include heating and cooling loads, peak

electrical demand, and energy cost [40, 41, 42]. These metrics can be used to assess the energy

performance of buildings and evaluate the impact that various parameters have on them [17, 43, 44].

Figure 2.2 shows different output visualizations. In (a), a monthly chart of electricity consumption

is returned by a simulation in Openstudio [33]; In (b), the annual cooling loads of an urban area are

simulated and visualized by floor in a 3D model simulated with Revit Insight [36]. BPS tools for energy

performance have a wide variety of output formats for different time frames.

(a) Monthly Electricity Comsumption simulated in Openstudio
[33]

(b) [Annual cooling loads simulated with Revit Insight [36]

Figure 2.2: Energy BPS output visualizations. (a) retrieved from OpenStudio [45], and (b) retrieved from
Autodesk-University [46]

2.1.2 Daylight

To perform Daylight studies in buildings, some BPS tools that can be used are Radiance [47], Diva for

Rhino [48], among others. Required inputs typically encompass the building’s geometric description,

material properties, location, and climate data such as weather files. These inputs can be used to

calculate how natural light interacts with the building and inddor environmental model. BPS tools that

provide Daylight simulations typically encompass multiple simulation parameters and sky models, such

as the standard sky conditions [49], Climate-based sky [50], and Tregenza sky [51]. The user can define

the position of single or multiple sensors in the geometric model where the tool performs the calculations

and returns illuminance values in lx for the specified sensor(s).

With the illuminance values returned by the BPS, other performance metrics of Daylight in buildings

can be calculated such as the Daylight Factor [52, 53], Useful Daylight Illuminance (UDI) [54], Annual

Sunlight Exposure, and Daylight Autonomy [55]. Moreover, other visual comfort metrics can be calcu-

lated like Daylight Glare Probability [56] and Glare Index [57]. These metrics can help measure the

building’s natural lighting performance. Users can consider different glazing and material parameters

[58, 59, 60], as well as experiment with multiple designs and orientations [61, 62, 63].

Figure 2.3 shows the UDI for different facade depths and window heights. Because Daylight BPS
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typically entails calculations for multiple sensors, outputs are usually visualized in spatial heat maps.

With these outputs, users can assess the impact of their design strategies in multiple building areas.

Figure 2.3: Useful Daylight Illuminance (UDI) for different building solutions. ©G. Reis. Retrieved from
[64]

2.1.3 Comfort

BPS tools that perform energy simulations (e.g., EnergyPlus) can also assess thermal comfort by calcu-

lating outputs like indoor temperature, humidity, and other thermal outputs to calculate comfort metrics

[65]. Commonly used metrics are the Predicted Mean Vote model [66], adaptive comfort model [67],

Givonni bioclimatic model [68], and thermal autonomy [69], among others. With BPS tools users can

calculate these metrics and experiment with different equipment, materials, and designs to explore more

comfortable solutions [70, 71].

Figure 2.4 shows output formats and visualization examples obtained from Tartarini et al. [72]. In (a)

the Predicted Mean Vote (PMV) metric is illustrated for a prevailing indoor temperature [66, 72]; in (b)

the ASHRAE 55 standard for Adaptive comfort is visualized [67, 72]. All these results can be analyzed

and compared between multiple parameters to find the best solutions for different aspects of building

performance [73, 74]. Furthermore, these outputs can help achieve spatial lighting or thermal effects

solicited in the project [75, 76].

2.1.4 Challenges and Opportunities

Despite its merits, BPS presents several shortcomings concerning the uncertainty of the obtained results

and the difficult implementation of BPS tools [15, 17, 74, 77]. Harish and Kumar [74] perform a literature

review of modeling methodologies of building energy systems. Results highlight a trade-off between
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(a) Predicted Mean Vote chart according to ASHRAE 55 stan-
dard [72]. Comfort threshold highlighted in blue

(b) Adaptive Comfort chart according to ASHRAE 55 standard
[72]. Comfort thresholds highlighted in blue.

Figure 2.4: Comfort BPS output visualizations. (a) and (b) Retrieved from Tartarini et al. [72].

simulation accuracy and computation time. Moreover, the authors mention that more simplified building

models are needed. Attia [16] performs a user survey of architects’ and engineers’ selection and use

of BPS and outlines main implementation challenges and opportunities based on previous studies and

user survey findings. The main findings show that practitioners require accurate, practical, and portable

tools that can be easily integrated with design processes.

According to these studies, integrating simple, accurate, and fast BPS tools with design tools is

paramount to overcoming the mentioned obstacles. This allows users to perform accurate parametric

analyses concerning building and design alternatives. Some design tools already include BPS tools as

plug-ins, such as Sketchup [78], Revit [36], Rhino [79, 80], among others. In particular, these tools also

provide the option to algorithmically describe the building project, which can automate design tasks, and

test multiple possibilities through BPS. The next Section elaborates on the Algorithmic Design field and

its role in integrating BPS in Analysis and Optimization Processes (AOP).

2.2 Algorithmic Design and Analysis

Algorithmic Design (AD) is a design process that leverages algorithms and computational methods to

incorporate the iterative power of computers in the design workflow [81, 20]. Other similar and related

terms are ”Parametric Design” and ”Generative Design” [20, 82, 83, 84]. Caetano et al. [20] performed a

study to discuss the computational terminologies generative, parametric, and algorithmic designs based

on an extensive literature review. The authors argue that with AD, one can use parametric and generative

design, while the opposite is not verified.

The use of AD has been gaining prominence to develop flexible, accurate, and automated designs

[81, 85]. This is mainly done through an Integrated Development Environment (IDE) for a visual or textual

programming language [86]. Using visual programming languages consists of a combination of visual

components in an IDE illustrating functions that require specific design inputs to run, and return design
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outputs. Textual programming languages use a textual IDE to write and define functions and operations

the computer needs to execute [87].

(a) Script to design a surface in a visual programming language.
©Brendan Harmon. Retrieved from Harmon [88]

(b) Script to design spiraling stairs in a textual programming lan-
guage. ©Gabi Celani, retrieved from CELANI [89]

Figure 2.5: Visual and Textual programming languages.

Despite its advantages, AD still presents shortcomings. In particular, AD requires users to learn a

programming language, and visual programming languages lack scalability, which makes them unsuit-

able for complex design tasks [90, 87]. Learning a programming language can be difficult, while complex

models become slow and can crash when using visual programming languages [86, 91, 92].

AD can also integrate BPS tools to automate simulation tasks while changing its parameters [19].

Aguiar et al. [18] develops a framework entitled Algorithmic Design and Analysis (ADA) for this process.

The iterative nature of ADA is suitable for such tasks, thus, analyses and optimizations can be imple-

mented with different BPS tools, all within one AD script [18]. This can help overcome the portability

barrier presented by BPS tools (Section 2.1, see Challenges and Opportunities). In this Section, mul-

tiple visual and textual AD tools are described, and their use in studies for different design stages is

explored.

2.2.1 Algorithmic Design Tools

While textual programming tools emerged first, recently visual programming tools have been increasing

in popularity, particularly in the architectural field, since they are more intuitive and user-friendly, with

a quick initial learning curve [90, 93]. However, a trade-off emerges since using visual components

becomes overwhelmingly difficult to comprehend and work with for larger programs [87, 90, 94, 95, 96].

These shortcomings are illustrated in Figure 2.6, where a script to create a script for a complex design

and geometry is overly complicated. This makes it difficult to trace design parameters and significantly

increases the computation time. Thus, nowadays most design tools integrate an AD IDE with visual

and textual programming languages. In addition, visual programming AD tools also generally support

components created with textual programming languages [97].

Concerning visual programming AD tools, one early example is Rhino’s Grasshopper [79, 80] devel-

oped in 2007. Grasshopper is a tool that allows users to program geometric features using numbers or
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Figure 2.6: Large visual programming language script. This image highlights the complexity and lack of
scaling present in visual programming languages. ©James Graef. Retrieved from Graef [98]

sliders and using manually created geometries as input. Moreover, the tool provides plug-in develop-

ment, real-time feedback, debugging features, and model traceability from the algorithm to the model

but not the other way. The outputs are seen in the Rhino model environment while the program is de-

veloped in Grashhoper’s IDE. Another example released in 2011 is Dynamo [99], which now works as a

standalone version or as a plug-in for other 3D modeling software such as Revit. This tool has the same

features as Grasshopper with the advantage that the geometry can be seen directly in the IDE.

Textual programming languages have emerged earlier. One example is the 1986 AutoLISP imple-

mented in AutoCAD. This tool allowed the user to manipulate AutoCAD functions and automate parts of

the design. However, these early tools still lacked traceability and debugging features, which turned their

use into a difficult task [87, 91]. Recently, textual programming AD tools like Rhino.Python and Khepri

emerged with these features [86, 97], which allowed users to improve their learning curve as they had

some degree of code-to-model traceability and error messages. These tools are still difficult to learn

despite bringing the advantage of scalability when modeling large and complex models.

Integrating AD with BPS tools is one of its main advantages since the user can not only develop

form-finding programs but also perform iterative analyses and optimizations to guide their project solu-

tions. One example is Ladybug Tools [100], a visual programming language plug-in for Grasshopper

and Dynamo that allows the integration of BPS by converting an AD model geometry and inputs into the

required model format by the BPS tool. This plug-in integrates EnergyPlus for energy simulations, and

Radiance for Daylight. Similarly, the Eppy tool integrates Python with EnergyPlus, allowing the user to

develop building energy models with any geometry and inputs [101].

These tools allow users to perform parametric exploration of their design and simulation inputs while

granting access to an ample spectrum of customized output visualization (Figure 2.7). However, when

the computational power required to perform BPS is incremented with scalability issues of complex

models, it catalyzes the mentioned shortcomings of AD tools. Examples are an increased difficulty

running and editing the model, the necessity of learning a programming language for AD, as well as

knowing the required BPS tool’s inputs to obtain accurate outputs. Moreover, when adding iterative

analyses or optimization processes, a new layer of knowledge is required to perform such tasks.
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(a) LadyBug Tools script for comfort simulation. (b) LadyBug Tools 3D model output visualization for a comfort
simulation.

Figure 2.7: Ladybug Tools Energy simulation and resulting output visualization. ©Chris Mackey. Re-
trieved from Hydra Share [102].

In the following sections, various use cases of AD tools and their integration with BPS will be show-

cased across different stages of building projects. Specifically, to understand how these tools are used

from the early to late stages, as well as their applications in the design and engineering fields. By

examining existing research, it is possible to illustrate the flexibility and portability of these tools. This

discussion highlights opportunities and potential challenges associated with adopting AD and BPS tools

at each building project stage.

2.2.2 Building Performance Analysis

Building Performance Analysis consists of assessing the impact of changes in inputs on specific outputs

or outcomes [103]. This is commonly applied in the Architecture, Engineering, and Construction (AEC)

to evaluate solutions for building designs, construction methodologies and materials, and other building

projects. While exploring published research papers in Scopus containing the keywords ”Building Per-

formance” and ”Analysis”, it is seen a rapid increase in publishing after 2005 (Figure 2.8). This coincides

with AD integration with BPS and the appearance of tools like Grasshopper (2007) and Dynamo (2011).

Multiple studies have explored AD to find better design solutions for different building performance

aspects. Concerning building energy performance, Alghamdi et al. [104] tests the impact of 15 building

design parameters on the energy consumption of a classroom in Australia. Results show up to ≈ 40%

energy reductions with different roof constructions and by changing the Heating, Ventilation, and Air

Conditioning (HVAC) setpoints. Elbeltagi et al. [105] develop a framework with Ladybug Tools to perform

a sensitivity analysis of early-stage design parameters and visualize the results, and Najjar et al. [106]

uses Autodesk Green building Studio to improve the construction of a single-family house’s Energy Use

Intensity (EUI), which represents the energy use per m2 of the total floor area. In the latter, results show

reductions of up to 15% in the EUI after building retrofits.

For daylighting, Henriques et al. [107] use Radiance to find adequate design configurations of a

skylight, while Wagdy and Fathy [108] explore different values for glazing ratios, louver sizes, and con-

figurations for multiple daylight metrics such as Spatial Daylight Autonomy, Annual Sunlight Exposure,
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Figure 2.8: Scopus query for the keywords ”Building Performance” and ”Analysis”.

and Daylight Glare Probability. Queiroz et al. [109] estimate Useful Daylight Illuminance (UDI) for dif-

ferent window and room design parameters with both Radiance and EnergyPlus, and Castelo Branco

and Leitão [110] search for improved solar panel configurations in a building design with radiation maps.

These studies illustrate the potential benefits obtained from integrating BPS with AD tools for Daylight

performance [18, 111, 110, 112].

Many building performance analysis studies exist in the literature to seek improvements in thermal

comfort. For instance, Chowdhury et al. [113] used Design Builder to test different low-energy cooling

strategies for an office building in a subtropical climate. Similarly, Aleixo et al. [114] uses Ladybug Tools

and Grasshopper to explore the impact of multiple passive cooling strategies on the thermal comfort and

daylight performance of informal settlements in Angola. At a different scale, Ramakrishnan et al. [115]

use EnergyPlus and Ladybug Tools to test the properties of a phase change glazing material (such

as thickness and transition temperatures) for more comfort in naturally ventilated buildings. Results

show that users can identify suitable strategies to improve the building’s thermal comfort and that these

analyses provide useful feedback at multiple levels [111, 112, 113, 116, 117].

Exploring different project solutions with ADA can provide advantages to practitioners exploring meth-

ods to improve a building’s performance. This happens due to the interoperability between design and

analysis models within the same script. However, The automation and flexibility associated with ADA

allows users to go one step further and develop automated optimization processes. The next sections

describe the field of building Performance Optimization according to existing literature. Initially, it illus-

trates common optimization frameworks for building performance. Afterward, optimization results and

their visualization are discussed, as well as ways to improve the optimization results. Finally, challenges

and opportunities are outlined according to previous studies.
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2.2.3 Building Performance Optimization

In the literature, when querying the Scopus database for the keywords ”Building Performance” and

”Optimization” an increase in publications with the terms is seen since 2007. Figure 2.9 compares the

publications per year with keywords ”Building Performance”, ”Analysis” and ”Optimization” in a stacked

area chart. Results show that both terms follow the same trendline of yearly publications, but the number

of studies concerning optimization has been increasing.

Figure 2.9: Stacked chart of Scopus queries for the keywords ”Building Performance” and ”Analysis”
and ”Optimization”.

Automated building performance optimization is a method to select optimal solutions from a set of

available combinations for a specific building project, according to performance criteria and complying

with constraints ([118, 119, 120]. In mathematics, optimization concerns finding inputs of a function that

minimize or maximize the value of an objective function [121]. Within the AEC industry, most building

performance optimizations aim to solve single- or multi-objective functions often entitled Single-Objective

Optimization (SOO) and Multi-Objective Optimization (MOO) [122, 118, 123, 124]. But because a build-

ing is a complex system that encompasses multiple performance aspects, and these are often con-

flicting, practitioners commonly use Multi-Objective Optimization (MOO) for a more holistic approach

[122, 118, 125]. An example of an objective function can be described by the following equation (Equa-

tion 2.1):

f(x, ..., xn) = max(o, ..., on) (2.1)

where the optimum solution of function f with variable(s) x, ..., xn is the maximum value for objective(s)

o, ..., on. Objectives can comprise multiple aspects of building performance such as thermal comfort

models, energy use, construction costs, and daylight performance, among others [126, 127, 128].

Multiple algorithms can be used to search the solution space for the optimum values. In particular,

there are deterministic, population-based searches, and hybrid searches, which comprise a combination

of deterministic and population-based optimizations [129, 130]. Deterministic approaches use mathe-

matical models that produce the same results when given the same initial conditions and variables.
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Examples of this approach encompass linear programming methods, gradient descent, hill climbing

searches, and more [123].

Deterministic approaches such as linear programming aim to find the best outcomes of a function

represented by linear relationships [131]. Gradient descent is used to find local and global minimums

of a differentiable function [132], while Hill climbing searches continuously move towards increasing

objective values to discover its peak [133]. Some disadvantages of these methods are that building

performance objective functions are often non-linear [118, 134], and that methods like gradient descent

and hill climbing are prone to find local minimums instead of global [135, 136].

Population-based search approaches use algorithms to search variable archetypes (populations) and

find near-optimal solutions. These are often called metaheuristics [137, 122], and are used for optimiza-

tion problems where the user assumes no prior mathematical knowledge of an objective function [135],

often called ”derivative-free” or ”black-box” problems. This is often the case for building performance

optimization [24, 122, 118].

In building performance, one commonly used algorithm from the metaheuristics family is the Genetic

Algorithm [138, 139, 140]. A randomized algorithm inspired by evolution principles that mimic natural

selection processes and supports SOO and MOO [141]. Other examples of commonly used population-

based algorithms include metaheuristics inspired by numerous biological patterns such as ant colonies

and bird flocks, among others [142, 143, 144]. Some disadvantages are that these algorithms often

require many iterations to converge to near-optimal solutions and their results vary widely according to

their parameter settings [135].

Waibel et al. [138] compile a benchmark of derivative-free SOO algorithms applied to building energy

performance in the literature. Results confirm the ”No Free Lunch” theorem proposed by Wolpert and

Macready [145] in that no single algorithm managed to outperform all others for different optimization

problems. In addition, the authors show the relevance of the algorithms’ parameters (Hyperparameters)

in obtaining the best optimization results.

Similarly, Pereira and Leitão [146] compare the performance of SOO and MOO metaheuristics for a

skylight truss structural optimization. The authors do this by comparing the resulting Pareto-optimality

chart of each tested algorithm. The Pareto-optimality chart was introduced by Censor [147] and de-

nominates MOO optimum solutions as non-dominated solutions. These represent solutions that cannot

improve more in one objective without harming the other(s). Pereira and Leitão [146] also compare the

algorithms’ obtained Hypervolume (H) to understand how the algorithms searched the solution space.

In a MOO, H refers to the measure of the space covered by the set of non-dominated solutions in the

objectives [148, 149, 150]. Figure 2.10 (a) illustrates a Pareto-optimality chart for two objective functions

f1 and f2, while (b) illustrates the calculation of an algorithm’s non-dominated solutions H.

Both Waibel et al. [138] and Pereira and Leitão [146] highlight the importance of the algorithms’ Hy-

perparameters in the convergence for optimum solutions. However, finding the best Hyperparameters

requires more computational power to test different combinations. In particular, when applied to building

performance and integrated with BPS, it becomes time-consuming to search for optimal Hyperparame-

ters while also searching for optimal solutions of the original optimization problem [122, 24]. These and
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(a) 2 objective Pareto-optimality for objective functions f1 and
f2. Retrieved from [151]

(b) Calculation of the Hypervolume (H) with non-dominated so-
lutions. ©Xingping Sun, retrieved from [152]

Figure 2.10: Pareto-optimality chart and Hypervolume (H) calculation for 2 objectives.

other inherent shortcomings of BPS associated with optimization processes are discussed in the next

Section, which explores challenges and opportunities identified in the literature for building performance

optimization.

2.2.4 Challenges and Opportunities

Even though there have been advances in Analysis and Optimization Processes (AOP) applied to the

AEC industry, there are still some hindrances preventing their widespread use. Many studies have

dwelled on these aspects but four in particular have extensively reviewed AOP of building performance.

In this first study, Evins [153] presents a review about the application of computational optimization

methods in sustainable building design. The paper provides a comprehensive overview of various opti-

mization processes. The author covers 74 works where optimization was implemented for building per-

formance. Results show that most AOP objectives focus on energy, construction costs, life cycle costs,

carbon emissions, thermal, daylight, and visual comfort. Besides emphasizing the potential of compu-

tational optimization applied to building performance, the author suggests further research to focus on

improving usability, interoperability, and computational speed in AOP with the use of meta-models.

Attia et al. [154] develop a study to explore challenges and opportunities for the integration of AOP

with BPS in low energy buildings. The article reviews 165 publications of current optimization methods

applied to building performance and showcases the results of a survey of 28 optimization practitioners

(mainly engineers) on the challenges and opportunities of AOP and BPS. The authors conclude that

building performance optimization has a large potential to achieve current development and sustain-

able goals. Among the findings, participants point to 4 soft obstacles and 7 technical obstacles. Soft

obstacles include high expertise requirements, low trust in the results, lack of systematic approaches,

and low appreciation among the AEC industry. Technical obstacles include the uncertainty of the BPS

model; long computation times; missing information; low portability and environments to integrate bps

and optimization; lack of friendly interfaces for results post processing.

In 2014, Nguyen et al. [122] provide an extensive review of AOP integrated with BPS implemented in
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the field of building performance. The study categorizes and evaluates various optimization techniques,

highlighting their use in improving overall building performance. The authors document the strengths and

weaknesses of these techniques in dealing with the complex, multi-objective nature of building perfor-

mance. Main findings indicate that simulation-based optimization is a powerful approach for improving

building energy performance. However, the authors outline specific challenges for the efficient inte-

gration of AOP with BPS: issues with local minima convergence, selecting the optimization algorithms,

integrating multiple objectives, performing computationally expensive simulations and optimizations, and

optimum solutions uncertainty. The authors advocate for the use of Surrogate Models (SM) to overcome

some of these challenges.

Finally, Tian et al. [155] conduct a survey for 119 participants to assess the challenges and opportu-

nities of adopting AOP with BPS in their projects. In addition, optimization methods for passive buildings

performance optimization were reviewed and categorized. Survey results show that most participants

agree that AOP for building performance has many advantages such as adjusting design variables,

helping in making decisions, finding optimal solutions, and studying multiple performance objectives.

However, results also show that the main hindrances for participants to adopt AOP with BPS in their

projects are: long calculation times, lack of standard optimization methods, lack of user friendly inter-

face, poor results analysis ability, and uncertainty regarding the value obtained over time spent. The

authors suggest that overcoming these barriers might lead to a wider implementation of AOP in building

performance.

To conclude, while the adoption of AOP processes brings numerous advantages to the field of build-

ing performance, it still has significant shortcomings that prevent its widespread use. In particular, they

are difficult to perform, time-consuming, and lack portability among tools. For instance, energy and day-

lighting simulation of a large urban area requires different tools and model formats and may take up to

several hours to days to perform. Some studies suggest using meta-models, or SM, to overcome these

major complications. The next Section describes what are SM, how they work, how to improve them,

and how to deploy them. Finally, it reviews applications of SM in the building performance field along

with their challenges and opportunities.

2.3 Surrogate Models

Surrogate Models (SM) are simplified representations of more complex and computationally expensive

programs. They are used to make predictions, study systems, and streamline AOP by harnessing data

from function variables and results [25, 156, 26, 157]. There are multiple types of SM for different predic-

tion tasks, which can be classification tasks or regression. Classification tasks predict discrete outputs

while regression tasks predict continuous outputs. The performance of these models in predicting the

desired outputs is often evaluated through different metrics for each type of prediction task. Thus, con-

siderations must be taken to select suitable models with adequate prediction performance.

These models have experienced rapid growth in the literature (Figure 2.11) and have been used

in multiple fields of research such as Finance, Medicine, Engineering, and Physics, among others
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[158, 159, 160, 161]. However, by taking a look at published papers in Scopus that contain the key-

words ”Surrogate Models” and ”Building Performance” it is observed that not many studies contain both

keywords, which suggests that studies exploring them have not been sufficiently reported. The following

sections document different types of models for regression and classification tasks; research methods to

improve SM performance; and showcase their integration and implementation in building performance

studies along with its challenges and opportunities.

Figure 2.11: Line plot of Scopus queries for the keywords ”Surrogate Models” and ”Building Perfor-
mance”.

2.3.1 Types of Models

According to Forrester et al. [26], there are three stages in developing a SM. Summarily, it begins with

data preparation and establishing the modeling approach by considering the features that will be used to

predict the target output. Some models require additional data preparation such as scaling the features

to adequate values or converting categorical entries into integer numbers. An initial data cleaning should

be performed to guarantee that the database contains representative samples of the problem. The

second stage comprises model training, where a portion of the database is set aside to train the chosen

models. The third stage tests the model performance by comparing the predicted values with the ones

contained in the testing sample that are not used to train the model.

Data cleaning techniques can be used to improve the data quality. For instance, outlier and null

values can be culled, input data can be scaled, labels can be encoded into integer numbers, and the

most representative features of the problem can be selected [26, 157, 162]. Scaling techniques encom-

pass normalizing data samples or converting them into a boundary system [163, 164]. Feature selection

is an optimization problem by nature. Thus, this process can encompass a wide range of techniques

from correlations to derivative-free optimization problems [165, 166]. Initially, direct correlations between

features and target outputs are commonly calculated to identify a starting pool of features.

Multiple model types can be chosen for both regression and classification prediction tasks. For in-

stance, Linear models, Statistical, Polynomial, Gaussian Process (GP), Support Vector Machines (SVM),
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K-Nearest Neighbors (KNN), Artifical Neural Networks (ANN), and Ensemble methods. Each model

type’s usability is suitable for different problems and data types and requires different data processing

methods [25, 156, 26].

Polynomial models use equations to fit a function to the target features and output [167]. It is suitable

for regression problems with simple relations between features that can be approximated using poly-

nomial descriptions. These models often benefit from data processing techniques like data scaling or

normalization [26, 168]. One limitation is that it can become computationally expensive when high-order

polynomial data is included [169].

GP models use a probabilistic approach to predict the target output. These models can be used for

both classification and regression tasks, and are suitable for complex problems with non-linear relation-

ships [170, 171, 172]. Usually, these models require feature scaling to improve numerical convergence

[172]. Because it is a probabilistic approach, it also provides uncertainty quantification for predictions

[172, 173]. GP models can become computationally expensive with large datasets and are sensitive to

outliers and faulty values [174, 175].

SVM are primarily used for classification but can also be adapted for regression tasks. They work

by finding an optimal plane that separates data into classes with the largest possible margins [176, 177,

178]. These models are suitable for classification problems that are highly representative of the solution

space and for non-linear regression problems. However, they are computationally expensive, which

makes them unsuitable for high-dimensional features and large databases [179, 180].

KNN can be used for classification and regression tasks. The model assigns the most frequent

value among the ”k” nearest samples for classification tasks, and the mean value for regression tasks

[181, 182]. These models are powerful for quick and simple pattern recognition but their accuracy

can degrade with high-dimensional data. Moreover, it is sensitive to Hyperparameter tuning to find the

optimum ”k” and distance values [183, 184].

ANN are used for both regression and classification tasks and are versatile tools that excel in pattern

recognition. They consist of layers of interconnected nodes that can model complex non-linear problems

[185, 186]. They are suitable for large and complex databases and data processing techniques such

as handling outliers and missing values, scaling the data, and others can improve their performance

[187, 188]. The obscure initialization values, difficulty interpreting the results, and over-fitting to the

training sample are some shortcomings of these models [189, 190].

Ensemble models combine multiple predictive models to improve the accuracy and robustness of

predictions [191, 192]. Some examples are Random Trees and Gradient Boosting [193, 194]. These

combine multiple decision trees to leverage each one’s strengths and weaknesses [195]. These models

are used when a single model performance is insufficient. They are robust regarding data scaling but

models like Gradient Boosting can benefit from scaling or normalization [[196]. These models often

sacrifice feature interpretation to improve their prediction accuracy [197].

According to Bishop and Nasrabadi [198], multiple metrics can be used either as loss functions for

models that require it or to evaluate their performance. These are used according to the prediction task

at hand. Because classification tasks aim at predicting discrete outputs, metrics like accuracy, precision,
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recall, f1-score, and confusion matrixes are used [199]. Accuracy is the ratio between correctly predicted

samples and total samples. Recall refers to the number of correctly predicted samples of one category

over its total number of samples. Precision measures the accuracy of correctly predicted categories.

Finally, the f1-score is a metric that represents a balance between precision and recall, and confusion

matrixes are simply representations of the true over the predicted values for each category. Figure 2.12

illustrates a typical classification report and confusion matrix of a classification model.

(a) Classification report for a classification model predicting 3
categories. ©Muthukrishnan, retrieved from [200]

(b) Confusion matrix of a classification model predicting 6 cate-
gories. ©Xingping Sun, ©Zhengwei Qu, retrieved from [201]

Figure 2.12: Visualizing the predictive performance of a classification model.

Regression tasks require a different approach since they aim to predict continuous output. In this

case, commonly used metrics are the Mean Average Error (MAE), Root Mean Squared Error (RMSE),

Mean Absolute Percent Error (MAPE), and Coefficient of determination (R2) [26, 198]. The MAE mea-

sures the overall prediction error of the test sample. However, larger error values and outliers will get

diluted with this metric. To solve this problem, the RMSE and MAPE can be calculated. Finally, the R2

represents the proportion of variance in the output which is explained by the model’s input features. This

value typically ranges between 0 and 1, where a higher value indicates that the model explains a greater

portion of the output variance. Chicco et al. [202] review these metrics and suggest that the R2 provides

better feedback on the performance of regression models.

Multiple model types can be evaluated and compared with the described metrics to provide feedback

on suitable SM for the problem at hand. After choosing the model type, some techniques can still be

applied, if necessary, to improve the model’s performance even further. Finally, Table 2.1 summarizes the

described model types, their advantages and disadvantages. In the next Subsection, tuning techniques

that can be used to do this are explored and documented.

2.3.2 Model Tuning

If the model’s accuracy is insufficient, some techniques can be used to improve model performance

[26, 198]. Among them are Feature Engineering (FE) techniques and Hyperparameter optimization.

FE consists of operations performed on the database’s features to improve model performance, while

Hyperparameter optimization seeks to find the best combination of the model’s parameters [204, 205].
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(a) Scatter plot of a regression model predicted values (x-axis)
and true values (y-axis)

(b) Histogram plot of prediction errors.

Figure 2.13: Visualizing the predictive performance of a Regression model. ©Adil Masood. Retrieved
from [203]

Some FE methods are already mentioned in Section 2.3 (See Types of Models), such as feature

selection and transformations like scaling, label encoding, and normalization. Feature selection tech-

niques are used when the number of features need to be reduced and/or the models are sensitive to

large numbers of features [206, 162, 207]. Feature scaling and transformations are suitable for models

sensitive to specific ranges of values, and when there are skewed feature distributions [208, 209, 210].

In addition to these methods, features can also be created through interactions or polynomial re-

lations such as powers and products of features. This is suitable when there are potential non-linear

relationships between features and target outputs [207, 210]. In contrast, a reduction in feature di-

mensions can also be obtained with Principle Component Analysis [211]. This is useful for models

that become computationally expensive with an increasing number of features like SVM. Finally, if the

database contains unbalanced features that show majority and minority class values, under-sampling or

oversampling techniques can be explored according to the database size [212, 213].

Similarly to the optimization algorithms discussed in Section 2.2 (See Building Performance Opti-

mization), SM also have Hyperparameters that guide their fit of a database. These can be tuned to find

the best-performing models among the set of Hyperparameters [214, 215]. Some techniques include

multiple sensitivity analyses, search methods, and more complex optimization problems [205]. Similarly

to equation 2.1 seen in Section 2.2 (See Building Performance Optimization), Hyperparameter optimiza-

tion can be illustrated by the same equation where the objective variable is represented by the chosen

model’s performance metric:

f(x, ..., xn) = max(R2) (2.2)

where x, ..., xn are the SM Hyperparameters, and in this case, the objective is to maximize the R2 score.

Grid-based methods that explore all possible combinations can be used for a small set of Hyper-

parameters with discrete variables. However, as the number of Hyperparameters and their boundaries

increase, the computational cost of the process exponentially increases [216, 217]. Random search
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Table 2.1: Summary of different model types - Descriptions, Advantages, and Disadvantages

Model Description Advantages Disadvantages

Linear Models Fits a linear equa-
tion to describe
relationships
between input
features and target
outputs.

Simple, inter-
pretable, and
computationally ef-
ficient. Suitable for
linearly separable
data.

Performs poorly for
non-linear relation-
ships. Sensitive to
outliers and noise.

Polynomial Fits data using
polynomial equa-
tions to approxi-
mate relationships.

Simple to imple-
ment and works
for polynomial rela-
tionships. Benefits
from data scaling.

Computationally
expensive for
high-degree poly-
nomials. Risk of
overfitting with
complex data.

Gaussian Process (GP) A probabilistic
model providing
predictions and
uncertainty quan-
tification for com-
plex, non-linear
relationships.

Provides uncer-
tainty quantifica-
tion. Suitable for
small datasets with
complex patterns.

Computationally
expensive for large
datasets. Sensitive
to outliers.

Support Vector Machines (SVM) Finds an optimal
hyperplane to sep-
arate classes (clas-
sification) or fit a
regression plane.

Effective for high-
dimensional
spaces. Works
well for non-linear
data with kernel
tricks.

Computationally
expensive for
large datasets.
Requires careful
hyperparameter
tuning.

k-Nearest Neighbors (KNN) Assigns output
based on the near-
est “k” samples
using distance
metrics.

Simple and intu-
itive for pattern
recognition. No
strong assump-
tions about data
distribution.

Performance
degrades with
high-dimensional
data. Sensitive to
hyperparameter
selection (e.g., “k”).

Artificial Neural Networks (ANN) A network of
interconnected
nodes capable of
modeling com-
plex, non-linear
problems.

Highly versatile
and powerful for
large datasets.
Can handle com-
plex non-linear
patterns.

Requires large
data for training.
Prone to over-
fitting. Results
can be hard to
interpret.

Ensemble Methods Combines multi-
ple models (e.g.,
Decision Trees,
Gradient Boost-
ing) to improve
performance.

Improves accuracy
and robustness.
Handles noisy data
well.

Computationally
expensive. Sacri-
fices interpretabil-
ity for performance.

algorithms can be leveraged to overcome this shortcoming and still run a computationally inexpensive

analysis [217]. Unfortunately, it often fails to find optimal combinations, its performance depends on

the dimensions of the Hyperparameters, and the obtained results can vary due to the algorithms’ ran-

dom nature [218]. Finally, Bayesian Optimization and Genetic Algorithms can also be implemented to
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search large Hyperparameter spaces and have proven effective for complex SM like optimizing an ANN

[219, 220, 221]. The optimum results obtained with these methods come at higher computational costs

when compared with less complex search approaches. In addition, when using the Genetic Algorithm,

the algorithm itself might require tuning [221].

After processing the data, developing the model, and if necessary, tuning it, it can be implemented

for specific problems within the building performance field of research. The next Subsection explores

practical implementations of SM for building performance. Afterward, challenges and opportunities to

these implementations are documented and discussed.

2.3.3 Surrogate Models in Building Performance

Despite that the application of SM to building performance studies is still recent, there are still a few

studies available in the literature that encompass this application. Some use existing databases, includ-

ing sensors, measurements, records, and classifications (Existing Building Information Database (BID)).

Others generate databases with a static sampling of BPS (Synthetic BID) or with an iterative sampling

of BPS, such as optimization algorithms iterations (Iterative BID).

Using existing databases, Zhang et al. [222] evaluate 4 different types of SM in their capacity of

predicting the hot water energy use of a building. Real measured data for 2012 is used to train the

model while measurements for 2011 were used as validation data. The authors developed hourly and

daily models with the hourly model performing better in the validation test. Results show that ANN

performed worse due to insufficient training data, but all models achieved acceptable accuracy. The

study also highlights the added advantage of GP enabling uncertainty analyses. Some shortcomings

pointed out by the authors are that the developed models are restrained to the problem at hand and their

performance is highly dependent on data quality.

Likewise, Benavente-Peces and Ibadah [223] test different classification models including GP, en-

semble models, decision trees, and K-Neighbors. The study uses open-source databases of buildings’

energy usage to predict its Energy Performance Certificates (EPC). The authors highlight the accuracy

of the models in predicting the building’s energy efficiency class. However, they also advise prioritizing

feature selection techniques and prioritizing data quality over data quantity. The main limitations pointed

out by the authors are the dependency on the quality of the database and the need for further refinement

if systematically implemented.

Magnier and Haghighat [224] trained an ANN to optimize the Predicted Mean Vote (PMV) and Energy

Use Intensity (EUI) results of an air-conditioned building’s energy simulation. The model was trained

with a Synthetic database generated by a Latin Hypercube Sampling Method applied to the optimization

variables of the problem [225]. This generated a balanced database that was simulated with a BPS tool.

The authors validate their results with a simulation-based optimization and note that despite taking 3

weeks to generate the database, the 10 years that would take to achieve optimum results with simulation

are reduced to only 7 minutes.

Similarly, Westermann et al. [226] develop a Convolutional Neural Network to predict hourly data

of a building’s cooling and heating demand simulation for several locations in Canada. This database
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was simulated in 15 hours. The authors implement the developed SM to optimize a building’s design

parameters for several locations. Results show an R2 of 0.92. Moreover, this study showcases the

potential of SM in solving most shortcomings of AOP with BPS. However, it is noted that most studies

involving SM are specific to the problem at hand and often require retraining for other holistic variables.

With a different approach to the model training database, Wortmann [227] optimizes the daylight of

a room with a GP of a Radial Basis Function model [228] capable of predicting the room’s Useful Day-

light Illuminance (UDI). This model uses results from simulation-based optimization iterations to update

the model’s accuracy (Iterative BID). In this case, the optimization process still performs simulations but

takes fewer iterations to achieve optimum results. Comparing this approach with simulation-based op-

timization shows faster convergence to optimum results throughout the optimization process. However,

the author notes that extensive bench-marking is required to implement these strategies efficiently [24].

In brief, SM developed with existing BID show high accuracy in both regression and classification

tasks for building performance. However, they are dependent on the data quality and specific to the

problem. Synthetic BID provides good results in replacing BPS for AOP. Yet, simulating the databases

is time-consuming, and resulting SM are specific to the prediction task. Finally, Iterative BID obtained

remarkable performance in speeding up optimization processes, however, other shortcomings are still

experienced such as the lack of portability and required expertise (see Section 2.2, Challenges and

Opportunities). In addition, to avoid extensive testing of different models and optimization algorithms, a

benchmark of model performance for each optimization algorithm must be documented.

This last Subsection takes a broader look at the implementation of SM in building performance. By

identifying and documenting previous significant review studies it is possible to elaborate on the main

challenges and opportunities that stem from integrating SM with AOP.

2.3.4 Challenges and Opportunities

As seen in Sections 2.1 and 2.2, there are multiple advantages for integrating BPS and AOP in differ-

ent building project stages. These tools, analyses, and optimizations can help provide a clear path to

reducing buildings’ life-cycle emissions and achieving Net Zero energy. However, there are still relevant

obstacles to overcome if they are to support a wide adoption among not only researchers but also Ar-

chitecture, Engineering, and Construction (AEC) practitioners. They are computationally expensive and

time-consuming, not portable among design and analysis tools, and they require significant expertise for

setting up and performing both BPS and AOP.

To overcome these barriers, Literature converges on SM to reduce the computational cost of these

processes, reduce their complexity, and streamline their application. The last Subsection demonstrates

how SM can be applied in building performance, and their potential in overcoming these problems. This

section reviews past research to outline the advantages and challenges emerging from these applica-

tions.

Seyedzadeh et al. [27] perform an extensive review on four types of SM applied in building energy

performance: ANN, SVM, GP, and clustering algorithms such as KNN. Afterward, the authors suggest

a framework for SM selection and highlight the main advantages and drawbacks of implementing these
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models. Results show that different models are more suitable for different problems and databases. For

instance, ANN demonstrated to be effective for short-term load forecasting, while GP is beneficial when

dealing with uncertainty in input and prediction values.

All reviewed studies demonstrated reasonable accuracy with data processing techniques and Hy-

perparameter optimization. Nonetheless, Seyedzadeh et al. [27] note that selecting the best-performing

model is challenging, and advise a thorough analysis of the data and prediction task. Moreover, the

scalability of models to other problems, handling uncertainty, the computational cost of BPS for data

generation, and the complexity of SM development are all challenges to their efficient implementation

among experts and practitioners.

In another study, Westermann and Evins [28] gathered a knowledge corpus of 57 publications that

developed SM models with Synthetic databases. The authors document the study’s subject, model type,

and building sampling methodology. The reviewed studies comprised subjects including optimization

problems (32%), early design problems (29%), sensitivity analysis (25%), and uncertainty quantification

(14%). The most used model types were Linear Regression (33%), GP and ANN (13%), and SVM

(10%). Finally, the most used sampling methods in the studies for database generation were static

(81%), while iterative sampling methods were only used in 19% of the studies.

With the review results, Westermann and Evins [28] confirm that SM are a powerful method to

progress in BPS and AOP research. Furthermore, the authors extract challenges and opportunities

of applying SM developed with Synthetic databases for building performance. Some challenges in-

clude that most SM developed in the literature are case-specific with low scalability to other buildings or

problems; lack portability for different prediction tasks; both model-selection and Hyperparameter opti-

mization are challenging and time-consuming; there is a specific limit to each SM input features capacity

until exponentially increasing computational cost; and there is uncertainty regarding the best sampling

strategies. Some opportunities include that SM is highly valuable to obtain time savings in AOP com-

pared with traditional BPS; most optimization studies obtained time-reductions up to 80% of simulation

time, high accuracies (R2 > 0.95), and their results have shown better optima than when performed fully

with BPS.

All these studies reiterate the potential value of SM applied to AOP in the field. This includes signif-

icantly speeding up these processes, reducing the number of inputs and complexity while maintaining

accuracy, and obtaining better AOP results. However, some research gaps associated with SM are the

specificity to the problem being analyzed, and high dependence on data quality, model, and feature se-

lection. Also, their tuning is complex and time-consuming when the model accuracy is sub-par. Solving

these research gaps can help improve the integration of SM with building performance AOP.

This thesis proposes a new framework for SM development applied to building performance AOP that

may respond to the main research gaps and challenges identified. This includes required tools, build-

ing databases (hereafter referred to as Building Information Database (BID)), model selection, tuning,

and deployment. The framework is illustrated and evaluated for multiple case studies concerning three

different types of BID: Existing BID; Synthetic BID; and Iterative BID.

This framework establishes a comprehensive approach of SM development for building performance,
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overcoming the identified obstacles up until now in this thesis. Thus, it is illustrated with case studies,

from general to specific building performance problems; identifies different kinds of databases and suit-

able approaches to improve data quality; and provides a structured approach to model tuning to reduce

its computational cost. In addition, it suggests possible model deployment methods to improve SM

usability according to the problem at hand.
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Chapter 3

Research Methodologies

Preamble

This research aims to facilitate the integration of Analysis and Optimization Processes (AOP) with

building and urban projects. Both AOP and Building Performance Simulation (BPS) limitations must

be tackled to achieve this. On one hand, BPS obstacles preventing the analysis execution hinder the

process (Section 2.1, see Challenges and Opportunities). On the other hand, these limitations increase

according to the AOP and its scope (Section 2.2, see Challenges and Opportunities).

One common BPS obstacle is the need to integrate it with AOP. Since simulations require extensive

knowledge of inputs and outputs, a certain amount of expertise is required to do so [14, 16, 123].

Another limitation is the number of required tools to integrate BPS effectively [5, 10, 18, 76], and its

time-consuming nature [122, 125]. To solve these problems, Surrogate Models (SM)s can predict BPS

results much faster, with easy-to-grasp and fewer inputs than BPS [22, 24, 73, 27, 28, 229].

This thesis proposes a new framework to develop SM for AOP in building performance and evalu-

ates it with case studies. This framework encompasses 5 stages: Tool Selection, Building Information

Database (BID), Model Type, Model Tuning, and Model Deployment (Figure 3.1). Finally, case studies

are developed to evaluate the proposed framework for all the proposed BID.

Stage 1 (Tools Selection) documents the main toolset used to develop the SM for the different typolo-

gies of problems. These can include Computer-Aided Design (CAD), BPS, Algorithmic Design (AD), and

programming tools. The model development toolkit can vary according to the scope of the AOP (e.g.,

lighting, thermal, energy, among others), to the problem proposed in the case study. Stage 2 (BID) de-

scribes the 3 different BID by their types (See Section 2.3, see 2.3.4). These databases can be already

available, extracted, and measured (Existing BID); generated based on their building feature boundaries

(Synthetic BID); and generated by iterative approaches (Iterative BID). Stage 3 (Model Type) tests and

evaluates multiple SM types to identify the most suitable one for the problem. These models can predict

continuous or discrete values such as the energy use of a building or Energy Performance Certificates

(EPC). Stage 4 (Model Tuning) optimizes the selected SM if needed. This is done with Feature En-
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gineering (FE) and selection, and Hyperparameter optimization. Finally, stage 5 (Model Deployment)

integrates the resulting model with the case study and deploys it to suitable interfaces.

This framework is evaluated and compared according to its accuracy, development time, number of

features, number of objectives, and adaptability. This is done by comparing the case study SM prediction

errors, database compilation time, and the number of required samples to illustrate the problem, as well

as by analyzing the suitability of each BID for different problems.

Figure 3.1: Research Process Flowchart.
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3.1 Tools

This research uses CAD tools as visualization platforms for building databases, simulation results, and

geometric representations. AD tools are used to generate building geometry databases and integrate

them with BPS tools to obtain a database capable of training a SM. Programming tools are needed to

generate building databases and geometry, perform optimizations, train, and deploy the SM.

3.1.1 Computer-Aided Design Tools

CAD tools create highly accurate 2D or 3D models throughout the entire design process. As such, they

have been the most commonly used tools in the AEC industry in the past years [230]. Although CAD is

currently experiencing a paradigm shift toward BIM [231], it is still a core design methodology in many

aspects of the AEC industry. In this research, CAD tools are used to visualize simulation results and

develop any required geometric model to support BID development (Section 3.2), and model deployment

(Section 3.5)

Rhino 3D [79] is the main CAD tool used to showcase the evaluated case studies in this research.

Rhino 3D is known for its flexibility and versatility in creating 3D complex shapes. It supports Nun-

Uniform Ration B-Spline curves and mesh modeling (Figure 3.2 (a)). This makes it suitable for design

and visualization needs. This tool is often used alongside other compatible plug-in tools for analysis,

annotation, and rendering tasks (Figures 3.2 (b, c, d, respectively)). Because of this portability with mul-

tiple BPS, AD, and rendering tools, Rhino 3D is used in the case studies when needed as it possesses

all the required features to support this research.

3.1.2 Building Performance Simulation Tools

BPS tools can perform extensive and numerical calculations to obtain inputs regarding Building Perfor-

mance on multiple aspects. In the AEC industry, these tools are often used in every step of a project.

Additionally, BPS has increased in frequency of use due to growing concerns about the sustainability

and energy efficiency of buildings and communities[29]. In this research, BPS tools will be used to

develop BID to train and test the developed SM (Section 3.2).

BPS tools can be segmented according to their performance scope including energy, life cycle as-

sessment, structural, acoustics, fluid dynamics, and natural lighting. This wide variety constitutes a

challenge to develop adequate SM. Investigating all these would be unfeasible with the current research

time frame. As such, two BPS aspects were selected based on research background and relevance

to the United Nations sustainable development goals [2]: Energy and Natural Lighting simulations. To

perform BPS for these aspects, the tools used in this research are EnergyPlus [32] and Radiance [236].

EnergyPlus is an open-source BPS tool that models the energy and thermal performance of a build-

ing. This tool can provide a detailed report of a building’s thermal, energy, and lighting performance,

as well as environmental impact. EnergyPlus has an extensive community and documentation that can

support this work. Additionally, the possibility to be integrated with numerous CAD and AD tools (e.g.
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(a) 3D modeling. Retrieved from [232] (b) Urban analysis. Retrieved from [233]

(c) Documenting and Annotating. Retrieved from [234] (d) Rendering. Retrieved from [235]

Figure 3.2: Modeling, Analysis, Annotation, and Rendering examples with Rhino.

Rhino, Grasshopper, Python, Revit, among others) makes it a suitable energy simulation tool to assist

with the research process.

Radiance is an open-source lighting simulation tool that is used in multiple fields of the AEC industry.

This tool can simulate the lighting behavior of a given building. Additionally, Radiance can be integrated

with other tools to generate, automate, and post-process simulation results.

Both these tools can be integrated with Rhino3D with the plug-in Ladybug Tools [100]. Users can

generate EnergyPlus and Radiance models, automate simulations, and visualize results directly in

Rhino. This can be used in multiple building AOP for both Energy (Figure 3.3 (a)) and Daylighting

(Figure 3.3 (b, c)) simulations and optimizations.

3.1.3 Algorithmic Design Tools

AD tools are capable of describing geometric shapes as an algorithm with multiple variables and rela-

tionships by using visual or textual programming languages (See Section 2.2, Algorithmic Design Tools).

Many state-of-the-art AOP rely on these tools to be executed [18, 19, 111, 122, 125]. In particular, AD

tools are used in this research to automate BID development (Section 3.2) by generating geometries

according to the desired features and deploying models (Section 3.5).
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(a) Thermal autonomy study. (b) Useful daylighting illuminance study. Retrieved from [237].

(c) Incident radiation study. Retrieved from [238].

Figure 3.3: EnergyPlus and Radiance integrated with Rhino and Ladybug tools for simulation results
post-processing.

One tool that is often used in this research is Grasshopper [80], which is already integrated into

Rhino3D. Grasshopper is a visual programming language that consists of functions that receive inputs

and return outputs (Figure 3.4 (a)), allowing users to automate their designs and variations. Another AD

tool that is used in this research that uses a textual programming language is Khepri, which uses Julia

[239] to develop AD compatible with multiple CAD and BPS tools (Figure 3.4 (b)). Additionally, Khepri

has a built-in optimization library with multiple algorithms for Single-Objective Optimization (SOO) and

Multi-Objective Optimization (MOO).

Finally, in some cases that do not need geometric representation or daylighting simulations for BID

development or model deployment, the Eppy tool is used [101]. Eppy allows users to create, edit, and

simulate EnergyPlus files with Python programming language, which streamlines the entire research

framework into one algorithmic description. With Eppy, users can develop BID by simulating variations

of buildings and urban models and directly train, test, tune, and deploy SM,
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(a) Grasshopper visual programming language Sammer et al.
[86].

(b) Khepri using Julia textual programming language.
Castelo Branco et al. [240]

Figure 3.4: Visual, and Textual programming languages examples in Grasshopper (a) and Khepri (b)
tools.

3.1.4 Programming Tools

Programming tools are required to use AD and to develop and deploy SM. Jupyter Notebook [241] is the

main IDE used throughout this research since it supports both Python and Julia programming languages.

Which can also be used with other AD tools.

This research uses Python libraries such as Pandas [242] and NumPy [243]. Additionally, the ML

library SciKit-Learn [244] is used to develop the SM (Section 3.3). These libraries are used to develop

the databases and to train, tune, and deploy the models. SM that do not require geometric modeling can

be deployed with Streamlit [245], which is a library for Python that allows users to create dashboards

and interact with the developed models. Thus, in Section 3.5, Streamlit provides user interaction with

the case study. These tools work in a Integrated Development Environment (IDE), thus, in this research,

their use will be described through figures and code snippets.

3.2 Building Information Databases

Building Information Database (BID) are referred to in this research as datasets containing multiple

building characteristics and respective performance results. Building characteristics can be variables

used to train the SM to predict AOP results. In some cases, BID are available from public sources or

can be extracted and measured [246]. If the required databases are inaccessible or nonexistent, they

can be generated with ADA or optimization processes using BPS tools (See Figure 3.1). Synthetic BID

generated with ADA will be used to develop SM suitable for design exploration problems [247], while

Iterative BID will be used in more complex and specific AOP, such as design execution, rehabilitation, or

construction optimization problems [248, 249].

This Section describes the three different BID that can be used in the development of SM for

building performance: Existing (See Existing Building Databases), Synthetic (See Synthethic Building

Databases), and Iterative (See Iterative Building Databases). The first BID uses existing, extracted, or

measured datasets and tunes them according to the case study. The second BID is generated by using

ADA to generate multiple building archetypes that vary according to the desired features and sampling
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methods. The third BID uses the results from simulation-based optimizations with ADA.

3.2.1 Existing Building Databases

Static and Iterative sampling are suitable approaches to generate a BID. However, they can be computa-

tionally intensive, and often, existing building databases can provide the information required. These can

contain architectural and construction information over the years, such as historical, technical, extracted,

and measured data.

Historical databases can be obtained from building repositories and can be valuable resources to

offer insight into past projects, building materials, and design trends. Technical databases provide gath-

ered data related to the building’s performance such as energy, occupancy, comfort, structural, and

acoustic, among others. Extracted databases are obtained from any publicly available website such as

Real Estate web pages with house or building listings. Measured data can be obtained by recording

different building aspects with field devices that log real-world data.

An example of an existing database is the California housing prices dataset (Figure 3.5) [250] ob-

tained from the open-source platform Kaggle. This database provides ≈ 20000 house price’s (P ) and

their respective feature values for latitude lat, longitude lon, age a, number of rooms r, number of

bedrooms br, number of households h, population p, median income i, and ocean proximity op. The

following equation can illustrate it:

f

⎛⎜⎜⎜⎜⎝
⎡⎢⎢⎢⎢⎣
lat lon a r br h p i

...
...

...
...

...
...

...
...

latn lonn an rn brn hn pn in

⎤⎥⎥⎥⎥⎦
⎞⎟⎟⎟⎟⎠ =

⎡⎢⎢⎢⎢⎣
P

...

Pm

⎤⎥⎥⎥⎥⎦ [e]

lat ∈ [32...42], lon ∈ [−124...− 114], a ∈ [0...52], r ∈ [0...6000], br ∈ [0...6000], h ∈ [0...6000],

p ∈ [0...35000], i ∈ [0...14], op ∈ {NearBay, 1h ocean, inland,near ocean, island}
(3.1)

where n represents the number of samples in the existing BID. A case study developing a SM with this

type of BID is presented in Section 4.1.

As seen in Figure 3.5, such databases can provide valuable insights regarding the impact of the

described features on a house’s value. However, they also frequently have limitations such as outliers,

manual input errors, and lack of finer data granularity. In this case, we see values of 6000 total bed-

rooms and households and even 40000 total rooms. These values represent outliers that can harm the

accuracy of a house price predictive model trained with this BID.

Another significant issue is the availability and interoperability of these databases, respectively their

unavailability and limited integration with BPS tools. On one hand, most AOP comprise building perfor-

mance objectives that cannot be measured or extracted when they are not publicly available. On the

other hand, if these databases are available, they frequently lack the required quality to train an accept-

able predictive model. To solve the first problem, we can use Synthetic BID (See Synthethic Building
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Figure 3.5: Histogram plots of the California Housing prices dataset [250].

Databases) or Iterative BID (See Iterative Building Databases) to train the SM. To solve the second prob-

lem, we can use FE and selection techniques described in Section 2.3 (See Model Tuning) to improve

the database’s quality.

3.2.2 Synthethic Building Databases

Existing BID will often not be available or not be suitable to the task at hand, particularly for AOP that

comprise design exploration and require the use of BPS tools. As such, ADA approaches represent an

efficient method to synthesize the required databases. To do this, a set of archetypes representative of

the case study must be generated and simulated with BPS tools. These archetypes can be described by

discrete and/or continuous variables (commonly known in the ML field as features) that are arguments

of an algorithm developed with an AD tool. Afterward, domains that illustrate a robust variation of the

42



existing features and their relationships are defined. Finally, building samples generated within these

domains are simulated to obtain the results. The simulation process of each sample can be defined by

the following equation:

f(x1, ..., xn) = y (3.2)

where {x1, ..., xn} represents the sample’s training features and y represents the BPS result for that

sample which often is the value to be predicted by the SM (commonly known as the target feature).

Consequently, the complete BID simulation results can be represented by the following equation:

f

⎛⎜⎜⎜⎜⎝
⎡⎢⎢⎢⎢⎣
x11 · · · xn1

...
. . .

...

x1m · · · xnm

⎤⎥⎥⎥⎥⎦
⎞⎟⎟⎟⎟⎠ =

⎡⎢⎢⎢⎢⎣
y1
...

ym

⎤⎥⎥⎥⎥⎦ (3.3)

where m represents the desired number of samples in the BID.

Using this approach for an example of the design case of the Isenberg School of Management by

Bjarke Ingels Group (BIG) described by Castelo-Branco and Leitão [251] (Figure 3.6), it is possible to

generate a Synthetic BID to train a model that predicts the energy consumption of multiple variations

of this building according to a set of selected parameters and their respective domains. In this case,

considering the features number of floors nf , number of beams nb amplitude α, inner radius ri, and

building width ∆r, Equation 3.4 would represent the BID like so:

f

⎛⎜⎜⎜⎜⎝
⎡⎢⎢⎢⎢⎣

nf nb α ri ∆r

...
...

...
...

...

nfm nbm αm rim ∆rm

⎤⎥⎥⎥⎥⎦
⎞⎟⎟⎟⎟⎠ =

⎡⎢⎢⎢⎢⎣
E

...

Em

⎤⎥⎥⎥⎥⎦ [kWhm−2]

nf ∈ [3...8], nb ∈ [20...80], α ∈ [
π

2
...
3π

2
], ri ∈ [5.0...30.0][m], ∆r ∈ [10.0...40.0][m]

(3.4)

where E represents the energy consumption of a building sample in kWhm−2 and m the number of

samples in the BID. A case study with a SM developed with this type of BID is documented in Section

4.2.

The number of samples m in the dataset is obtained by generating a suitable search space that

explores possible combinations amongst the features domain. Thus, an increase in the number of

features exponentially increases the number of samples. In this case, a highly detailed BID can be

obtained by generating a linear distribution of ri and ∆r features with a step size of [1m], α a step size

of π
20 , nb 1 beam, and nf 1 floor. Alas, this would generate 3.5 million possible combinations that need

to be simulated to develop the BID, rendering the process unfeasible if each simulation took only 20

seconds.

This problem can be overcome through many methods such as generating distributions of combi-
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(a) Isenberg School of Management geometric parameters
[251].

(b) Isenberg School of Management 3D Model [251].

Figure 3.6: Isenberg School of Management project visualizations and parameters.

nations with different sampling methods. A simple solution is to increase the domains’ step sizes and

still be able to generate a detailed BID that can be used to train an accurate SM. Increasing ri and ∆r

step size to [5m] and nb step size to 2 would result in ≈ 5000 simulations, which sees the cumulative

simulation time reduce significantly. However, if the BPS uses a large or complex model, the cumulative

simulation time may increase and take from several hours to months to complete.

Another solution would be to use the feature boundaries to generate a random normal distribution of

samples according to the desired number of samples, and variables mean, standard deviation, minimum,

and maximum values. In this case, the developed database is illustrated in Figure 3.7 for 1000 samples

with random normal distribution values of E. When comparing this synthetic data with the existing

housing prices dataset illustrated in Figure 3.5, we see a finer data granularity with fewer outliers and a

generally better-detailed database.

Limitations associated with this method lie in the adequate number of samples to be generated, which

can exponentially increase and render the process unfeasible when given large numbers of features and

wide domains that need to be explored through simulation. Particularly, continuous variables can require

a large discrete set of values to efficiently represent their domain (e.g., building areas, window areas,

building orientation, among others), and discrete variables can have multiple classes (e.g., construction

materials, construction periods, window types, multiple equipment types, among others). Additionally,

SM for multiple performance aspects such as E and Useful Daylight Illuminance (UDI) would require the

same BID to be simulated with both simulation engines (e.g., EnergyPlus and Radiance). When both

the number of features and number of objectives are compromising the computational time of the BID
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Figure 3.7: Histogram plots of the generated database of Isenberg School of Management with normal
distributions of features.

development, the next solution is to test an Iterative BID.

3.2.3 Iterative Building Databases

For more specific problems of the AEC industry (e.g., construction materials properties optimization,

rehabilitation, construction, design, and execution of specific projects), optimization is a suitable iterative

method to generate an Iterative BID because it requires fewer samples to efficiently train the SM and,

therefore, less computational time to perform the final optimization [24, 122]. This method consists of

developing an optimization problem that requires BPS and using past iterations and respective results

obtained by early explorations of the optimization algorithm to generate the BID.

An optimization problem is solved by finding the combination of variables within specified domains

that yields the minimum or maximum value of an objective function represented by the following equation:

f(x1, ..., xi) = min(o1, ..., oj) (3.5)

where i represents the number of variables and j the number of objectives. Optimization problems
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typically entail multiple objectives which are often conflictive [122, 118]. Additionally, most building perfor-

mance indicators are outputs of BPS, or extensive calculations performed by field experts [24]. Because

of this, optimization problems that are focused outside the practitioners’ realm of knowledge are usually

treated as Multi-Objective Optimization (MOO) problems with derivative-free functions [122, 123, 125].

Metaheuristics, a class of optimization algorithms, have been widely used in the field of optimization

for building and urban performance optimization with positive results. These algorithms guide their

search based on biological heuristics such as evolutionary, and swarms of different kinds, among others

[137]. When one algorithm performs a sufficient amount of iterations, it is possible to use them as a BID

defined by:

f

⎛⎜⎜⎜⎜⎝
⎡⎢⎢⎢⎢⎣
x11 · · · x1i

...
. . .

...
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...

. . .
...

om1 · · · omj

⎤⎥⎥⎥⎥⎦ (3.6)

where m represents the specified number of iterations performed by the optimization algorithm and j is

the number of objectives. A case study of a SM developed with this type of BID is presented in Sections

4.3 and 4.4 of this thesis.

Expanding on the Isenberg School of Management design case described in Subsection Synthethic

Building Databases (Equation 3.4), it is possible to have a more complex problem that can be overcome

with an Iterative BID. A performance design problem to minimize a building’s energy consumption E

in kWhm−2 and construction cost C in e, and maximize the building’s UDI (%) could consider the

additional variables beam width bw, 3 beam materials b, 3 glazing materials g, 3 wall constructions w,

and orientation θ. In addition, lighting simulation requires an extra set of simulations. Thus, the BID is

represented by the following equations:

f(nf , nb, α, ri,∆r, bw, b, g, w, θ) = min(E,C,−UDI) (3.7)
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], ri ∈ [5.0...30.0][m], ∆r ∈ [10.0...40.0][m]

bw ∈ [0.2...1.0][m], b ∈ [0, 1, 2], g ∈ [0, 1, 2], w ∈ [0, 1, 2], θ ∈ [0...2π[

(3.8)

To solve this optimization problem, ADA can be used to automate the EnergyPlus and Radiance

simulations according to the solutions chosen by the optimization algorithm. Any algorithm can be

selected or combined with others for the desired number of iterations. A higher number of iterations will

result in a more detailed BID. However, because the distribution of the BID feature values in Equation
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3.8 can be skewed, it might fail when predicting feature values not as well explored by the algorithm.

An example of this is illustrated in Figure 3.8 where the Non-Dominated Sorting Genetic Algorithm

(NSGA)II [141] algorithm was run for 5000 iterations to develop the BID (Equation 3.8)). It is visible

that the feature sample distributions converge toward each respective optimum value, which translates

into an imbalanced BID when compared with the one generated in Figure 3.7. This can harm the SM

performance. Notably, the objective results were generated without simulations, hence they are excluded

from the figure.

Figure 3.8: Histogram plot of the optimization search space of Isenberg School of Management design
variables.

Wolpert and Macready [145] state with the ”No Free Lunch” theorem that no algorithm outperforms

all others for all problems. This means that one has to either know from experience which algorithms

yield better performances for each problem [138] or test multiple metaheuristics to find the best one.
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Moreover, these algorithms have parameters that define how they search for the optimal space called

Hyperparameters. These can be fine-tuned before deploying the final SM and AOP to provide optimum

results [218].

A widely used key performance index for optimization algorithms is the Hypervolume (H) [148, 149,

150]. This metric (Section 2.2, see Building Performance Optimization) describes how widely the algo-

rithm explored the problem solutions by calculating the n-dimensional space that a set of non-dominated

solutions contains. Thus, the optimization problem to maximize the optimization algorithm performance

can be defined by the following equation:

f(h, ..., hn) = max(H(o1, ..., oj)) (3.9)

where n represents the number of Hyperparameters of the optimization algorithm and the objective H is

the calculated H obtained from the algorithm’s non-dominated solutions results. Given that the accuracy

of SM can be improved with Hyperparameter optimization as well, this procedure will be covered in more

detail in the Model tuning Section (3.4) for the performance of both SM and optimization algorithms.

3.3 Model type

This Section follows the development of a BID by using it to test multiple SM and choosing the most

adequate one for the model tuning (Section 3.4) and deployment (Section 3.5) stages. To do this, each

model must be trained, evaluated, and compared regarding its overall performance in predicting the

target feature. The target feature can be any desired output from an AOP.

Because AEC industry problems can often entail multiple objectives and outputs [118, 122], a SM

must be produced for each necessary output, which in turn is often a category or a continuous variable.

Classification and regression models respectively predict discrete and continuous variables. These

models will be discussed throughout this Section regarding their use and performance evaluation, and

in the end, the models’ performance is compared, and the most suitable one is selected based on the

respective evaluation metrics. This model is then tuned and deployed to make predictions on upcoming

data.

3.3.1 Classification models

SM that need to predict binary or multiple classes are designated classification models. SciKit-Learn

[252] provides an extensive library of models suitable for classification tasks. In this research process,

the supervised learning models that can be tested are Gaussian Process (GP), Logistic Regression

(LR), Support Vector Machines (SVM), K-Nearest Neighbors (KNN), ensembles, and Artifical Neural

Networks (ANN) models since these have been extensively used to replace computationally expensive

simulations for similar problems (See Section 2.3, Types of Models). Finally, a smaller fraction of the BID

will be used to test and evaluate the performance of the SM.

Several performance indicators can be used to evaluate the performance of these models, includ-
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ing precision, recall, F1 score, accuracy, and confusion matrices. The F1 score measures the balance

between precision and recall, while accuracy measures the proportion of correct predictions. The con-

fusion matrix provides a detailed breakdown of true positive, true negative, false positive, and false

negative predictions. Finally, a comparison is made between the performance of each SM and the best

is selected based on the chosen metrics. If the SM is still not performing adequately, it can be tuned to

improve its accuracy. The model is then deployed and used to make predictions on new data.

Based on the house prices example described in Subsection Existing Building Databases, it is pos-

sible to segment house prices into 5 categories with intervals of ≈100k C evenly distributed among

maximum and minimum house prices (See Figure 3.5). The classes are labeled in crescent order, thus

higher classes have higher prices than lower classes. Afterward, it is necessary to split the database

into training and test samples, which will respectively train and evaluate the performance of the devel-

oped model. Finally, we can train the selected models and evaluate them by calculating their precision,

recall, f1-score, accuracy, and confusion matrices. In this case, comparing the performance of sample

models LogisticRegression, KNeighborsClassifier (Instead of GP classifier since the database is large

and it would be computationally intensive), Extra Trees (ET) Classifier, and Multi-Layer Perceptron (MLP)

Classifier could be done with Python Code Listing 3.1.

This Code Listing imports the required libraries from Scikit Learn and Pandas, imports the housing

prices database, and splits it into training and testing samples with a respective 70/30% ratio, which is

an acceptable split of the data for the model development (See Chapter 2, Section 2.3). Afterward, it

creates a dictionary of instances of all the selected models and, for each selected model, fits, predicts the

test samples, calculates the performance indicators, and stores these results in the created dictionary.

The stored results can be used to visualize and compare the classification reports and the confusion

matrices in a heatmap of each developed model as seen in Figure 3.9.

By analyzing the classification reports, it is possible to see that model accuracy ranges from 0.35

to 0.67, with the Extra Trees Classifier having the best performance. Additionally, by inspecting the

confusion matrices, it is possible to see that all models struggled with predicting ”Class 3” and ”Class 4”,

as well as with ”Class 2” and ”Class 3”, mislabelling them often. These results were obtained without any

data preprocessing and model tuning techniques. To achieve acceptable model accuracy, one can use

multiple techniques such as feature engineering, feature selection, and Hyperparameter optimization,

among others. These will be described in more detail in Section 3.4.

These results demonstrate the accuracy of simple SM developed to predict housing price categories.

However, if the goal was to predict the exact house price, a regression model would have to be used.

The next Subsection covers the same approach for regression models by training the models, predicting

test samples, calculating and storing model performance indicators, and comparing their results.

3.3.2 Regression models

SM that need to predict continuous values are named regression models, which are used in this study to

predict a target variable. The regression models that will be used are Linear Regression (with different

polynomial degrees), GP Regressor, SVM, KNN, Ensemble models, and ANN. The goal is to identify the
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1 import pandas as pd

2 from sklearn.preprocessing import LabelEncoder, KBinsDiscretizer

3 from sklearn.model_selection import train_test_split

4 from sklearn.metrics import confusion_matrix, classification_report

5 from sklearn.linear_model import LogisticRegression

6 from sklearn.neighbors import KNeighborsClassifier

7 from sklearn.ensemble import ExtraTreesClassifier

8 from sklearn.neural_network import MLPClassifier

9 # Read CSV file from housing prices database

10 houses = pd.read_csv("housing.csv").dropna()

11 # Split the database between features and target prediction output

12 X = houses.drop("median_house_value",

13 axis=1)

14 y = houses["median_house_value"]

15 # Segment housing prices into 5 classes

16 categorizer = KBinsDiscretizer(n_bins=5,

17 encode='ordinal',

18 strategy='uniform')

19 y_discrete = categorizer.fit_transform(y.values.reshape(-1,1)).ravel()

20 #Split database into 70% training and 30% testing samples

21 X_train, X_test, y_train, y_test = train_test_split(X_scale,

22 y_discrete,

23 train_size=0.7,

24 test_size=0.3,

25 random_state=42)

26 # Initialize the models

27 models = {"Logistic Regression": LogisticRegression(),

28 "KNeighbors": KNeighborsClassifier(),

29 "Extra Trees": ExtraTreesClassifier(),

30 "MLP": MLPClassifier(max_iter=1000)}

31 # Results storage

32 results = {}

33 # Iterate over the models, train, predict, and store results

34 for name, model in models.items():

35 # Fit model

36 model.fit(X_train, y_train)

37 # Predictions

38 y_pred = model.predict(X_test)

39 # Calculate confusion matrix

40 cm = confusion_matrix(y_test, y_pred)

41 # Generate classification report

42 report = classification_report(y_test, y_pred, output_dict=True)

43 # Store results

44 results['Classification_models'][name] = {'Confusion Matrix': cm,

45 'Classification Report': report}

Code Listing 3.1: Code to develop classification models capable of predicting housing price categories
and store their results in a dictionary.

best-performing model providing the most accurate predictions.

To evaluate the performance of the regression models, the following metrics will be used: Coefficient

of determination (R2), Root Mean Squared Error (RMSE), Mean Squared Error (MSE), Mean Absolute

Percent Error (MAPE), and other metrics suggested by the literature (see Section 2.3, Types of Models).

After evaluating the performance of each model, the one that produces the lowest errors and highest
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Figure 3.9: Confusion matrices and classification reports of selected models seen in Listing 3.1.

R2 can be selected. Because most building performance metrics fit into this category, they are the most

frequently used models in this research.

Applying this to the California housing prices dataset (Subsection Existing Building Databases, Fig-

ure 3.5), one can aim to develop a SM that predicts the exact housing price given the database’s features.

To do this, a few adjustments must be made to the Code Listing 3.1. In this code, the regression mod-

els are imported, along with the regression performance metrics. Afterward, the same train/test split of

the samples is performed, but for the continuous values of the housing prices. Finally, the models are

instantiated and trained iteratively and the performance results are stored in the results dictionary. This

process is documented in Code Listing 3.2.
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1 from sklearn.metrics import mean_squared_error, r2_score

2 from sklearn.linear_model import LinearRegression

3 from sklearn.neighbors import KNeighborsRegressor

4 from sklearn.ensemble import ExtraTreesRegressor

5 from sklearn.neural_network import MLPRegressor

6 # Read CSV file from housing prices database

7 houses = pd.read_csv("housing.csv").dropna()

8 # Split the database between features and target prediction output

9 X = houses.drop("median_house_value",

10 axis=1)

11 y = houses["median_house_value"]

12 X_train, X_test, y_train, y_test = train_test_split(X,

13 y,

14 train_size=0.7,

15 test_size=0.3,

16 random_state=42)

17 # Initialize the regression models

18 models = {

19 "Linear Regression": LinearRegression(),

20 "KNeighbors Regressor": KNeighborsRegressor(),

21 "Extra Trees Regressor": ExtraTreesRegressor(random_state=42),

22 "MLP Regressor": MLPRegressor(max_iter=1000, random_state=42)

23 }

24 # Iterate over the models, train, predict, and store results

25 for name, model in models.items():

26 model.fit(X_train, y_train) # Fit model

27 y_pred = model.predict(X_test) # Predictions

28 rmse = np.sqrt(mean_squared_error(y_test, y_pred)) # Calculate RMSE

29 r2 = r2_score(y_test, y_pred) # Calculate R2

30 # Store results

31 results['Regression Models'][name] = {'RMSE': rmse,

32 'R2': r2}

Code Listing 3.2: Code to develop Regression models capable of predicting housing prices and store
their results in a dictionary.

Obtained results for this example show Coefficient of determination (R2) from ≈0.3, to 0.8, and

RMSE ranging from ≈ 50 to 100 thousand $ (Figure 3.10). From these results, the ET Regressor

outperforms all others in predicting housing prices and should be considered as the best-performing

model. However, one can visualize the results with error histograms as seen in Figure 3.11 if a more

detailed error distribution analysis is required. The obtained RMSE and R2 of 0.8 is an acceptable and

informative model of the housing prices. Although, all the other models have shown insufficient accuracy.

Thus, all these models can still be improved with data processing and model tuning techniques. The

next Section elaborates on these processes and demonstrates their application in this research.

3.4 Model tuning

To improve the performance of predictive models many techniques can be used either to refine the BID

and/or the model parameters. To refine the database it is possible to use feature engineering techniques

that aim to scale, prune, or change the BID’s features. To find the best SM parameters, one can use
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Figure 3.10: R2 score and Root Mean Squared Error of housing prices for selected models seen in
Listing 3.2.

Figure 3.11: Error histogram ($) of housing prices for selected models seen in Code Listing 3.2.

Hyperparameter tuning techniques to explore and find the best combination of model parameters that

yield the best predictive results (See Section 2.3, Model Tuning).

This section documents possible tuning strategies that can be used to improve a model’s perfor-

mance. This is done by segmenting and demonstrating the improvements obtained from these strategies

when applied to some of the previous models seen in Section 3.3.

53



3.4.1 Feature engineering

To improve the model by refining the BID, one can use feature engineering techniques to tackle data

issues such as dimensionality, noise, and feature imbalance. These issues can negatively affect the

performance of a model, harming its predictive capabilities. To tackle these problems, one can create

features from existing ones to unveil latent patterns and relationships in the data [204, 253], prune the

database with sampling techniques [254, 255, 256], and scale the data to suitable values to help identify

abnormalities and make the data more suitable to be interpreted by the model [208, 257].

To unveil latent patterns and relationships in the BID it is possible to create features through math-

ematical transformations, combinations, and derivations from existing variables. These techniques can

range from simple multiplications such as finding a simple bounding volume from a building area and

height to creating complex interactions of powers of existing features to capture nonlinear data relation-

ships (Polynomial features).

To address noise problems such as outliers and abnormal values it is possible to use multiple tech-

niques within pandas [242] libraries, and to deal with class imbalances one can use the imbalanced

learn library [258], which provides techniques such as Random Undersampling [259] and Tomek Links

[260]. These techniques are also useful when the BID is large and an obstacle to tuning the model.

Some models cannot handle high dimensional data and usually benefit their prediction scores with

Feature Scaling [208]. This can include Normalizing the data [164], scaling the data to have a mean of

0 and standard deviation of 1 (Standard scaling), or scaling the data to a predefined boundary (MinMax

scaling) [261].

While analyzing the housing prices distribution plot in Figure 3.5 it is possible to see that the features

”total rooms”, ”total bedrooms”, ”households”, and ”population”, have skewed results. Thus, it is possible

to remove samples that largely diverge from the observed distribution and scale the data with Standard

scaling. This process is illustrated in Figure 3.12.

Building on the regression models developed in Subsection Regression models (Code Listing 3.2),

it is possible to try and improve the models’ R2 and RMSE with some of the feature engineering tech-

niques described above. As an example, Polynomial features of 2nd degree can be applied to the house

prices features, which can then be scaled using standard scaling. To do this, it is required to apply

the polynomial features transformation to the unsplit database, re-split the database into training/test

samples, scale the train samples features, and finally retrain the imported models (documented in Code

Listing 3.3).

By comparing the obtained results with the results of the developed models without Feature engi-

neering in Figure 3.13, it is possible to see significant improvements in both R2 and RMSE of the Linear

Regression, KNeighbors, and MLP regressor, while the ET regressor did not obtain any improvements.

To further improve these models’ R2 and RMSE, the next step in this research comprises Hyperparam-

eter tuning, which will be detailed in the next Subsection.
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Figure 3.12: Feature distributions seen in Figure 3.5 after removal of abnormal sample values and
scaling the data.

1 from sklearn.preprocessing import StandardScaler, PolynomialFeatures

2 # Initialize models

3 models = {"Linear Regression": LinearRegression(),

4 "KNeighbors": KNeighborsRegressor(),

5 "Extra Trees": ExtraTreesRegressor(random_state=42),

6 "MLP": MLPRegressor(max_iter=1000, random_state=42)}

7 # Apply Polynomial Features

8 poly = PolynomialFeatures(degree=2)

9 X_poly = poly.fit_transform(X)

10 # Split the dataset

11 X_train, X_test, y_train, y_test = train_test_split(X_poly,

12 y,

13 test_size=0.3,

14 random_state=42)

15 # Scale the data

16 scaler = StandardScaler()

17 X_train_scaled = scaler.fit_transform(X_train)

18 X_test_scaled = scaler.transform(X_test)

19 # Train and evaluate models with feature engineering

20 for name, model in models.items():

21 model.fit(X_train_scaled, y_train)

22 y_pred = model.predict(X_test_scaled)

23 mse = mean_squared_error(y_test, y_pred)

24 rmse = np.sqrt(mse)

25 r2 = r2_score(y_test, y_pred)

26 results["With FE"][name] = {'RMSE': rmse, 'R2': r2}

Code Listing 3.3: Code to apply feature engineering techniques to housing prices database, train the
models, and store their results in a dictionary.
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Figure 3.13: Coefficient of determination (R2) and Root Mean Squared Error (RMSE) of housing prices
for comparison of the developed models (seen in Subsection Regression models) with and without
Feature engineering (FE).

3.4.2 Hyperparameter tuning

Hyperparameter tuning aims to find the combination of parameters of a SM that yield the best perfor-

mance results [205]. In this research, this is achieved by using search algorithms provided in libraries

such as scikit learn [252], or by using optimization algorithms such as metaheuristics [122, 141, 142]

or a Bayesian optimization approach that uses a Gaussian Process (GP) as the SM for the objective

function [219, 220].

Two Hyperparameter search functions available in scikit learn are the grid search cross-validation

and the randomized search cross-validation. The grid search comprises an exhaustive search within a

grid over specified parameter boundaries. Due to its computationally intensive nature, it is suitable for

a limited number of Hyperparameters, with a small search space. For larger Hyperparameter spaces

that are computationally intensive, one can use the randomized search cross-validation. This function

implements a randomized search over the Hyperparameters, where each setting is sampled from a

distribution over their Hyperparameter’s boundary.

In Bayesian optimization, the GP serves as a probabilistic model that approximates the performance

of a SM with the given Hyperparameters and within their specified boundaries. By using this approach,

the optimization process navigates the Hyperparameters solution space until convergence to the best

configuration of Hyperparameters that yields the maximum chosen performance metric.

Building on the house prices regression models with Feature Engineering (FE) seen in Code listing

3.3, it is possible to apply Hyperparameter tuning for some models. Considering that the only model that

did not respond well to FE was the ExtraTress Regressor, and that the Linear Regression model has

no Hyperparameters to tune, it is possible to try and further expand the performance of both MLP and

KNeighbors Regressors with a bayesian optimization of their Hyperparameters. This can be achieved

by maximizing the R2 score with the following equations:
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f(KNN(n,w, a, ls, p)) = min(R2)

n ∈ [1...200], w ∈ {uniform,distance}, a ∈ {auto,balltree, kdtree,brute},

ls ∈ [10...50], p ∈ [1...3]

(3.10)

f(MLP(l1, l2, l3)) = min(R2)

l1 ∈ [10...200], l2 ∈ [10...200], l3 ∈ [10...200], l4 ∈ [10...200]
(3.11)

where the Hyperparameters studied for the optimization of the KNeighbors Regressor are n neighbors,

weight w, algorithm a, leaf size ls, and power p and the Hyperparameters for the MLP Regressor are the

number of neurons for each layer.

Equation 3.10 can be implemented in Code Listing 3.4 with a function integrated with the Optuna

package library [262] that explores the solutions with a Bayesian optimization approach. This function

takes an Optuna solution trial and trains an MLP Regressor with an undersampled version of the training

database with the respective trial parameters. It then evaluates the model using the respective function

and returns the resulting minimum negative R2 (since the goal is to maximize and the direction of the

study is set to minimize). After the optimization, the model is retrained with the full training sample and

with the best parameters found, and the performance results are stored in the dictionary.

After performing the optimization for both KNeighbors and MLP Regressors, it is possible to visualize

the performance improvements by plotting the previously obtained results dictionary in Figure 3.13 in

combination with the obtained optimized results as seen in Figure 3.14. The resulting optimization to the

MLP Regressor improved its R2 by ≈ 14% and decreased its RMSE by ≈ 17% when compared with the

model that was trained using only FE. However, KNeighbors has only mildly improved its performance

with optimization when compared with its FE predecessor results, but the FE processes influenced

significantly its performance when compared with KNeighbors without FE and optimization.

Figure 3.14: Coefficient of determination (R2) and Root Mean Squared Error (RMSE) comparison of the
developed models (seen in Subsection Regression models) with and without Feature engineering (FE),
and with their Hyperparameters optimized.
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1 import optuna

2 from imblearn.under_sampling import RandomUnderSampler

3 #Undersample the data

4 rus = RandomUnderSampler()

5 X_train_res, y_train_res = rus.fit_resample(X_train_scaled, y_train)

6 # Function to calculate RMSE and R2 and evaluate a model

7 def evaluate_model(model):

8 predictions = model.predict(X_test_scaled)

9 rmse = mean_squared_error(y_test, predictions, squared=False)

10 r2 = r2_score(y_test, predictions)

11 return rmse, r2

12 # Function to optimize MLP Regressor

13 def optimize_mlp(trial):

14 define trials for layers 1,2, and 3

15 l1 = trial.suggest_int('n_l1', 10, 200)

16 l2 = trial.suggest_int('n_l2', 10, 200)

17 l3 = trial.suggest_int('n_l3', 10, 200)

18 #Train the model with the respective neurons for each layer

19 model = MLPRegressor(hidden_layer_sizes=(l1,

20 l2,

21 l3),

22 #Reduce the number of iterations for faster optimization

23 max_iter=250,random_state=42)

24 model.fit(X_train_res,

25 y_train_res)

26 rmse, r2 = evaluate_model(model)

27 #return value to minimize

28 return -r2

29

30 study = optuna.create_study(direction='minimize')

31 study.optimize(optimize_mlp, n_trials=50) #Define number of iterations

32 mlp_params = study.best_params

33 best_mlp_model = MLPRegressor(hidden_layer_sizes=(mlp_params['l1'],

34 mlp_params['l2'],

35 mlp_params['l3']),

36 max_iter=1000, random_state=42)

37 best_mlp_model.fit(X_train_scaled, y_train)

38 best_mlp_rmse, best_mlp_r2 = evaluate_model(best_mlp_model)

39

40 results["Optimized"]['MLP'] = {'RMSE': best_mlp_rmse,

41 'R2': best_mlp_r2,

42 'params': mlp_params}

Code Listing 3.4: Code to optimize the number of neurons of a four-layered MLP and store the results
in a dictionary.

This Model Tuning process can be skipped altogether throughout this research’s studies if the de-

veloped SM already provides acceptable accuracy in Stage 3 (Section 3.3) and can also be used to

optimize the performance of an optimization algorithm for building AOP. Differences consist only in the

objectives of the optimization, which in this case should target optimization performance metrics such as

minimum and maximum values obtained for one objective, and Hypervolume (H) for multiple objectives.

These metrics allow the evaluation of the explored solution space, which can be particularly useful to

train less biased SM with iterative approaches (See Subsection Iterative Building Databases) and to ob-
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tain better results with the optimization process (See Section 2.2, Building Performance Optimization).

Building on the example described in Equation 3.9 and Figure 3.8, it is possible to optimize the param-

eters population size ps, crossover c, and mutation m of an NSGAII algorithm to yield the maximum H

[148, 149, 150] with Equation 3.12.

f(NSGAII(ps, c,m)) = max(H)

ps ∈ [psmin...psmax}, c ∈ {c1, ..., ci} m ∈ {m1, ...,mn}
(3.12)

Finally, with the model tuning stage of this research described (Figure 3.1), the next Section com-

prises the description of the Model deployment stage. This is done by integrating the developed model

with optimization case studies regarding building performance and deploying it into a suitable interface,

which will be described in the next chapter.

3.5 Model deployment

SM such as the ones described in the previous Sections can provide many benefits to the efficient imple-

mentation of Analysis and Optimization Processes (AOP) in building performance problems. Particularly,

they can predict performance results much faster, and because they require fewer inputs and calcula-

tions, they require less expertise to integrate with AOP than conventional methods. Moreover, because

they can be deployed in multiple environments and tools, SM have the potential to improve portability

issues associated with the different spectrum of building performance indicators (See Chapter 2, Chal-

lenges and Opportunities). Thus, Model deployment is a vital stage in this research to ensure a suitable

integration of a SM with a building AOP (Figure 3.1).

The research strategy adopted for the developed SM throughout this work is described in this Sec-

tion, with particular focus on the types of AOP that will be integrated with the SM (Subsection Case

studies), and on their respective interactive interface (Subsection Interfaces). First, case studies are

segmented and described according to their different types of BID, described in Section 3.2. These con-

sist of different building performance problems that are tackled with the development of a SM following

the flowchart described in Figure 3.1. Developed case studies will tackle typical building performance

problems such as Design, Construction, and Rehabilitation, which tackle different aspects of a building’s

life cycle.

Finally, each case study can have a different working environment, such as programming tools,

Computer-Aided Design (CAD) tools, BPS tools, and Algorithmic Design (AD) tools. This is expected

and faced as an opportunity to test the flexibility of the developed SM in being applied to different user

interfaces. Thus, Subsection Interfaces describes different working environments and interfaces that

can be used throughout this research.

3.5.1 Case studies

The case studies integrated within this research aim to illustrate the process of SM development to solve

limitations associated with AOP of building performance. To do this, they are segmented according to
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the specified BID types (Existing, Synthetic, and Iterative Building Information Database (BID)) defined

in Section 3.2. Additionally, during its lifecycle, a building performance problem that is solved with AOP

may encompass different expertise fields such as Design, Construction, and Rehabilitation.

Expanding on the BID types described in Section 3.2, it is possible to implement the SM developed in

3.3 and 3.4 for case studies that leverage the advantages of such models to solve building performance

problems. For example, a model developed with an Existing database such as the California housing

prices in Section 3.2 (See Existing Building Databases) can be used to improve the return on investment

of real estate development in California. This can be achieved through a parametric analysis of an

investment’s Return on Investment (ROI), or a Bayesian optimization process to maximize the ROI with

the given variable domains.

A ”Construction” optimization problem to maximize ROI of the construction of a building block and

respective housing sales can benefit from more user-friendly features such as rooms, bedrooms, and

people per house (obtained from dividing the respective features by the total households in the block).

Afterward, it is possible to train the best-performing model obtained in Section 3.3 (In this case the

Extra trees Regressor) with these new features and predict a housing price. From there, it is possible to

approximate the total investment cost Ci assuming an average construction cost per m2 C, an average

room area A, the number of households nh, and number of rooms per household nr (Equation 3.13).

The housing sales price P can be predicted with the developed model, and then multiplied by the number

of houses to obtain the investment returns I (3.14). Then, ROI is calculated with Equation 3.15.

Finally, the objective function and its variables can be represented by the Equation 3.16 according

to the variables lat, lon, nr, nh, area population density per house np, and area median income mi,

and where i is the number of iterations performed by the optimization. This yields a single objective

optimization where the best solution is the combination of these parameters that provide the highest

returns. Notably, this function can be adapted to any performance indicator that depends on housing

price to provide an informed investment. Furthermore, it can be complemented with other indicators and

respective SM, such as quality of life indicators, energy, and emissions, among others.

Ci = nrnhAC (3.13)

I = Pnh (3.14)

ROI =
I − Ci

Ci
(3.15)

f

⎛⎜⎜⎜⎜⎝
lat lon nr nh np mi

...
...

...
...

...
...

lati loni nri nhi npi mii

⎞⎟⎟⎟⎟⎠ = max

⎛⎜⎜⎜⎜⎝
ROI

...

ROIi

⎞⎟⎟⎟⎟⎠ [ratio]

lat ∈ [32.0...42.0], lon ∈ [−124...− 114], nr ∈ [3...15],

nh ∈ [10...500], np ∈ [0...10], i ∈ [1.0...14.0],

(3.16)
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On the subject of other performance metrics and synergy of performance indicators, it is possible to

demonstrate this concept by building on the Isenberg School of Management BID example demonstrated

in Section 3.2 (See Synthethic Building Databases and Iterative Building Databases). In these examples,

the construction cost C, energy use E, and Useful Daylight Illuminance (UDI) of a building (In this

case the Isenberg School of Management) can be optimized according to its geometric (e.g., number

of floors nf , number of beams nb, amplitude α, inner radius ri, building width ∆r, and orientation θ)

and construction parameters (e.g., beam width bw, 3 beam materials b, 3 glazing materials g, 3 wall

constructions w). These problems could focus on different variables depending on their problem type,

such as a Design problem described in Equations 3.4 or a rehabilitation problem with other relevant

variables such as the ones added in Equation 3.8.

3.5.2 Interfaces

Once the models are developed and the AOP defined, the last step is to deploy a user interface that

enables the input of the SM features, and the control parameters of the AOP. In this research, one of

three optional user interfaces will be selected based on its suitability for addressing specific building

performance problems. One option involves deploying the model directly within its IDE. Another option

entails developing a web app to input parameters and visualize problem results. The last option includes

deploying the model in a script within a CAD or AD tool environment.

Deploying the model directly within its development IDE is fast and precise because it enables the

visualization results on the fly, as the code is run. To illustrate this, we could define the building perfor-

mance problem mentioned in (Equation 3.16) by building on the code developed throughout this Chapter

(particularly Sections 3.3 and 3.4) with Code Listing 3.5.

In this code, a Bayesian Optimization is applied to search for the combination of variables that yield

the maximum ROI, by leveraging on the developed SM to estimate housing price. After running the

optimization process, the results can be visualized in any suitable chart or graph, such as a bar chart to

evaluate feature importance in driving the house price up, and a scatter chart of latitude and longitude

to visualize the best location provided by the optimization (Figure 3.15, left and right respectively).

Figure 3.15: Feature importance for prediction of median house value and scatter plot of latitude and
longitude with the obtained best solution location.
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1 #Create the features of average rooms, bedrooms, and people per house

2 X_opt = X.copy()

3 X_opt["rooms_x_house"] = X_opt["total_rooms"] / X_opt["households"]

4 X_opt["bedrooms_x_house"] = X_opt["total_bedrooms"] / X_opt["households"]

5 X_opt["people_x_house"] = X_opt["population"] / X_opt["households"]

6 X_opt.drop(["total_bedrooms", "total_rooms", "population"], axis=1, inplace=True)

7

8 #... Train/Test split and fit new model ...

9

10 # Define a model prediction function

11 def predict_house_price(construction):

12 return model.predict(construction)

13 #Define Objective function

14 def objective(trial):

15 #Define variables

16 longitude = trial.suggest_float('longitude', -124, -114) # Example ranges

17 latitude = trial.suggest_float('latitude', 32, 42)

18 #Include more variables if needed

19 #Build features DataFrame for prediction

20 features = [latitude, longitude, ..., median_income]

21 #Build DataFrame for model prediction

22 construction = pd.DataFrame([features]).T

23 construction.columns= X_opt.columns

24 # Predict the house price using the surrogate model function

25 predicted_price = predict_house_price(construction)

26 # Calculate construction cost at 25 sqm per room, £5000 per sqm

27 construction_cost = rooms_per_house * households * 25 * 5000

28 # Calculate ROI

29 roi = (predicted_price * households - construction_cost) / construction_cost

30 return roi

31 # Running the optimization

32 study = optuna.create_study(direction='maximize')

33 # Adjust n_trials as needed

34 study.optimize(objective, n_trials=500)

Code Listing 3.5: Code to perform a Real Estate Development optimization to maximize Return on
Investment (ROI).

If the model is tweaked to a parametric analysis, it is also possible to develop a web app capable of

predicting a ROI based on user investment inputs (Figure 3.16). In this case, the user can use sliders

to change inputs such as the number of households, location, number of rooms per house, construction

costs, and room area. In return, the bar chart displays changes according to the resulting construction

cost and investment return.

Deploying a SM for the design optimization of the Isenberg School of Management, as described in

Equation 3.4, requires a suitable environment for its results visualization, such as a Computer-Aided De-

sign (CAD) tool environment. In this study, surrogate models can be integrated within the Rhino [79] and

Grasshopper [80] environments, using a Python script embedded into the visual programming language

environment. This setup facilitates on-the-fly optimization and result visualization within Rhino. This

approach is illustrated in Figure 3.17, where Rhino is employed to display optimal solution results. Addi-

tionally, the environment supports the visualization of charts, which enables the presentation of a Pareto
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Figure 3.16: Input and results visualization with the developed sample web app.

chart to exhibit the optimization outcomes of a spatial Useful Daylight Illuminance (UDI) optimization.

The Model deployment stage concludes the Research process Part of this research. In the next

Part, SM will be leveraged in case studies to solve building performance problems with AOP. This will

be done considering the used Building Information Database (BID) and the type and scope of the opti-

mization problem. Results are discussed regarding the improvements provided by the SM to the AOP.

Ultimately, the results of this research are synthesized into a qualitative comparative analysis, evaluating

the strengths and weaknesses of the respective BID types used in the studies.
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(a) Pareto Front and Plan visualization.

(b) Pespective view.

Figure 3.17: Isenberg School of Management Useful Daylight Illuminance (UDI) optimization deployed
in Rhino. (a) Visualization of Pareto Front in interface. (b) perspective view of a solution.
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Chapter 4

Case Studies

Preamble

The mext Chapter of this thesis delves into implementing the proposed framework. The three Building

Information Database (BID) for Surrogate Models (SM) development are explored, one for each case

study. Each case study comprises a building performance problem description, a BID documentation,

SM development, and if necessary, tuning, and model deployment cases.

The first case study1 [246] explores the optimization of building retrofit strategies and building design

optimization. Here, a SM is developed using an Existing BID containing Energy Performance Certificates

(EPC) from Portugal. This model predicts the certificate label and energy use when given specific

building characteristics. This study illustrated the proposed framework for Existing BID. Here, the goal

was not to speed up simulation processes but to simplify an otherwise complicated energy certification

process to promote its use for Analysis and Optimization Processes (AOP). In this case, the model

estimated accurate results with only 20 inputs compared to the 88 existing inputs in the EPC database.

Moreover, Feature Engineering (FE) and selection techniques are applied to the BID to improve the

model’s accuracy. The model was implemented in two web apps for single and multiple building AOP,

demonstrating its portability.

In the second case study2 Araujo et al. [247], the focus shifts towards the optimization of both energy

performance and cost in building design and rehabilitation problems. Using a Synthetic BID, a SM is

developed that, when given building geometric and material features, predicts the energy simulation

results of any building in Lisbon, Portugal. This study illustrated the proposed framework for Synthetic

BID by generating thousands of building samples representative of Lisbon, Portugal, and simulating

them to use the results as a target output for the model. The resulting model was able to speed up the

case study simulation time by ≈ 100-fold, with only six input features that defined a building’s geometry

and construction materials. The model was implemented in two different AOP for the urban and building

scale, showcasing its portability.
1DOI: 10.1016/j.enbenv.2023.07.002
2DOI: 10.52842/conf.caadria.2022.2.689

65

https://10.1016/j.enbenv.2023.07.002
https://10.52842/conf.caadria.2022.2.689


The third case study3 [248] concerns the optimization of the Thermochromic Glazing (TCG) proper-

ties that yield the minimum energy use for lighting and Heating, Ventilation, and Air Conditioning (HVAC)

of an office. An Iterative BID is used to develop two SM, one for HVAC and the other for lighting predic-

tions. This study illustrates the proposed framework for Iterative BID by using the proposed optimization

variables and objectives as a database. In this case, a simulation-based optimization is performed for

2000 iterations and is then used to develop the BID. The resulting model sped up the simulation from 30

to 0.02 seconds, using only four inputs corresponding to the glazing’s properties.

Finally, the fourth case study4 [249] explores the optimization of building construction materials.

Using an iterative BID, a SM is developed to predict the energy use of a mixed-use six-building complex.

Similarly to the third case, this study illustrates the proposed framework for Iterative BID but with an

additional step in the Model Tuning stage, hyperparameter optimization. This model was able to speed

the simulations from 20 to 0.02 seconds, with 24 total inputs, four inputs for each building corresponding

to its walls, roofs, floors, and windows materials.

Applying these cases to the proposed framework has the goal of demonstrating its versatility and

efficiency in applying SM to improve the integration of AOP in building performance. This allows the

development of more general SM, with suitable data quality, in a more streamlined fashion, and with a

systematic approach to model tuning. In addition, examples of deployment of the models are illustrated

for future use.

3DOI: 10.1016/j.solener.2022.11.043
4DOI: 10.3390/en16104030
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4.1 Optimization of building retrofit using a Surrogate Model

developed with an Existing Building Database

One of the largest shares of energy consumption is associated with building stock (in Europe, it is

responsible for 40% of total energy consumption), and since the lifetime of a building can exceed 100

years, it is important to improve energy regulation and develop instruments that promote the reduction

of greenhouse gas emissions without neglecting the thermal comfort and quality of life of its occupants

[263]. Pasichnyi et al. [264] and Pérez-Lombard et al. [265] point to regulation, audits, and certification

as three basic policy instruments for enhancing energy efficiency in buildings. In this context, building

Energy Performance Certificates (EPC) emerged to help achieve energy efficiency in buildings since the

early 1990s [264], and their main goals are threefold: (1) to inform stakeholders of the building sector

about building energy consumption and performance [266], (2) to decarbonize the building stock, and

(3) to enhance investment in more efficient and sustainable solutions and systems, as documented on

the Building Directive update from 2018 [267].

Building EPC has been developed as a key policy instrument to improve buildings’ energy efficiency,

decrease energy consumption, and provide more transparency on energy use in buildings. These are

a central element of the Energy Performance Building Directive (EPBD). In 2002, the EU Parliament

defined EPC as ” a document recognized by a Member State or by a legal person designated by it,

which indicates the energy performance of a building or building unit” [268, 267].

Regarding building energy certification, Pérez-Lombard et al. [265] distinguish three main advan-

tages: (i) bench-marking, (ii) rating, and (iii) labeling. Nikolaou et al. [269] add (iv) building stock

databases and methods for improving energy efficiency. Pasichnyi et al. [264] reviewed 79 papers fo-

cused on EPC applications from data analyses and stated that most EPC data have wider applications

than initially intended by the EPC policy instrument. The detailed characterization of the building stock

provided by the EPC scheme can be applied in the development of tools and applications enhancing

energy efficiency measures.

Alongside, energy-efficient building retrofit is a key aspect of reducing carbon emissions [270], im-

proving public health [271], and creating new jobs [272]. Despite their multiple benefits and efforts to

promote building retrofits, the retrofit rates worldwide remain low, usually less than 1% per year [273].

The EPC benchmarking system for buildings and its related renovation policies have contributed

significantly to improving energy use in buildings and achieving the European renovation wave goals

[3, 274]. However, they still present constraints that prevent citizens and stakeholders from implementing

building retrofits, such as a general lack of participation and EPC data errors.

The lack of awareness and engagement with the EPC system is discussed by Watts et al. [275], which

surveyed how people perceive EPC, their importance, and if they implement the suggested retrofits.

Results show that the EPC scheme is perceived more as mandatory bureaucracy, and most people do

not follow retrofit indications. In addition to this, Hardy and Glew [276] showed that 36% to 62% of EPC in

the United Kingdom contain errors and that these are mostly caused by EPC assessors. Consequently,
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the authors consider that new methodologies can be developed to prevent misleading results and reduce

input complexity, and conclude that ML has great potential to help tackle these issues. Thus, the use

of ML techniques to create models capable of predicting a building EPC or energy needs with easy-to-

grasp inputs can help in (1) identifying, controlling, and correcting issued EPC with input errors [277];

and (2) engaging the community with the EPC scheme and its benefits [275].

A household’s EPC is issued by qualified experts (architects or engineers) who audit the households

and collect information regarding building geometry, constructive solutions, heating, ventilation, and

Heating, Ventilation, and Air Conditioning (HVAC) systems, domestic water heating systems (DHW),

and energy production systems, to determine the energy performance parameters and calculate energy

performance indicators (including the energy label). Moreover, improvement measures and their impact

on the energy label and energy consumption are suggested on the EPC by the experts [278].

The EPC considers numerical calculation methods based on the ISO standards (ISO 52000-1 [279],

52003-1 [280], 52010-1 [281], 52016-1 [282], and 52018-1 [283]) for heating, cooling, and domestic

hot water needs and provide energy efficiency benchmark by considering reference values [284, 285].

The energy needs indicators calculated for the energy certification process are summarized in Tables

4.1 and 4.2. In most European countries, the labeling of the energy efficiency of a household assumes

eight classes (from A +, the most energy efficient to F, the least) [267] and is calculated by defining the

parameter R = Ntc / Nt in specific range values (Table 4.2).

Table 4.1: EPCs’ energy indicators.

Indicators Description

Nic Annual nominal needs of useful energy for heating (kWhm−2)
Ni Annual reference needs of useful energy for heating (kWhm−2)
Nvc Annual nominal needs of useful energy for cooling (kWhm−2)
Nv Annual reference needs of useful energy for cooling (kWhm−2)
Nac Annual nominal needs of useful energy for the production of domestic hot water

(kWhm−2)
Na Annual reference needs of useful energy for the production of domestic hot water

(kWhm−2)
Ntc Annual total nominal primary energy needs (kWhm−2)
Nt Annual reference primary energy needs (kWhm−2)

Most studies regarding EPC surrogate models found in the literature focus on accurately predicting

and validating existing EPC. Buratti et al. [286] used an Artifical Neural Networks (ANN) model de-

veloped with a database of 6500 EPC received by the Umbria Region (central Italy). The developed

Surrogate Models (SM) allowed the authors to evaluate regional building energy consumption. Further-

more, the authors evaluated the accuracy of the model and identified EPC that required data correction.

To engage the community with the EPC scheme, Khayatian et al. [229] simplify the EPC inputs parame-

ters and features, by developing a regression model using ANN, with acceptable accuracy and capable

of predicting building energy consumption and EPC results with only 12 features.

Such models can also be useful to improve household energy use and perform the best possible

retrofits according to their specific needs and capabilities, both by reducing the input complexity and by
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Table 4.2: EPCs’ energy efficiency labels.

Energy label R = Ntc/Nt

A+ R ≤ 0.25
A 0.25 < R ≤ 0.5
B 0.5 < R ≤ 0.75
B- 0.75 < R ≤ 1
C 1 < R ≤ 1.5
D 1.5 < R ≤ 2
E 2 < R ≤ 2.5
F 2.5 < R ≤ 3

allowing the application of optimization techniques (2). In this sense, Fan & Xia [287] developed two

optimization models to find the best building retrofit that yielded maximum energy savings and minimum

investment payback time. This is done considering the South African building EPC scheme and its tax

incentive initiative program.

In this study, an existing Building Information Database (BID) of Portugal’s building EPC is used to

develop a SM capable of predicting a building’s EPC, Ntc, Nvc, and Nic. This model is integrated with

a MOO problem to optimize a building’s retrofit considering government-funded policies, to minimize the

retrofit cost, and building’s Ntc, and maximize the retrofit’s Return on Investment (ROI). The model is

then deployed in a web app for users to explore their best retrofit options. Results obtained by testing

the optimization problem and the interface with an existing building are documented and discussed.

This Section’s workflow can be illustrated by Figure 4.1. Initially, the AOP is contextualized and

described (Subsection Problem Description). Then, the existing BID is described, as well as any Model

Tuning processes related to the database such as data cleaning, filtering, and feature engineering. Thus,

the model tuning stage is applied simultaneously with the BID stage (Subsection Building Information

Database and Feature Engineering). The third Subsection describes the SM type and compares different

algorithms for SM development (Subsection Model Type). Afterward, the most suitable model is selected

for the deployment process in an interface, where users can test the AOP in any building located in

Portugal. The AOP results are demonstrated for a case study of a Portuguese building (Subsection

Model Deployment). Finally, the obtained results and the model performance are discussed regarding

their potential application and benefits (Subsection Discussion).

4.1.1 Problem Description

As stated in the Renovation Wave program [3], it is of critical importance to perform building retrofits as

a way to reduce building energy consumption. Despite the multiple policies implemented to increase the

renovation wave, there are still some barriers preventing its success, such as insufficient information on

the current energy profile of buildings and policies [275], lack of trust in the actual estimation of energy

savings [273], difficult decision-making processes [288] and financial obstacles [270]. In this sense, it is

crucial to provide citizens and stakeholders with valuable, accurate, and comprehensible information on

their energy performance at home or in a building and the benefits of specific retrofit measures.
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Figure 4.1: Workflow diagram for Section 4.1

The goal of this study is to strengthen the commitment to the renovation wave program [3] by devel-

oping an interface that is capable of quickly predicting and optimizing EPC indicators with easy-to-grasp

inputs. Machine Learning techniques are applied to an EPC database of residential buildings in Portugal

to develop regression models capable of predicting a building or household’s annual energy needs, and

EPC labels. Afterward, these models are integrated with a Multi-Objective Optimization (MOO) process

to provide the user with a range of optimum retrofit solutions while estimating their impact on energy

consumption and return on investment.

For the MOO problem, a Non-dominated Sorting Genetic Algorithm II (NSGAII) [141] was used, since
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it demonstrated its efficiency for similar class problems in previous research [11, 125]. The algorithm

runs with a random generator object, a tournament selection method, and a population size of 25, for

a maximum of 250 iterations or convergence. The MOO problem decision variables correspond to the

EPC’s possible retrofit solutions.

The possible retrofits for one household are organized into different intervention areas: walls, roofs,

windows, heating equipment, and Domestic Hot Water (DHW) equipment. A MOO process that re-

turns the optimum retrofit options of an EPC is programmed, considering for each variable the option of

having no retrofit and only those retrofits that represent an improvement against the original features.

Finally, the total retrofit cost is calculated according to standard construction solutions, equipment costs,

government funds, and typology (Tables 4.3 and 4.4, adapted from POSEUR [289]).

Table 4.3: Retrofit variables costs.

Retrofit Variable Solution Cost [C/m2] Cost [C/unit] Funding Ra-
tio

Funding
limit

Walls Insulation 41 - 65 4500
Floors Insulation 13.5 - 65 4500
Roof Insulation

(EPS)
13.5 - 65 4500

Insulation
(XPS)

25 - 65 4500

Glazing PVC 260 - 85 1500
Aluminium 380 - 85 1500

DHW Gas boiler - 450 0 0
Water heater - 175 0 0
Boiler - 1750 0 0
Air-Water
heat pump

- 3750 85 2500

Climatization Gas boiler - 450 0 0
Water heater - 175 0 0
Boiler - 2250 85 2500
Multi-split - 366 85 2500

Energy source 3 solar panels - 6100 85 2500
6 solar panels - 9400 85 2500

The optimization’s objectives are the minimization of an EPC’s Ntc (o1 - Equation 4.1) and retrofit cost

(o2 - Equation 4.2), together with the maximization of the retrofit’s Return on Investment over 3 years

(ROI) (o3 - Equation 4.3). o1 is predicted by the surrogate model, o2 is obtained from user inputs and

retrofit costs from Table 4.3, and o3 ROI is obtained from Equation 4.4. The Tax variable represents the

tax benefits obtained from the retrofit and is calculated by predicting the new EPC label and assigning

the respective tax deduction. Energy Savings (Es) is computed by Equation 4.5, where p represents the

average kWh price for electricity in Portugal (source: Eurostat [290]), A the floor area of the EPC, and t

the number of years considered for the ROI calculation.

o1 = min(Ntcnew) [kWhm−2] (4.1)
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Table 4.4: Multi-split equipment costs and government funds for each house typology.

Building typology Costs [C] Government funds
ratio [%]

Government funds
limit [C]

Studio 366
1-bedroom 731
2-bedroom 1096
3-bedroom 1462 85 2500
4-bedroom 1828
5-bedroom 2193
6-bedroom 2558
7-bedroom 2924

o2 = min(Cost) [e] (4.2)

o3 = min(ROI) [ratio] (4.3)

ROI =
Es + Tax− Costs

Costs
[ratio]; (4.4)

Es = pA(Ntcnew −Ntcold)t [e] (4.5)

Another possible optimization problem is at an urban scale, where it is possible to analyze macro

retrofit trends according to a wider sample of buildings such as neighborhoods, municipalities, and cities.

As such, the developed SM is also implemented to an optimization where its objectives are to minimize

the mean energy use of the building sample (f1 in Eq. 4.6), the standard deviation of the energy use

of the buildings sample (f2 in Eq. 4.7), and the total retrofit cost of the sample (f3 in Eq. 4.8), where x

is a binary variable representing if a specific retrofit is or is not applied, n is the number of buildings in

the sample and r the available retrofits in Table 4.3. The considered retrofits for this problem are wall,

roof, and floor insulation, window replacement, efficient HVAC units, Air-to-Water heat pumps, and solar

panels for energy generation, or Domestic Hot Waters (DHW). This represents a total of eight possible

retrofits per building and a total of 8n possible variables.

f1(x1, . . . , xr×n) =

∑︁n
i=1 Ntci
n

[kWhm−2] (4.6)

f2(x1, . . . , xr×n) =

√︃∑︁n
i=1(Ntci − f1)2

n
[kWhm−2] (4.7)

f3(x1, . . . , xr×n) =

∑︁n
i=1

∑︁r
j=1 Cji

n
[e] (4.8)

This approach can be adapted to other countries’ databases and yield information regarding energy
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performance and how to manage retrofit and rehabilitation investments at a larger scale. Moreover, re-

searchers are provided with alternative approaches for building retrofit and optimization that require less

computational power and have fewer inputs than building performance simulation and optimization using

complex models. Finally, these techniques can be applied to the development of tools or applications to

improve the retrofit process by providing a fast but accurate analysis of retrofit alternatives.

4.1.2 Building Information Database and Feature Engineering

For the BID development, the first step consists of filtering unrealistic values and splitting the resulting

database into a training and test set for all variables and outputs. Then, feature selection techniques are

applied to retrieve the most explainable features of the model [162]. The Portuguese EPC database is

used, which contains over 800000 certificates, and 88 features of household details, opaque and glazed

envelopes, and systems.

From the whole database, all entries that were not households and not issued under the 2006

Decree-Law [291] were removed, since the method of calculation of the EPC changed significantly due

to the EPBD [268]. Additionally, all the EPC without DHW equipment, all features with unrealistic values,

and samples with over 70% of null values for all features are removed. Afterward, the most important

features to calculate the EPC are retrieved. Finally, from the 800000 EPC and a total of 88 features

for the whole country, 61 features and ≈ 740000 entries were removed, ending up with a total of 25

features and ≈ 60000 EPC. Both continuous and discrete features are normalized into a [-1, 1] interval.

The number of features is selected according to their k-best scores [292] and for each target output with

k-best = 10, 15, 20, and 25 features (Table 4.5).

The ML models prediction targets are the annual heating energy needs (Nic), annual cooling energy

needs (Nvc), annual primary energy needs (Ntc) (Table 4.1), and R ratio (Table 4.2). The database with

60000 EPC, is split by 33% (1/3) to build a model validation test set and 67% (2/3) to train the models.

The target prediction values are illustrated in Table 4.6 by documenting their maximum, minimum, mean,

and standard deviation.

Table 4.5: EPCs’ database feature list for k-best = 20.

General details Construction ele-
ments

Equipment Glazing

Property Wall type DHW source Window area [m2]
Year Wall area [m2] Heating source Window type
Area [m2] Roof type DHW type
Height [m] Roof area [m2] Heating type
Typology Floor type Nº DHW equip
Nº floors Nº heating equip
District
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Table 4.6: Test set target values distribution and indicators.

Nic [kWhm−2] Nvc [kWhm−2] Ntc [kWhm−2] R (ratio)

count 5914 5914 5914 5914
mean 10.46 1.90 96.10 0.72
std 7.03 1.70 86.14 0.51
min 0.00 0.00 0.00 0.00
max 48.79 7.00 660.63 4.20

4.1.3 Model Type

For the models’ training, an Extra Trees (ET) ensemble algorithm [293], a Multi-Layer Perceptron (MLP)

with 3 nodes and 25, 50, and 25 neurons [294, 295], and a Gradient Boosting (GB) for the regression

problems [296] were used with default hyperparameters. These models have been extensively used

in the literature for regression problems [297], particularly in building energy-related problems [298].

Root Mean Squared Error (RMSE) and R2 scores are recorded as performance metrics for the models’

regression outputs (Nic, Nvc, Ntc, R). Performance results are compared for the three regression algo-

rithms, and the best-performing algorithm is selected accordingly. The selected model is then subject to

a k-fold cross-validation process [299] with k=6 folds. This process splits the testing subset into multiple

(k) folds and yields less biased performance results.

The results obtained show that all algorithms perform similarly (Table 4.7). However, as the ET

algorithm with 20 features tends to perform slightly better, it was selected for the final interface and

MOO process. Specifically for the EPC prediction, the model developed with the ET algorithm has

errors from -1 to +1 EPC level (Table 4.2). From the analysis of Table 4.7, it is possible to see that the

R model and the Ntc model are the most accurate with an R2 of 0.84 and 0.79, respectively. While Nic

and Nvc show R2 values of 0.67 and 0.41.

Table 4.7: Model training and performance indicators results.

R [ratio] Ntc [kWhm−2] Nic [kWhm−2] Nvc [kWhm−2]

k-best
features

Model R2 RMSE R2 RMSE R2 RMSE R2 RMSE

10 ET 0.74 0.26 0.58 55.70 0.61 19.11 0.31 5.85
MLP 0.71 0.27 0.51 60.22 0.55 20.46 0.16 6.43
GB 0.69 0.28 0.50 60.98 0.53 20.89 0.14 6.51

15 ET 0.82 0.22 0.72 45.30 0.65 18.07 0.36 5.63
MLP 0.77 0.24 0.66 49.91 0.57 20.05 0.19 6.33
GB 0.76 0.25 0.65 51.07 0.57 20.01 0.17 6.39

20 ET 0.84 0.21 0.79 39.77 0.67 17.70 0.41 5.41
MLP 0.78 0.24 0.72 45.29 0.58 19.77 0.23 6.15
GB 0.78 0.24 0.73 44.87 0.57 19.96 0.24 6.14

25 ET 0.85 0.20 0.80 38.83 0.73 15.96 0.61 4.40
MLP 0.80 0.23 0.74 44.33 0.67 17.66 0.47 5.11
GB 0.80 0.23 0.75 43.19 0.68 17.22 0.33 5.75
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The selected algorithm ET with 20 features was subject to a k-fold cross-validation process in which

the full database was split into six training and test sets. Results from the selected algorithm are de-

scribed in Table 4.8. R2 values for Fold 1 and 2 are relatively lower than the remaining folds. The mean

R2 shows a slight decrease to 0.80 while the RMSE shows an increase to 0.24 when compared to the

performance indicators of the selected ET algorithm with k-best = 20 features (Table 4.7). Nonetheless,

the validation results still show acceptable accuracy, particularly for the R, Ntc, and Nic models that

show R2 scores ≥ 0.70.

Table 4.8: Cross validation results for the selected model ET with k-best = 20.

R [ratio] Ntc [kWhm−2] Nic [kWhm−2] Nvc [kWhm−2]

R2 RMSE R2 RMSE R2 RMSE R2 RMSE

Fold 1 0.61 0.24 0.63 49.46 0.55 21.27 0.34 7.26
Fold 2 0.79 0.28 0.76 50.83 0.67 21.43 0.50 6.99
Fold 3 0.86 0.25 0.79 54.54 0.70 22.27 0.46 6.00
Fold 4 0.87 0.24 0.84 51.21 0.78 20.87 0.51 5.86
Fold 5 0.85 0.22 0.81 45.52 0.75 18.32 0.43 5.33
Fold 6 0.83 0.22 0.80 44.24 0.75 19.20 0.45 5.10

Mean 0.80 0.24 0.77 49.37 0.70 20.48 0.45 6.07

Figure 4.2 illustrates the error (in %) distribution plot of the selected algorithm for the prediction of the

test samples (x-axis) and distribution of samples in the test subset for each target feature (y-axis). For the

R prediction model, it is visible that most test values are distributed between 0 and 1, and respectively,

the error values of the test set predictions vary between -25 and 25%. The Ntc, Nic, and Nvc prediction

models show most test values distributed between 0 and ≈200, ≈100, and ≈20 kWhm−2 respectively,

while most error values vary between -50 to 50%. Additionally, a trend of higher error percentages for

smaller target values is visible, which shows that most predictions that have an error of up to double the

original value occur more frequently in smaller values. This model’s behavior is seen in different scales

for all models with the R prediction model being the least noticeable, and the Nic model the most.

4.1.4 Model Deployment

Initially, it is required that users fill in general information about the building/house regarding geometry,

constructive solutions, heating, cooling, and DHW equipment (Figure 4.1). The features belonging to

Construction elements (Table 4.5) can be estimated based on the most frequent construction solution

for the respective construction period of the household. With this data input, the model predicts the total,

heating, and cooling annual energy needs, and EPC label. Users may eventually compare the predicted

results with their billing information and original EPC, as well as test multiple retrofits manually.

After this initial exploration, an option to optimize the described EPC is available by setting a max-

imum budget and filling in their household’s tax amount. The MOO algorithm starts to iterate over the

possible retrofit scenarios according to the EPC data previously filled in by the user. Finally, results are

illustrated in interactive bar charts for each objective, and a table with the optimum retrofit solutions for
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Figure 4.2: Test set values (y-axis) and error (x-axis) distribution joint plot for each regression Extra
Trees model.

the maximum budget is presented. This interface was tested in a case study for a 3-bedroom household

in Évora, Portugal (Figure 4.3a) with an EPC level of ”F” (Figure 4.3b). This EPC was selected based on

privacy concerns and because 3-bedroom households are the most common entry in the full database

(≈ 45%). Most features are obtained from the house’s technical drawings, while the unknown features

are deduced according to its construction period. Feature values for the case study are documented in

Table 4.9.

Table 4.9: Feature values (Table 4.5) for the proposed case study.

General details Construction elements Equipment Glazing

Property Apartment Wall type By Year DHW source Electricity Window area [m2] 9
Year 1996-

2000
Wall area [m2] 56 Heating source Electricity Window type By Year

Area [m2] 100 Roof type By Year DHW type Heater
Height [m] 3 Roof area [m2] 116 Heating type Split
Typology 3 bed-

room
Floor type By year Nº DHW equip 1

Nº floors 2 Nº heating equip 2
District Évora
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(a) Case study 3D model. (b) Case study Energy Performance Certificate.

Figure 4.3: Case study details and geometry

Optimization Results

The optimization process was tested with the sample house described in Figure 4.3. The respective

features are seen in table 4.9 and are filled in according to the household’s EPC. The results of the

optimization process are described in a 3-dimensional Pareto optimality scatter chart represented in

Figure 4.4. The R ratio was added as a color scale of the optimal solutions to illustrate the relationships

between objectives and their respective R. This chart illustrates the optimum solutions found by the

algorithm, which are the non-dominated solutions (refer to Section 2.2, Subsection Building Performance

Optimization [147]). This chart is only presented here and is not included in the interface because this

type of visual communication may be considered difficult to interpret by non-expert citizens.

Figure 4.4: Pareto optimality chart for the single building optimization with a color scale of resulting
retrofit R ratio.

Optimization results show a wide range of optimum solutions for all objectives. The objectives can
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vary between ≈11000 C and ≈450 C for the total retrofit costs, ≈6000 kWh and ≈17000 kWh for the

Ntc, and ≈0.5 and 7 for the ROI in 3 years(i.e., return in 3 years of 0.5 to 7 times the investment made).

This demonstrates that the best of each objective does not necessarily represent the best solution. In

the case of this EPC, it is visible in Figure 4.4 that the most expensive optimum solutions represent

minimum Ntc and R values. However, solutions that have the highest ROI in 3 years correspond to

the cheapest solutions with smaller R that have a more immediate impact on energy savings and tax

benefits, when compared with the original features of the EPC. Finally, it is up to the user to choose

the adequate ROI rate, how much should be spent on the retrofit, and if it is possible to plan long-term

retrofit strategies based on returns and savings obtained from cheaper retrofits.

The urban optimization problem is applied to a random sample of 20 buildings contained in the

database that have an EPC of D or lower and are located in Lisbon. The results are illustrated by

Figures 4.5 and 4.6. In the first figure, it is possible to see that results vary between ≈ 96 and ≈ 178

[kWhm−2] for f1 (Eq. 4.6), and between ≈ 16 and ≈ 97 [kWhm−2] for f2 (Eq. 4.7). Furthermore, by

looking at the retrofit cost per building, it is visible that it varies between ≈ 1000 and ≈ 10000 C. With

this data, it is visible a negative correlation between smaller f1 and f2, and the retrofit costs f3. These

results also show that with ≈ 1500 C per building, it is possible to obtain a 50% reduction in the mean

energy needs of the sample.

Figure 4.5: Pareto optimality chart for the urban optimization with a color scale of resulting mean average
energy needs. Blue and Red dots represent the fully retrofitted and original solutions, respectively.

Since this specific urban optimization problem searches binary variables (i.e., eight different types of

retrofit applied or not), it is possible to analyze the obtained results by retrofit frequency in the obtained

Pareto optimal solutions. Figure 4.6 shows these results with a color scale representing the frequency

of appearance of the retrofit in the building sample. It is visible in this Figure that the best solutions with

minimum energy use present between ≈ 65% to ≈ 100% of the sample retrofitted with wall insulation.

While flooring and roof insulation present between ≈ 50 to ≈ 65% of the sample. Retrofits like window
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replacement and Air-to-Water pumps seem less frequent solutions for the sample. Finally, efficient

HVAC units are the most frequent retrofits present in the sample’s optimum solutions. While more

homogeneous results indicate that those retrofits are widely present or absent in the optimum solutions

of the sample, more heterogeneous results indicate retrofits with a higher impact on the building sample.

Figure 4.6: Pareto optimality chart for the urban optimization with a color scale for each retrofit frequency.

Interface

The interface5 initiates after loading the surrogate models. Drop-down and input boxes appear and

allow the user to fill in basic general data regarding their home or building. The inputs for the proposed

case study are filled in according to Table 4.9, with 16 mandatory features, and 4 optional, that can be

extrapolated based on the construction period in the case of the information not being readily available

(Wall, Roof, Floor, and Window types). However, if the users can obtain the required details there is a

possibility to fill in and change the default extrapolated values and increase the predictions’ accuracy.

After filling in the required data the user can simulate their energy needs Nic, Nvc, and Ntc values,

and EPC (Figure 4.7). The energy needs are presented in total kWh rather than kWhm−2 for a better

understanding and comparison with energy bills. Afterward, it is possible to manually change the inputs

and perform analyses of retrofit impacts or keep scrolling to read the information regarding eventual

government funds to support building retrofits, and tax benefits obtained from the EPC improvement.

The predicted results are compared with the original EPC for this house in Table 4.10. As seen, the

predicted annual energy needs for heating (Nic), cooling (Nvc), and total (Ntc) have an error of ≈ 14

kWhm−2, ≈ 3 kWhm−2, and ≈ 23 kWhm−2 respectively. Additionally, the model fails to predict the

original EPC by one level. These errors are within the documented errors for the selected surrogate

model in Table 4.7.
5https://goncalo-araujo-epc-app-app-epc-txb2ta.streamlit.app/
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Figure 4.7: Application interface for single building Analysis and Optimization Processes (AOP).

Table 4.10: Case study predicted and original results.

Nic
[kWhm−2]

Nvc
[kWhm−2]

Ntc
[kWhm−2]

R
[ratio]

EPC class

Original 114.31 37.10 202.20 2.56 F
Predicted 102.92 40.99 225.05 2.10 E
error[%] -9.96 10.49 11.3 -17.97

After this initial analysis, the user is prompted to click a button that performs an optimization process

to find optimum retrofit solutions with a specific budget to be defined. In this case study, a maximum

budget of 2000C was selected, different from the optimization process performed above, which had no

limit budget. The interface runs the optimization algorithm and provides the user with a table with the

obtained optimum solutions that fit the specified budget. The user can interactively explore three bar

charts that illustrate these solutions’ objectives’ values (Figure 4.8). The bar charts were chosen as a

more user-friendly option than the Pareto optimality chart to understand the results.

Results for this case study optimization show 5 non-dominated solutions that fit the specified budget

(Table 4.11). Particularly, the algorithm suggested a retrofit of the roof, which currently has no insulation,

followed by insulation of the exterior walls, which makes the retrofit closer to the budget limit. Cheaper

variations of this solution are provided, such as changing from an electric water heater to a gas heater.

The presented solutions can yield decreases in the Ntc by up to ≈ 60%, and ROI values ranging from

≈ 2 to ≈ 7.

The urban optimization problem was also implemented in a web app illustrated in Figure 4.9. The

user can input a list of buildings with their input features required by the model and run an initial analysis.
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(a) Total Energy needs (Ntc) (b) Return on Investment after 3 years. (c) Retrofit Cost

Figure 4.8: Interactive charts for each objective

Table 4.11: Example of the table with optimization results that can be downloaded by the user according
to the specified budget limit.

Retrofit Walls Roof Glazing DHW DHW
en-
ergy
source

HVAC HVAC
en-
ergy
source

Ntc
[kWh]

ROI
[ra-
tio]

Retrofit
cost
[C]

New
EPC
label

1 - EPS - - - - - 15473 7.32 548 C
2 - EPS - Heater Gas - - 13315 4.75 998 C
3 ETICS EPS PVC - - - - 9608 3.03 2088 B
4 - EPS PVC - - - - 12536 3.87 1284 C
5 - EPS PVC Heater Gas - - 11823 2.88 1734 C

Moreover, the user can also choose optimization variables of the sample (i.e., possible retrofits), as

well as their cost. Finally, it is also possible to choose the optimization algorithm and its number of

iterations. The obtained results can be consulted in the app with an interactive Pareto optimality chart

and downloaded in a ”.csv” format.

Figure 4.9: Application interface for urban Analysis and Optimization Processes (AOP).
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4.1.5 Discussion

The results obtained in this work show R2 scores of 0.84 and 0.79 and RMSE of 0.21 and 39.77 kWhm−2

for the EPC (R ratio) and energy needs (Ntc) predictions respectively. These results are adequate for

integrating surrogate models and MOO into an easy-to-use web application that promotes the engage-

ment of citizens and stakeholders in the building retrofit and EPC scheme. The validation results show

slightly lower accuracy than the one seen in Burratti et al. [286] and Khayatian et al. [229] models. This

may be explained by the databases used in these studies which may have different features and data.

To improve the obtained accuracy in this study, new data cleaning methods can be used to improve

additional features and feature engineering processes can be applied to develop additional features that

might be missing from the original database.

The integration of the MOO process helped tackle conflicting objectives that have a significant weight

in a citizen’s decision about the rehabilitation of their household or building. For this case study EPC, the

MOO process returned 5 optimum retrofit solutions capable of reducing energy savings up to 60% while

minimizing the cost of the retrofit. However, optimization results should improve with the testing of mul-

tiple MOO algorithms, as well as with the tuning of each algorithm’s hyperparameters. Additionally, an

optimization process that explores different objectives and metrics may be helpful in the communication

of results to the user.

The web app interface may improve with different communication strategies of both the input data,

model exploration, and optimum retrofit solutions: (1) segmenting input and data forms into different

sections; (2) assigning icons to inputs and features; (3) other interactive experiences such as interactive

tables and/or charts. Furthermore, the web application would benefit from users’ feedback, collaborative

design, and integration of other EU countries’ EPC databases. This would increase the scope and us-

ability of the app to a larger scale. In such cases, feature engineering techniques [204, 300] (particularly

undersampling [301]) can be researched to reduce the size of the database into a balanced set of build-

ings that is still representative of the required variables and domains. Such techniques are often used

to improve a predictive model’s performance when trained with an imbalanced database that presents

skewed distributions of features [302, 259]. However, these techniques can also reduce the number of

samples that need to be simulated, while still representing balanced and robust databases [303].

To conclude, the proposed innovative framework resulted in a SM developed with an Existing BID

capable of reducing the required inputs from 88 to 20 to accurately predict an EPC class and energy

use. Since no simulations are required for energy certification, this study’s goal was not to speed up

simulation times but to simplify and streamline the EPC process. Moreover, the model was implemented

into two web apps for different AOP at the building and urban scale, showcasing its portability. Both web

apps allow users to obtain valuable feedback regarding building retrofit needs at different scales with

much less complexity than when using energy certification calculation. Thus, this study responds to two

key factors that were identified in the research questions of this Thesis (Chapter 1, Section 1.3): AOP

complexity and portability.
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4.2 Optimization of Building retrofit and design using a Surro-

gate Model developed with a Synthetic Building Database

The operation of a large part of the building stock is still energy-intensive and a cause of anthropogenic

carbon emissions that actively contribute to climate change [1]. This motivates sustainable building

construction and retrofits in consolidated urban territories to meet the sustainable development goals set

by the current political agenda [3]. Particularly, to reduce the energy consumption of our building stock,

we need to assess its performance through Building Performance Simulation (BPS). However, these

typically require expertise and become slow when analyzing numerous buildings. These limitations

hinder the analysis of large urban areas that are critical to support the design and planning of cities,

and the city policy-making sector [5]. Current practices use Urban Building Energy Models (UBEM)

approaches to address this pressing issue [304]. However, these approaches still require a high level of

expertise and the process is still time-consuming, error-prone, and tiresome [305]. Additionally, multiple

tools are required to obtain a holistic analysis of a building’s performance. Thus, it is crucial to make

these approaches easier to use, faster, and portable.

To address these goals, this study proposes an approach that uses ADA [18] to create versatile surro-

gate models for urban analyses. Algorithmically modeled building archetypes are used as a BID, based

on city-wide building properties rather than context-specific data commonly used in UBEM surrogates.

This approach allows a broader use of SM for larger urban areas and mitigates the above-mentioned

limitations.

With AD it is possible to generate buildings through algorithms [19], and when combined with BPS

analysis one can automatically model and simulate thousands of design variations. Thus, this approach

uses ADA to generate and simulate multiple instances of parametric building archetypes, compiling them

into a synthetic database. With this BID, multiple Regression models are tested to develop a SM. This

model promptly predicts the performance of different urban settings depending on simple inputs such

as building geometry and constructions, and its accuracy and speed are worthy of comparison against

conventional UBEM approaches.

This study’s research methodology can be illustrated by Figure 4.10. Initially, the building AOP are

described. In this study, the developed SM is used to tackle one design and one urban rehabilitation

problem. The problems encompass energy performance simulated with Energy Plus [32], which is

integrated with the Khepri tool [18], to automate simulations and building designs. With this approach,

a Synthetic BID is developed to train a regression model capable of predicting a building’s energy use.

This model is then deployed in a web app for a single building design energy optimization and in a CAD

tool for urban rehabilitation.

4.2.1 Problem Description

This study aims to develop a Synthetic BID and use it to develop a SM capable of predicting a build-

ing’s Energy Use Intensity (EUI) in Lisbon, Portugal. The goals are to speed up simulation time, reduce
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Figure 4.10: Workflow diagram for Section 4.2

the level of expertise required to obtain results and make it less dependent on BPS tools. This model

was tested with two optimization problems. The first problem considers a Single-Objective Optimiza-

tion (SOO) to minimize a building’s EUI with the given building parameters (4.9). The second problem

considers a MOO problem for the rehabilitation of a building block of 21 buildings to minimize the to-

tal EUI (4.10), total retrofit cost (4.11), and buildings’ EUI standard deviation (4.12), to ensure some

homogeneity of performance among all buildings [11].

o1 = min(EUI) [kWhm−2] (4.9)
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o2 = min(

21∑︂
i=1

EUI) [kWhm−2] (4.10)

o3 = min(

21∑︂
i=1

Cost) [e] (4.11)

o4 = min(σ{EUI1, ...,EUI21})) [kWhm−2] (4.12)

For the SOO, a Genetic Algorithm was used to iterate along variables encompassing a building’s

geometric parameters included in the BID. For the MOO problem, the NSGA II was used to iterate along

each building’s retrofit variables. Thus, each building is represented as a variable with 4 options for its

corresponding construction period: (1) no retrofit, (2) wall retrofit, (3) roof retrofit, and (4) wall and roof

retrofit.

The MOO problem is tackled using two methods: (1) a BPS-based approach that fully simulates each

building block in each iteration, and (2) using the developed SM. To test the effectiveness of using this

surrogate approach, it is possible to compare it against a conventional one, regarding its execution time,

expertise required, and portability.

4.2.2 Building Information Database

The BID developed in this study is a Synthetic database that consists of multiple building energy simula-

tion results for combinations of different geometries and materials by construction periods. The geomet-

ric parameters considered are the number of floors nf , rectangular proportion p, orientation θ, glazing

ratio gr, and floor area A. For the construction period materials, a building’s period of construction de-

fined the materials for exterior walls, roofs, floors, windows, and the walls and roofs respective retrofit.

These materials were defined in Energy Plus according to each solution’s U-value [Wm−2 ◦C] (Table

4.12) [306]. Thus, the synthetic BID can be illustrated by Equation 4.13 and its domains, where n is the

number of samples in the database.

f

⎛⎜⎜⎜⎜⎝
⎡⎢⎢⎢⎢⎣
nf p θ gr A Cp

...
...

...
...

...
...

nfn pn θn grn An Cpn

⎤⎥⎥⎥⎥⎦
⎞⎟⎟⎟⎟⎠ =

⎡⎢⎢⎢⎢⎣
EUI

...

EUIm

⎤⎥⎥⎥⎥⎦ [kWhm−2]

nf ∈ [1...11], p ∈ [1...5], θ ∈ [0...π], gr ∈ [0.1...0.7],

A ∈ [50...800][m2], Cp ∈ {1, 2, 3, 4, 5, 6, 7, 8, 9, 10}

(4.13)

To generate the building archetypes, and their geometric variations, ADA was used to automate

the energy simulations, by describing the building domains and generating every possible design and

material combination among them. In this case, all the building archetypes are modeled to uniformly

divided parameter domains such as the number of floors (from 2 to 11, step size = 3), rectangular

proportion (from 1 to 5, step size = 2), orientation (from 0 to π radians, where 0 is East, step size = pi/4),
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Table 4.12: U-Value [Wm−2 ◦C] for construction materials according to building construction period.

Building
Age

Age ID Wall
U-Value
[Wm−2 ◦C]

Roof
U-Value
[Wm−2 ◦C]

Floor
U-Value
[Wm−2 ◦C]

Window
U-Value
[Wm−2 ◦C]

Wall
retrofit
U-value
[Wm−2 ◦C]

Roof
retrofit
U-value
[Wm−2 ◦C]

<1919 1 2.78 1.99 1.80 2.69 0.61 0.63
1919-
1945

2 2.78 1.99 1.80 2.69 0.61 0.63

1946-
1960

3 1.49 1.99 1.80 2.69 0.57 0.63

1961-
1970

4 1.08 1.99 3.03 2.69 0.49 0.63

1971-
1980

5 1.26 1.99 3.03 2.69 0.53 0.63

1981-
1990

6 0.50 1.99 3.03 2.69 0.32 0.63

1991-
1995

7 0.49 1.99 3.03 2.69 0.32 0.63

1996-
2000

8 0.46 1.99 2.31 2.69 0.29 0.63

2001-
2005

9 0.25 1.99 2.31 2.69 0.19 0.63

>2006 10 0.25 1.99 2.31 2.69 0.19 0.63

glazing ratio (from 0 to 0.7, step size = 0.35), and floor area (from 50 to 800 m2, step size = 75 m2).

This yielded a synthetic BID of ≈55000 simulated buildings.

The buildings are generated with an AD tool in Rhino [79] and Grasshopper [80], and simulated

with Ladybug Tools [100]. Examples of the building samples varying according to their parameters can

be seen in Figure 4.11. The sample is then attributed a solution material according to its construction

period, and simulated.

To better visualize the results, it is possible to plot them according to the parameters domains. Figure

4.12 shows the energy simulation result (z-axis) of the BID according to different parameters present in

the x- and y-axes. It is visible in the figure that most parameters have a polynomial relation with building

energy use. This motivates the integration of polynomial features of degree 3 in the database when

training Linear Regression (LR) models to obtain a better model fit and accuracy results for predictions

outside parameter domain boundaries.

To test the developed surrogate models, instead of splitting the database into a training and test set,

it was possible to obtain a building database in Lisbon containing data relative to 2193 residential build-

ings in Lisbon, Portugal (Figure 4.13). The available information for an urban area, including building

implantation polygon, construction periods, floors, area, glazing ratio, and typology, is imported. Sub-

sequently, automated simulations using EnergyPlus are conducted. Since this database represents the

case study for the proposed optimization problems, it was considered also as a test set for the surrogate

model performance evaluation in the next Subsection.
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Figure 4.11: Building Information Database (BID) sample examples for chosen geometrical features.

Figure 4.12: Building energy use according to the different parameters in the Building Information
Database (BID). Different layers represent different building construction periods.

4.2.3 Model Type

The prediction of annual EUI [kWhm−2] in a building is best represented with a regression problem. As

such, different supervised learning models were used from the Sci-kit learn packages [252]. Particularly,
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Figure 4.13: Building test set for the Surrogate Model. Lisbon, Portugal.

in this study the models Linear Regression (LR), Ridge (a variation of Linear Regression), Random

Forests (RF), and Extra Trees (ET) were trained using the developed BID.

After selecting the models, these are trained with the generated synthetic database, and their per-

formance results were compared. Table 4.13 shows a Root Mean Squared Error (RMSE) of ≈ 15

[kWhm−2] for the LR and Ridge models. Additionally, ensemble models such as RF and ET respec-

tively show ≈ 10 and ≈ 5 [kWhm−2]. The highest Coefficient of determination (R2) was obtained by the

ET model with 0.95.

Table 4.13: Mean Average Error (MAE), Root Mean Squared Error (RMSE), and Coefficient of determi-
nation (R2) for the select Surrogate Models (SM).

LR Ridge RF ET

MAE [kWhm−2] 15.85 15.79 -6.06 -2.21
RMSE [kWhm−2] 15.40 15.40 9.88 5.44
R2 score 0.64 0.64 0.85 0.95

It is possible to compare the errors for each predicted building sample of the tested models by visu-

alizing a distribution plot of the error that the developed SM presented in predicting the 2193 buildings

(Figure 4.14). From the figure, it is noticeable that the best-performing model according to error indi-

cators is the ET, which presented a smaller error distribution with a slight tendency to overestimate the

EUI. This happens since the MAE is negative. The RF model also shows similar errors within smaller

boundaries and with a similar overestimation of a building’s energy use.

4.2.4 Model Deployment

With the ET model showing an acceptable accuracy, the model can now be deployed and tested with the

proposed optimization problems. As seen in Subsection Problem Description, there are two proposed
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Figure 4.14: Distribution plot of prediction errors in kWhm−2 for the tested Surrogate Models (SM).

optimization problems: A SOO to minimize the EUI of a building design (Equation 4.9); and a MOO to

optimize the EUI, cost, and fairness of a retrofit (Equations 4.10, 4.11, 4.12). Thus, similar to Section

4.1, this Section is further subdivided by presenting the obtained optimization results and showcasing

the resulting interface with the final SM deployed.

Optimization Results

For the SOO problem to minimize o1, 5000 iterations were tested with the NSGAII algorithm. Figure

4.15 illustrates the obtained results for all the tested solutions with minimums of ≈25 and maximums of

≈128 [kWhm−2]. The best solution obtained was from construction period 3, but highly conditioned by

lower proportion and window ratios, as well as by larger areas. However, periods 6 and 7 (Table 4.12)

with insulation also provide less conditioned results of energy use. The best solutions generally show

bigger areas and smaller proportions, with an optimum orientation of 0 or pi radians (which represent the

same orientation) and a higher number of floors. Glazing ratios for a building in Lisbon show minimums

of 0.1. Thus, Keeping in mind these values, it is possible to extrapolate design heuristics for a building

in Lisbon, Portugal. Finally, by analyzing the chart, the boundaries for geometric parameters that may

condition the design are easily stretched by better construction solutions.

For the MOO problem, 800 iterations spread through 40 generations were tested with the NSGAII

algorithm to obtain minimum o2, o3, and o4 (Subsection Problem Description). Minimum EUI (Equation

4.10) aims to find the combination of retrofits that yield less energy use, while the minimum cost C

(Equation 4.11) aims to find the cheapest combinations of retrofits. Finally, the minimum energy uses

standard deviation σ (Equation 4.12 ensures fairness among the buildings that compose the block.

This problem was solved using a conventional simulation-based approach, where each iteration is

simulated, and with the developed SM. This helps compare the obtained results according to their sim-
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Figure 4.15: Single-Objective Optimization (SOO) results in a scatter plot for each variable by construc-
tion period for 5000 iterations with the NSGAII algorithm.

ilarity and execution time. The scatter plot in Figure 4.16 shows the existing trade-offs between the

different objectives. One easily seen is that solutions that are more homogeneous and have a smaller

energy consumption entail more expensive renovations. Additionally, it is visible that both solutions have

a high similarity in their objective results.

(a) Sample Building block for the Multi-Objective Optimization
(MOO) process.

(b) MOO results comparison between a simulation-based ap-
proach (blue) and with the developed SM (orange).

Figure 4.16: Moo problem building block (a) and obtained results (b).

To compare the execution time, Table 4.14 documents the computation time required to simulate

the 2193 buildings in the test set (Figure 4.13) and to predict their energy simulation results with the
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developed SM. Additionally, it shows the exponential gains obtained in computation time when tackling

a simple MOO problem with a simulation-based approach and with the proposed approach in this study.

Results show that it is possible to speed up an optimization process up to 85x using this developed SM,

which can accurately predict a simulation result for a building’s energy use in Lisbon, Portugal.

The optimization algorithms explored solutions between 62 kWhm−2 and 74 kWhm−2 for the annual

EUI, 5 kWhm−2 and 15 kWhm−2 for the standard deviation, and 1000 e and 3500 e for the mean cost

of retrofit per building.

Table 4.14: Comparison of the execution times for both optimization and a single simulation of the full
Lisbon test database (Figure 4.13).

elapsed time (seconds)
Dataset simulation Optimization

Surrogate model 0.08 791.99
Simulation 5820.00 67516.70

Interface

The developed SM was deployed in a web app 6 with Streamlit [245]. This interface allows users to

define their SOO problem variables according to their designs and to compute faster design parameter

optimization to minimize a building’s energy use. To start with, the interface opens a menu that allows

users to choose the design parameters that require optimization, define their boundary constraints, and

run the optimization with a specified number of iterations.

A user can choose the SOO optimization variables such as the number of floors nf , rectangular

proportion p, orientation θ, and floor area A (Figure 4.17a). Once the variables are chosen, the user can

set the selected variables’ respective domain, and the constant values required to run the developed

SM (Figure 4.17(b)). After finishing the problem settings, the user can select any number of iterations, a

desired number of optimum solutions, and a population size for the generations (Figure 4.17(c)). Finally,

results can be downloaded or visualized within the web app in a scatter plot (Figure 4.17(d)). For the

sample portrayed in the figure, results have shown reductions of 8% in the Energy Use Intensity (EUI)

of the building.

4.2.5 Discussion

The presented study results show high levels of accuracy for the simulation of the original case study

in Lisbon of 2193 residential buildings (Table 4.13). The model has shown a Root Mean Squared Error

(RMSE) of 5.44 kWh/m2, and a Coefficient of determination (R2) of 0.95, which explains the target

results variance. Additionally, the larger error values come from extrapolations that the prediction model

made outside the parameters’ domain (e.g., areas of 2000 m2 caused most of the outliers since the

maximum simulated area for all archetypes was 800 m2). It is possible to assert that the prediction
6https://goncalo-araujo-energy-plus-sim-app-app-energyplus-y83a4z.streamlit.app/
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(a) Specification of optimization variables. (b) Variable boundary selection and constant variables specifi-
cation

(c) Optimization parameters and run button. (d) Obtained results to download and visualize in a scatter plot.

Figure 4.17: Single-Objective Optimization (SOO) problem interface to find the best design and material
parameters of a building in Lisbon, Portugal.

is very accurate for buildings within the domain of the continuous parameters that are required by the

developed SM.

Besides evaluating the model’s accuracy, a MOO and Single-Objective Optimization (SOO) prob-

lems (Equations 4.9-4.12) were tackled with both the synthetic database SM and simulation-based ap-

proaches. Figure 4.16 shows high levels of spatial similarity among the objectives of both approaches

for the MOO, while Table 4.14 compares both processes by showing the elapsed time for the simulation

of the original case study in Lisbon, and for the proposed MOO problem. This table shows that the

SM largely outperforms the simulation approach and there are benefits obtained in increased energy

prediction speed and low error rates when compared with simulations. Furthermore, the model can be

easily integrated with interactive interfaces to allow even the less experienced users to perform simple

Analysis and Optimization Processes (AOP) (Figure 4.17).

One consideration should be that the computation time comparisons present in table 4.14, comprise
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only the end-user time to perform the simulation. Thus, it does not consider the time taken with the

Building Information Database (BID) to develop and train the model (Subsections Building Information

Database, and Model Type). Admittedly, it takes more time to build the SM than to perform a simulation,

but this time is quickly recovered when the model is used to support numerous AOP.

Nevertheless, this approach bears some limitations. The simulation of the building archetypes does

not account for shading and context geometry, which can hinder simulated and predicted results. Ad-

ditionally, a low number of retrofits were added as discrete parameters, with only one retrofit for each

wall and roof. When one must test multiple construction solutions, the SM could take many discrete

parameters, resulting in hundreds of thousands of buildings that needed to be modeled and simulated,

which could be highly time-consuming. Feature Engineering (FE) techniques such as Undersampling

can tackle this problem and reduce the number of samples that need to be generated by applying, for

example, a normal distribution to the combination of variables. Parallel Computation techniques [126]

can also be explored further to increase the number of objectives and discrete variables.

In conclusion, this study illustrates the proposed innovative framework for SM development with a

Synthetic BID. The model showed high accuracy and a speed-up factor of ≈ 100, compared with the

simulation time of all the buildings. Furthermore, the model was implemented with only six inputs and for

two optimization problems at different scales, showcasing its simplicity and portability. Thus, this case

study illustrates the proposed framework’s potential to tackle the identified research questions (Chapter

1, Section 1.3): Making AOP easier with less required inputs, faster with the model’s prediction speed,

and portable with its capacity to be deployed effortlessly for different problems and scales.
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4.3 Optimization of thermochromic glazing using a Surrogate

Model developed with an Iterative Building Database

To achieve Sustainable Development Goals (SDG) by reducing energy use and emissions, research

has been converging towards reducing building energy consumption and achieving Net-Zero buildings

[2]. Window glazing allows the transmission of natural light into the building interior, which positively

affects energy consumption by lowering the electric lighting needs. However, glazing is responsible for

significant heat exchanges that can harm the building’s thermal performance [307]. Thus, it is no sur-

prise that researchers have been studying methods to improve the performance and adaptation of the

building glazing systems. Smart glazing technologies have shown promising results in increasing ther-

mal comfort and reducing building energy consumption [308, 309]. Particularly, Thermochromic Glazing

(TCG) is a smart passive glazing solution that incorporates a coating of a thermochromic material in the

glazing system that changes its thermal and optical properties according to its surface temperature. This

is achieved through a thin-layered coating of Vanadium Oxide (VO2) placed between two glass panes

[309].

VO2 is generally the chosen material to produce TCG coatings because when it reaches a critical

transition temperature (T c), the material transitions from semi-conductor to metal according to a hys-

teresis process [310]. Alas, VO2 has a high T c of 68ºC, which is significantly higher than typical room

temperatures. To solve this issue, manufacturers can dope the thermochromic coating with other con-

stituents to alter the coating’s T c and glass solar and visible transmittance (τsol and τvis) values to obtain

suitable TCG properties that provide energy consumption benefits [308, 310, 309, 311]. However, cold

climates still struggle to provide the TCG chromic coating with the required temperature to transition.

Therefore, TCG systems are reported to present smaller improvements against traditional glazing sys-

tems in a cold climate than a TCG system in warmer climates [312, 313, 311, 314, 315]. Because of this

climatic amplitude, TCG requires different properties to yield the best performances. Other studies have

focused on the effect that TCG Tc, τsol and τvis, and hysteresis loops have on building energy needs

[58, 310, 311, 316, 317, 307]. Results show that a quick transition, meaning narrow and steep switching

temperature ranges, and lower T c generally represent bigger energy savings.

Most studies pointing out energy savings with TCG account for climatization and electric lighting

energy needs but report a decrease in the former with an increase in the latter. This means that despite

the thermal benefits provided by the TCG, its use harms daylighting performance [313, 315]. Thus,

lower transition temperatures that allow the glass to switch to darker states, can eventually offset the

improvements obtained in climatization energy needs with increasing electric lighting energy needs. This

trade-off means that when manufacturing and applying TCG, one must consider ideal T c, τsol, and τvis

values that improve thermal performance, without critically harming lighting performance for a specific

climate. Thus, finding the best TCG properties that provide the least energy consumption for both

electric lighting energy needs and climatization needs can be treated as Multi-Objective Optimization

(MOO) problem.
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This study integrates a SM with a MOO process of a TCG in an office room and compares it with

an off-the-market TCG system in two different climates. The objectives of this MOO process are to

minimize the office’s heating, cooling, and electric lighting energy needs. This process helped to quantify

the existing conflicts between different end-uses (electric lighting and climatization) of an office’s energy

needs regarding different TCG properties such as T c, the switching temperature range of τsol and τvis,

as well as their range of values. This can help manufacturers and clients select the best-performing

properties of TCG and guide its application to yield a minimum energy consumption.

The optimization of the energy use of an office can be performed with Building Performance Simu-

lation (BPS), particularly, in Energy Plus, one can set TCG layers in glazing materials by defining their

properties. This study’s process can be illustrated by Figure 4.18. Since a simulation of a building with

TCG is time-consuming, a Iterative Building Database is used to train the proposed SM. This database

is obtained by integrating an automated simulation-based optimization process with multiple metaheuris-

tics and a low number of iterations. This is done with the validated simulation software EnergyPlus [32]

integrated into a Python environment [101]. Afterward, the model is deployed in the Python Integrated

Development Environment (IDE) to solve the same MOO problem with the best-performing algorithm for

5000 iterations. The results illustrate the TCG optimum values for different climates.

This study’s innovation lies in optimizing the theoretical properties of a TCG for multiple objectives

and integrating a surrogate model that speeds up the whole process, removing simulations from the

equation. Consequently, this work can guide TCG manufacturers into achieving the best performance

for local climates, by altering the TCG’s properties. This in turn, contributes to the achievement of the

United Nations SDG 11 ”Sustainable Cities and Communities” and 13 ”Climate Action”, since it can help

mitigate energy poverty and decarbonize the building sector, contributing to more sustainable cities and

the mitigation of climate change.

4.3.1 Problem Description

This work is based on previous research by Teixeira et al. [315] and considers a pre-calibrated building

energy simulation model of an office room facing southeast in Copenhagen, Denmark, and the same

room in Lisbon, Portugal. Denmark is characterized by a cold climate, and Portugal by a warm Mediter-

ranean climate (Figure 4.19) [318]. The office has roughly 20 m2 of floor area and 10 m2 of window area.

The window is composed of a TCG assembly (12 mm), air gap (12 mm), and a Low-E coated glass (6

mm) (Figure 4.20). Table 4.15 describes the TCG solar-optical and thermal properties at different stages

of surface temperatures. It is visible that significant changes occur mostly in the τsol and τvis values,

ranging from 0.69 to 0.26 and 0.72 to 0.02 at 5ºC and 85ºC, respectively. It is visible that τvis shows a

higher decrease than τsol with the thermochromic transition.

For the simulation and analysis process, EnergyPlus [32] was coupled with Eppy [101], a scripting

language for Energy Plus files (IDF) in Python. With Eppy it is possible to automate specific changes

in the Energy Plus file fields and objects, run IDF files, and process results. An initial simulation was

performed with the standard TCG system to obtain the office’s total cooling, heating, and lighting elec-

tricity rate (W). The office room was modeled with an occupation of one person during work hours and
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Figure 4.18: Workflow diagram for Section 4.3.

weekdays. Additionally, the electric equipment considered comprises laptop and desktop units. The

zone sensors for Energy Plus were located at a desk position for one year, both for thermal and lighting

outputs. The electric lighting control, Heating, Ventilation, and Air Conditioning (HVAC) parameters, and

remaining simulation inputs are described accordingly in Table 4.16.

From the analysis of Table 4.15, it is possible to determine the MOO problem variables and objectives

with Equations 4.14 and 4.15 to represent minimum heating, cooling (HVAC), and lighting (L) energy

use. Transition temperatures are responsible for when the material gets darker, and transmittance can
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Figure 4.19: Top - Denmark (top) and Lisbon (bottom) yearly dry bulb temperature. Bottom - 3D model
of the office room used as a case study.

Figure 4.20: Thermochromic glazing layers.

Table 4.15: Thermochromic glazing properties simulated for each temperature state [315].

T [°C] 5 15 25 45 65 85

U [W/(m2K)] 1.6

τvis 0.72 0.69 0.63 0.36 0.11 0.02
ρvisF 0.07 0.07 0.06 0.05 0.04 0.04
ρvisB 0.07 0.07 0.06 0.05 0.04 0.04
τsol 0.69 0.67 0.64 0.50 0.34 0.26
ρsolF 0.06 0.06 0.06 0.05 0.05 0.05
ρsolB 0.06 0.06 0.06 0.05 0.05 0.05
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Table 4.16: Simulation inputs and outputs.

Values

Occupation 1 person weekdays from 9 to 6
Air changes/hour 1.0 h−1

Electric equipment
Desktop (155 W): from 9 to 6
Laptop (30 W): from 9 to 6

Artificial lighting Available during occupation (110 W)
Lighting control Set-point of 500 lux
HVAC set-points During occupation: 20-24 °C
SCOP/SEER 4.43/7.98
Simulation period 30 timesteps per hour, 1 year period
Outputs Total Cooling Rate [W], Total Heating Rate [W], Electric Lighting Rate [W]

affect how darker the TCG gets. Thus, the optimization variables must describe different states for the

properties of the Thermochromic Glazing (TCG). One where the TCG is clear which has high transmit-

tance Tsolmax. Other where the TCG is darkening throughout the hysteresis process with a minimum

temperature of transition Tmin, and Tmax with different values for transmittance between a Tsolmax and

a Tsolmin. Finally, the final state describes the TCG fully dark to its maximum for In Table 4.15, this is

visible at temperatures of 5 ◦C, where the TCG has a transmittance Tsol of 0.69, while at temperatures

of 85 ◦C this value drops to 0.26. Energy Plus then simulates this process according to the specified

climate weather files’ temperatures for a temperature T .

f1 (Tmin, Tmax, τsolmax, τsolmin) = min(HVAC) kWh/m2 (4.14)

f2 (Tmin, Tmax, τsolmax, τsolmin) = min(L) kWh/m2 (4.15)

4.3.2 Building Information Database

This study aims to understand and report how different TCG coating properties impact an office room’s

climatization and electric lighting energy needs. Thus, the main aim is to find the theoretical TCG

properties that provide the case study’s yearly minimum heating, cooling, and electric lighting energy

use (f1 in Equation 4.14 and f2 in Equation 4.15). To speed up the optimization process, a SM is

developed using an Iterative Building Database that leverages simulation-based optimization to compile

a Building Information Database (BID) consisting of the proposed MOO problem variables and respective

simulation results. This database can be described by Equation 4.16 for i simulation-based iterations of

the MOO.
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To explore the decision variables, a function that approximates τsol and τvis values for different TCG

surface temperatures is modeled (Equation 4.17). This is described according to the initial(Tmin) and

final (Tmax) temperatures of transition, and the respective minimum and maximum τsol that the TCG

system can reach. This describes a linear transmittance variation during the thermochromic phasing

[316]. Additionally, it comprises a static behavior when the glazing surface is below or over the temper-

ature thresholds for each state. With this function (Equation 4.17), it is possible to approximate multiple

variations of TCG systems with different properties.

τsol (T, Tmin, Tmax, τsolmax, τsolmin) =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
τsolmax if T ≤ Tmin

τsolmax − τsolmax−τsolmin

(Tmax−Tmin)
× (T − Tmin) if Tmin < T < Tmax

τsolmin if T ≥ Tmax

(4.17)

T ∈ {5, 15, 25, 45, 65, 85}, Tmin ∈ [0, 95], Tmax ∈ [0, 95], τmax ∈ [0.1, 0.9], τmin ∈ [0.1, 0.9]

For the simulation process, temperatures 5, 15, 25, 45, 65, and 85 ºC were considered for the TCG

optical data establishment. Thus, for the MOO process, Equation 4.17 was applied to calculate the

approximated τsol and τvis at the given temperatures. The decision variables are Tmin, Tmax, τsolmax,

and τsolmin, and they can vary from 0 to 95 ºC for Tmin and Tmax, and 0.1 to 0.9 for τsolmin and τsolmax.

For the τvis values, the same equation (Equation 4.17) was used by replacing τsolmin and τsolmax for

τvismin and τvismax, but with τvismin = 0 at all conditions.

Finally, the considered optimization constraints assure that Tmin is not larger than Tmax, and τsolmin

than τsolmax. Figure 4.21 illustrates Equation 4.17 variables and compares the previously simulated

TCG transmittance in Table 4.15 with the approximated TCG transmittance. Moreover, it describes

the transition temperature (T c) and transmittance variation (∆τsol) in a TCG system. Results for this

approximated TCG show errors of ≈ 0.05 kWhm−2and ≈ 0kWhm−2, for heating and cooling and electric

lighting energy use in Copenhagen’s office room; and ≈ 0.05 kWhm−2and ≈ 0.1 kWhm−2for Lisbon’s,

which shows minimum errors with the approximated values.

Since each Energy Plus TCG simulation is time-consuming (with high-resolution settings can take

up to a minute), to explore a vast solution space within these variables and constraints thousands of

simulations would have to be run, which would render the process highly time-consuming, or even un-

feasible. As such, this BID is developed by 500 iterations performed by four metaheuristics algorithms,

two from the evolutionary class of algorithms [319], and two from the particle swarm class [320]. Par-

ticularly, the NSGAII, NSGAIII [321], OMOPSO [143], and SMPSO [142] algorithms were applied to the
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Figure 4.21: τsol and τvis values of Thermochromic glazing at different temperatures for one simulation
(Left). Approximated τsol and τvis values for simulations for the optimization problem (Right).

studied optimization problem. To evaluate the optimization performance the algorithms’ non-dominated

solutions are calculated, which are solutions that cannot improve more in one objective, without harming

the other [147].

After a total of 2000 iterations, the results, and variables are compiled into a BID to train a Supervised

Learning algorithm [322] capable of building an accurate surrogate model [247, 23, 22, 24] to predict the

results for the given variables significantly faster than a simulation. With the surrogate model, thousands

of iterations can be performed, and optimal results are obtained at an incomparably lower computational

cost than with a conventional simulation-based optimization.

4.3.3 Model Type

For the SM development to predict the objective functions, Machine Learning (ML) techniques were

adopted to approximate f1 and f2 values (Equation 4.14 and Equation 4.15), which can be described

as regression problems. Particularly, the supervised learning algorithm Extra Trees Regressor [322, 293]

was used with SciKit-Learn package for Python [252] with an off-the-shelf computer desktop unit. A total

of 2000 iterations were performed with the different metaheuristics, each with 500 iterations in which the

tested solution variables described in Equation 4.17. The results are merged into a BID and split into a

training and test set respectively with 70% and 30% of the 2000 total samples.

To evaluate the surrogate model accuracy the test set’s coefficient of determination Coefficient of

determination (R2), Root Mean Squared Error (RMSE), and the elapsed time to predict the test set were

documented. An error distribution between predicted and simulated results of the test sample is plotted

to understand the confidence of predictions for both climates (Figure 4.22). From the error distribution

plot illustrated, it is visible that the regression model for Copenhagen’s climate had significantly smaller

errors than Lisbon’s climate, where errors were between -1 and 1 kWhm−2. However, all models have

shown acceptable accuracy with at least more than 150 instances predicted with an error of ≈ 0.

Table 4.17 shows similar results for both climates regarding the surrogate model accuracy. However,

Root Mean Squared Error (RMSE) results show slight deviance for both climates. It can be observed

that heating and cooling energy use has a Root Mean Squared Error (RMSE) of 0.19 and 0.05 kWhm−2

for Lisbon and Copenhagen respectively, while electric lighting energy use has a Root Mean Squared
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Figure 4.22: Error value distribution plot for the test sample in Copenhagen’s climate (Top), and Lisbon
(Bottom).

Error (RMSE) of 0.28 and 0.16 kWhm−2. This can be explained by the poorest performance of TCG

systems in cold climates. Since TCG systems have less impact in cold climates, the values of f1 and

f2 have smaller amplitudes. Thus, with similar performance levels, Root Mean Squared Error (RMSE)

values will be smaller for the cold climate. Finally, it is possible to state that the regression accuracy is

outstanding, and the accuracy loss with the SM predictions combined with the elapsed regression times

significantly outperforms the simulation approach. It is possible now to perform thousands of iterations

without the need to perform any simulation, with minimum errors.

Table 4.17: Regression model scores for both climates.

Lisbon Copenhagen

Objective f1 f2 f1 f2
r2 score 0.99 0.98 0.98 0.99
RMSE[kWh/m2] 0.19 0.28 0.05 0.16
Elapsed time [s] 0.2 0.2 0.2 0.2

4.3.4 Model Deployment

BPS results for the original TCG show hourly heating and cooling rates, and the different climatization

(H) energy use for these different climates are illustrated in Figure 4.23. This energy use is calculated by

considering the office’s equipment energy needs affected by the SCOP/SEER of 4.43/7.98 respectively,

as described in [315]. Copenhagen’s office hourly rates of HVAC hit maximums of 500 W, particularly

during winter. Whereas in Lisbon hourly rates for HVAC reach maximums of 300 W during summer.

Additionally, electric lighting rates for Copenhagen are superior to those for Lisbon. Finally, the office

room in Copenhagen requires a yearly total of 14.45 kWhm−2for HVAC, 3.90 kWhm−2for L, and a

total of 18.40kWhm−2. Whereas Lisbon respectively requires 9.70kWhm−2, 3kWhm−2, and a total of

12.7kWhm−2.

For the final optimization, the proposed SM was integrated with the MOO problem defined in Subsec-

tion Problem Description, Equations 4.14 and 4.15. The optimization objectives were to minimize both

electric lighting energy use L and heating and cooling energy use HVAC. To do that, 10000 iterations of

different TCG properties were performed with the NSGAII algorithm for each climate.
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Figure 4.23: Hourly heating and cooling, and Electric lighting Rate for Copenhagen (left) and Lisbon
(right).

Figure 4.24 shows the plot with all the tested solutions according to the results of each objective

on the x-axis (electric lighting energy use) and y-axis (HVAC), and the sum of the two objectives (total

energy use) on the z-axis. By looking at the graphs of both climates, a clear conflict among objectives for

different TCG properties is visible. It is noticed that minimum HVAC both in Lisbon and Copenhagen’s

climate correspond to maximum L values. Therefore, it is possible to conclude that modeling TCG

production for a single objective, such as heating and cooling energy use, does not necessarily represent

the optimal TCG solution that will save the most energy. Furthermore, it is visible that the absolute

minimum value for the total energy use of the office room is represented by a balanced performance

regarding HVAC and L. When comparing both climates’ results, it was noticeable that there is a higher

amplitude of total energy use values for the Lisbon climate than for Copenhagen’s ranging between from

11 to 16 kWhm−2and 17 to 18 kWhm−2respectively.

Figure 4.24: Tested solutions with NSGAII for Copenhagen (left) and Lisbon (right). Results for each
objective (x- and y-axis) and the sum of both objectives (z-axis).

From these results, the TCG solutions that yielded the minimum values for f1, f2, and their sum

were selected and compared with the original TCG system (Figure 4.25). It is visible that Copenhagen’s
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climate TCG optimization yielded almost no significant results when compared to the original, with im-

provements of ≈ 7% of the total energy use for the TCG with minimum f1 + f2, f1, and f2. Results

are noticeably different for the Lisbon climate since the TCG optimization shows more sensitivity to the

optimization goals. For the minimum f1 + f2, the optimum TCG solution obtained improvements of ≈
15% against the original system with 10kWhm−2. Moreover, the highest total energy use is represented

by the TCG optimized for f1 which causes a significant increase of 200% (from 3 to 9kWhm−2) in the

electric lighting energy use of the office. Finally, the optimum TCG for minimum f2 yields a total energy

use of 13.9 kWhm−2 from which ≈ 90% was for HVAC.

Figure 4.25: Office energy use for the Optimum thermochromic glazing of the proposed goals. Compar-
ison with the original in Copenhagen (left) and Lisbon climate (right).

To better understand the TCG properties variation for these objectives results, the Pareto front with

non-dominated solutions was illustrated according to their T c in a heatmap from 0 to 80 ºC, and accord-

ing to their ∆τsol illustrated in the size of the plot markers (Figure 4.26). This figure shows that for the

cold climate of Copenhagen, lower T c values provide smaller thermal energy use, while higher T c values

represent minimum lighting energy use since the TCG is switching to a darker reflective state at higher

temperatures. Additionally, minimum total energy consumption occurs for TCG systems with small T c

values but not the smallest. Finally, it can be noticed that all optimal TCG systems for Copenhagen have

high ∆τsol.

For the climate of Lisbon, more results are worth emphasizing. Not only do the total energy con-

sumption values have higher amplitude, but also the inherent trade-offs between thermal and lighting

energy use according to different glazing systems are significantly more visible. Particularly, it is visible

that higher T c and ∆τsol values for TCG solutions provide minimum lighting energy use but maximum

thermal energy use, while lower T c and ∆τsol values provide minimum thermal energy use but maximum

lighting energy use. As seen, both these heuristics do not represent minimum total energy consump-

tion. For Lisbon’s case, it is observed that minimum total energy use is represented by solutions with

balanced values for both T c and ∆τsol.

To take an individual look at some TCG optimal solutions,one with the minimum HVAC, L, and

total energy consumption for both climates were selected and plotted for their respective τsol and τvis

according to their surface temperature (Figure 4.27). Figure 4.27A, B, and C illustrate the three optimal
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Figure 4.26: Pareto front plot of non-dominated solutions of the optimization problem for Copenhagen
(left) and Lisbon climate (right). Results are mapped according to their T c and ∆τsol values in color and
size, respectively.

solutions for the climate of Copenhagen, and D, E, and F for the climate of Lisbon. Figure 4.27D shows

the solution that provides the office room in Lisbon’s climate with minimum heating and cooling energy

use. It is visible that both the τsol and τvis have extremely low values at all temperatures. This indicates

that the TCG would provide the minimum thermal energy use, but electric lighting dependence would

increase for the office users to have the required 500 lux for their activities. Figure 4.27E shows the

solution that provides the minimum total energy consumption. It is visible that the minimum energy use

is provided by a τsolmax and τvismax of ≈ 0.6 that transition to ≈ 0.3, and 0 from ≈ 25 to ≈ 65 ºC. These

values grant the optimal balance between thermal and lighting energy use that provides the minimum

total energy consumption. Figure 4.27F shows the solution that yields minimum lighting energy use. In

this plot, it is noticed that the initial temperature of transition is ≈ 45 ºC, which is significantly higher than

Figure 4.27D or Figure 4.27E. The final transition temperature of ≈ 90 ºC, and τsolmax and τvismax are

higher than D or E since higher τsol and τvis values increase daylighting gains.

These trade-offs are marginally less perceptible in cold climates, but they are still present. Figure

4.27A shows the optimal solution that yields minimum heating and cooling energy use for Copenhagen’s

climate. This solution shows initial and final transition temperatures of ≈ 15 ºC and ≈ 45ºC respectively.

Additionally, τsol and τvis values range from ≈ 0.9 to ≈ 0.2, and from ≈ 0.9 to 0, respectively. Figure

4.27B shows the solution that returns the minimum total energy consumption. It is visible that it has

the same temperature ranges as Figure 4.27A, but its τsol and τvis values range from ≈ 0.9 to ≈ 0.3,

and from ≈ 0.9 to ≈0 respectively. Finally, Figure 4.27C represents the optimal solution that returns the

minimum L. It is visible that Figure 4.27C has a slope similar to Figure 4.27F but a lower initial transition

temperature of ≈ 15 ºC (same as A and B), and a final transition temperature of ≈ 82ºC. τsol and τvis

ranges are similar to plots D and E except for the final τsol value of ≈ 0.35.

As seen, T c values and steeper τsol variations do not represent a smaller energy consumption for

both climates. Particularly for cold climates, a Tmin, Tmax, τsolmin, and τsolmax values of 15 ºC, 45ºC,
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Figure 4.27: Thermochromic glazing properties for each optimal solution in both climates. Copenhagen:
A) minimum heating and cooling needs, B) Minimum total energy needs, C) Minimum lighting needs;
Lisbon: D, E, F, respectively.

0.9, and 0.2 respectively, yield the minimum total energy use. Whereas for warm climates, the minimum

total energy use is obtained with a Tmin, Tmax, τsolmin, and τsolmax values of 25ºC, 65ºC, 0.6, and 0.23
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respectively.

4.3.5 Discussion

The added value of this study lies in (1) the MOO approach of the TCG and (2) the use of SM to speed

up the simulation, making it easier, and more portable.

For (1), TCG properties studied at this extension represent advances in the literature. As an exam-

ple, Saeli et al. [311] test 4 TCG solutions with different sizes and properties for 8 climates. Results

show a better energy performance in warmer climates with lower Tc (38.5 ºC). [317] performed a para-

metric sensitivity analysis to find the best TCG properties. The authors perform a parametric study of

4 different Tc values and 4 different hysteresis widths in 3 different climates. Results show the best en-

ergy performance in warmer climates for a TCG with low Tc (35 ºC) and a narrow switching temperature

range.

The present study goes one step further since it explores thousands of possible properties for the-

oretical TCG with the MOO approach. In agreement with the previous findings, results show a better

energy performance for warmer climates. However, not also the optimum Tc (45 ºC) value was slightly

higher, but also the switching temperature range was wider than previous findings. This can be explained

by the vast theoretical properties explored with the MOO approach. This identified solutions with slightly

lower τ that gradually switched to darker states. Thus, it did not activate the 500 lux lighting set-point as

fast and contributed to savings in lighting energy without compromising thermal comfort.

For (2), the use of the SM to predict the energy performance of theoretical TCG properties made

it possible to considerably speed up the simulation times. Therefore, the optimization algorithms were

able to converge to optimum solutions requiring significantly less computational time. Additionally, the

reduction of required features to predict the proposed objectives makes it easier to perform and report

additional Analysis and Optimization Processes (AOP).

Overall, the obtained results show that TCG optimal solutions have different properties for different

climates and could benefit from benchmarking these different performances to help manufacturers tailor

the TCG for local climates. The observed increase of 200 % in the electric lighting energy needs could

be explained by the optimum theoretical TCG for f1 consisting of a significantly low τsol and τvis that is

constantly darkened, thus contributing to significantly higher lighting energy needs.

The following limitations could have influenced the obtained results in Subsection Model Deployment

as well as constrain the conclusions drawn: climates studied; geometry and location of the case study;

and all simulation inputs included in Table 4.16. Additionally, the indoor daylighting illuminance was

calculated with Energyplus [323] that uses the split-flux method [53], which is suitable to assess rooms

with a cubical shape and no internal partitions such as the case of the office room in this study. This

method is used during the simulation to control the electric lighting by estimating the illuminance levels

at a single reference point. Other advanced simulation methods (e.g., Radiance) should be used to

perform a more detailed spatial daylighting analysis.

In summary, this study illustrates the proposed innovative framework for SM development with an

Iterative BID. The resulting model required only four inputs and managed to speed up the energy sim-
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ulation from 30 to 0.08 seconds. The model was implemented in an optimization problem that found

the inherent trade-offs between the optimization objectives and successfully found an optimum solution

for two multiple climates. This case study shows how the proposed framework tackles the identified

research questions (Chapter 1, Section 1.3) for more complex AOP by considerably reducing the simu-

lation speed and complexity of the AOP.
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4.4 Optimization of a residential block using a Surrogate Model

developed with an Iterative Building Database

To obtain information regarding the building stock and define strategies to improve it, Building Perfor-

mance Simulation (BPS) tools can help users to predict building design and rehabilitation impacts in

multiple aspects of a building’s performance [324]. BPS tools predict these results through models de-

scribed by specific inputs that yield the desired outputs. With these simulations, it is possible to integrate

Analysis and Optimization Processes (AOP) into building design, planning, and rehabilitation processes

[122].

Unfortunately, the use of BPS tools with AOP is still out of reach for most practitioners and presents

several limitations. AOP typically entail multiple objectives, which are often conflicting [122]. Additionally,

most building performance indicators are outputs of BPS or extensive calculations performed by field

experts [16, 24]. Because of this, optimization problems that are focused outside the practitioner’s realm

of knowledge are usually treated as MOO problems with derivative-free functions [122, 125, 325, 138].

Metaheuristics, a class of optimization algorithms, have been widely used in the field of optimization for

the built environment with positive results.

These algorithms guide the search based on biological heuristics such as evolutionary ones and

swarms of different kinds, among others [137, 326, 321, 142]. Furthermore, Wolpert and Macready

[145] state with the ”No Free Lunch” theorem that no algorithm outperforms all others for all problems.

This means that one has to either know from experience which algorithms yield better performance for

each optimization problem or test multiple metaheuristics to find the best one [327]. Moreover, these

algorithms have variables that define how they search for the optimal space, called hyperparameters.

These need to be fine-tuned to provide optimum results [218]. To fine-tune optimization algorithms, one

must optimize the combination of hyperparameters that yield the best indicators of their performance.

The most commonly used evaluation metric for multi-objective optimization algorithms is the Hypervol-

ume (H) [149, 150, 148].

With this in mind, this study documents the development of a Surrogate Models (SM) to solve a

Multi-Objective Optimization (MOO) problem that requires time-consuming BPS for its objectives. The

developed SM can not only speed up simulation times by predicting the BPS results much faster, but

also reduce the number of parameters and settings required to perform a simulation. the MOO problem

consists of finding the best combination of construction materials for the energy-efficient construction of

a mixed-use building block with 6 buildings in Lisbon, Portugal.

This study’s workflow is illustrated in Figure 4.28. Initially, an iterative Building Information Database

(BID) is developed with Eppy [101] and Energy Plus [32]: This approach is used since a detailed energy

simulation of 6 buildings can be time-consuming, and because the model’s final deployment consists

of a specific optimization problem. After the Building Information Database (BID) development, the SM

parameters are fine-tuned with an Single-Objective Optimization (SOO) to maximize the model’s Coef-

ficient of determination (R2). Finally, the model is deployed to optimize optimization algorithms hyper-
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parameters, test different algorithms, and solve the MOO problem with the best performing optimization

algorithm.

The BID development and MOO problem are set by describing the optimization objectives and de-

cision variables (Subsection Problem Description). The objectives comprise the minimum total energy

use of the block, minimum construction costs, and minimum standard deviation of energy needs among

the buildings that compose the block. The variables are described by each building’s construction ma-

terials for walls, floors, roofs, and windows. Afterward, in Subsection Building Information Database,

a small simulation-based optimization is performed with different algorithms to compile the SM training

database. This database is used in Subsection Model Type to train a Artifical Neural Networks (ANN)

with the Keras and TensorFlow packages [210], capable of predicting the total energy use of the 6

buildings and their standard deviation.

In the Model Tuning Subsection, both the ANN layers’ nodes and the optimization algorithms’ hy-

perparameters, are optimized with a Bayesian optimization. Finally, the optimized ANN is deployed

with the optimized optimization algorithm to generate thousands of iterations in the Model Deployment

Subsection. Results are discussed and compared in the Discussion Subsection.

The BID development and MOO problem are set by describing the optimization objectives and de-

cision variables (See Problem Description). The objectives comprise the minimum total energy use of

the block, minimum construction costs, and minimum standard deviation of energy needs among the

buildings that compose the block. The variables are described by each building’s construction materi-

als for walls, floors, roofs, and windows. Afterward, in the Building Information Database Subsection,

a small simulation-based optimization is performed with different algorithms to compile the SM train-

ing database. This database is used in the Model Type Subsection to train a Artifical Neural Networks

(ANN) with the Keras and TensorFlow packages [210], capable of predicting the total energy use of the

6 buildings and their standard deviation.

Finally, in the Model Tuning Subsection, both the ANN layers’ nodes and the optimization algorithms’

hyperparameters, are optimized with a Bayesian optimization. The optimized ANN is deployed with the

improved optimization algorithm to generate thousands of iterations in the Model Deployment Subsec-

tion. Results are then discussed and compared in the Discussion Subsection.

4.4.1 Problem Description

The proposed MOO problem is to find the best combination of constructions for each building’s surface

type that minimizes the construction cost and total energy use, and maximizes fairness of performance

among buildings. The case study comprises a standard midrise apartment building program from La-

dybugTools for building operation, usage, and schedules [100]. This program is applied to a geometric

model of 6 buildings in Lisbon, Portugal, illustrated in Figure 4.29. LadybugTools integrates the Rhino3D

tool with EnergyPlus by translating geometrical representations and weather files into a file folder and

format that is readable by EnergyPlus. In this case study, a simulation of each building’s total heating

and cooling energy (J) is performed with an ideal air load system for one year with residential occupa-

tion schedules (Table 4.18). The resulting Energy Plus file can then be used with Eppy to iterate over
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Figure 4.28: Workflow diagram for Section 4.4.

construction materials and simulate its results.

Each building can have one out of three different constructions for each surface type: exterior walls,

interior floors, roofs, and windows. Thus, the optimization problem comprises the walls, roofs, floors, and

windows of 6 buildings, with a total of 24 variables with 3 possible constructions each (Tables 4.19 and

4.20). The opaque materials’ properties are represented from their outermost layer to their innermost,

and the window materials are defined using a simple glazing system definition with the window U-value,

solar (τsol), and visible transmittance (τvis).
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Figure 4.29: A 3D model and plan of a 6-building urban complex.

Table 4.18: Simulation setting values for the proposed case study.

Simulation Setting Value

Period 1 year
Timestep 1 timestep per hour
Program and schedules Midrise apartment
Window-to-wall ratio 0.2

Outputs
Zone Ideal Load Supply Air Total Heating Energy
(J)
Zone Ideal Load Supply Air Total Cooling Energy
(J)

The optimization variables and goals are described in Equations (4.18) to (4.21). En (Equation

(4.18)) represents the total energy use of building n, f1 (Equation (4.19)) is the total energy use of all

buildings, f2 (Equation (4.20) is the standard deviation of the building sample, and f3 (4.21) is the total

cost of construction. The MOO problem objectives are to minimize these functions to guarantee the

minimum total energy use (f1), the best fairness of performance among buildings (f2), and minimum

costs (f3).

En(x0, ..., xn×4) = Heatingn + Coolingn [kWhm−2] (4.18)

f1 (x0, ..., xn×4) =
∑︂

En (x0, ..., xn×4) [kWhm−2] (4.19)

f2 (x0, ..., xn×4) = σ(En(x0, ..., xn×4)) [kWhm−2] (4.20)

f3 (x0, ..., xn×4) = Cost(x0, ..., xn×4) [e] (4.21)

x ∈ {0, 1, 2} −Number of construction types

n = Number of buildings
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4.4.2 Building Information Database

The BID approach used in this study consists of a Iterative Building Database. As such, the SM pre-

dicts the objectives of a previously established MOO problem. Equation 4.22 illustrates the developed

database. The training features are defined by each building’s walls, floors, roof, and windows construc-

tion types (Table 4.19 and 4.20). As such, each set of 4 variables x represents each building materials

that compose the different construction types. This process repeats n times for the number of buildings

encompassed by this study, which is 6. Thus, the final BID has 24 training features, each with three

possible categorical values.

f

⎛⎜⎜⎜⎜⎝
⎡⎢⎢⎢⎢⎣
x0 . . . xn×4

...
. . .

...

x0i . . . xn×4i

⎤⎥⎥⎥⎥⎦
⎞⎟⎟⎟⎟⎠ = min

⎛⎜⎜⎜⎜⎝
⎡⎢⎢⎢⎢⎣
f1 f2
...

...

f1i f2i

⎤⎥⎥⎥⎥⎦
⎞⎟⎟⎟⎟⎠ (4.22)

The target features of this BID correspond to the objectives that require the use of BPS. Since the

cost of construction can easily be calculated without any time-consuming process, the only objectives re-

quiring a SM prediction are f1 and f2 (Equations 4.19 and 4.20). The optimization process is automated

to simulate and compile the results into the database. The optimization algorithm chosen to explore the

initial solution space was the NSGAII, which performed 1000 iterations spread through population sizes

of 100. The resulting database is then split between model training and test sets at a 0.7/0.3 ratio.

4.4.3 Model Type

Once the BID is compiled, it is possible to develop the SM. In this study, the chosen model was a

sequential ANN with 1 dense layer, 4 convolutional layers, and 1 dense output layer. For the initial SM,

arbitrary values can be set for each layer’s filters (number of nodes). The first dense layer contained 25

filters, while the convolutional layers were set with 50 filters. The final layer contains only 1 filter for the

desired output. The ANN filters and kernel sizes are described in Table 4.21.

The resulting SM presented an Coefficient of determination (R2) of 0.84 and a Root Mean Squared

Error (RMSE) of 1.11 kWhm−2 for the prediction of the total energy needs f1. For the prediction of the

standard deviation objective f2, the model presented an R2 of 0.69 and a RMSE of 0.03 [kWhm−2].

Figure 4.30 illustrates the error density in the test set for the prediction of both objectives. From these

results, it is visible that the prediction accuracy of the models can be enhanced. In the Model Tuning

Subsection, the developed ANN is optimized using hyperparameter optimization to find the best combi-

nation of filters per layer that yields maximum R2.

4.4.4 Model Tuning

In this Subsection, both the SM and the optimization algorithms are optimized to yield the best prediction

accuracy and results. Initially, the ANN’s filters are optimized with a Bayesian Optimization to find the

best combination of filters that provide the best R2 [262, 220]. Afterward, the optimization algorithms and
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(a) Error histogram (in kWhm−2) of initial Artifical Neural Net-
works (ANN) predictions for total energy needs (Equation 4.19)
among buildings.

(b) Error histogram (in kWhm−2) of initial Artifical Neural Net-
works (ANN) predictions for Standard deviation of energy needs
among buildings (Equation 4.20).

Figure 4.30: Initial error histograms for the developed models.

their hyperparameters are optimized to find the best H. In the next sections, the optimization results are

showcased for both processes. Finally, the most suitable SM and optimization algorithm are selected for

the model deployment stage.

Surrogate Model Hyperparameters

To optimize the layers’ filters (number of nodes), the optimization process aimed to maximize the ANN

R2 between the test set simulation results and the model predictions (Equation (4.23)). Finally, this

process was employed to train two ANN models capable of predicting f1 and f2 (Equations (4.19) and

(4.20)), with an early stopping callback to avoid over-fitting. The optimized structure’s final R2 score and

Root Mean Squared Error (RMSE) are documented in Tables 4.22 and 4.23. The SM obtained an R2

score of 0.96 and 0.97, and an RMSE of 0.54 and 0.01 [kWhm−2], for f1 and f2, respectively.

f4 (i0, ..., in) = R2 (test, predictions) (4.23)

i ∈ [6 .. 300] −Number of filters

n = Number of layers

Optimization algorithms’ hyperparameters

With the optimized ANN, it is now possible to use it to optimize multiple optimization algorithms and test

their performance at the specified problem. The multiple metaheuristics selected in this study are pre-

sented along with their hyperparameters that were considered for the optimization problem. The problem

is described, and the results are documented. Finally, the final optimization algorithm with optimal hyper-

parameters is selected for model deployment. The algorithms NSGAII and Indicator-Based Evolutionary

Algorithm (IBEA) were selected from the evolutionary class, while SMPSO [142] and OMOPSO [328]
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were selected from the particle swarm class. All algorithms run for 500 iterations to aim for the best

combination of hyperparameters that yield the best optimization performance. Table 4.24 documents

each algorithm’s considered hyperparameters and their specified range.

To evaluate an optimization algorithm’s performance for a MOO, it is required to evaluate the non-

dominated solutions found by the algorithm. These solutions are considered optimal since they cannot

improve more within one objective, without harming the others. In this study, the non-dominated solu-

tions actually represent the implicit trade-offs between the cost of construction, energy use of a set of

buildings, and their fairness (Equations (4.19) to (4.21)). Thus, considering these objective domains, the

most suitable optimization algorithm is one that explores the largest solution space. This is measured

with the H metric [148, 149, 150]. In this case, the Hypervolume (H) is calculated using the boundary

domains represented by the highest and lowest possible values for the minimum total energy use (f1),

standard deviation (f2), and costs of construction (f3).

The fine-tuning of the algorithms’ hyperparameters can be described as a single objective optimiza-

tion problem to find the combination of parameters that yields the maximum H in fNSGAII, fIBEA, fSMPSO,

and fOMOPSO (Equations (4.24) to (4.27)). Thus, a Bayesian optimization with 100 iterations is integrated

to find the best combination of hyperparameters for each algorithm’s settings running for 500 iterations.

fNSGAII (Ps, S, Pm) = H(f1, f2, f3) (4.24)

fIBEA (Ps, S, Pm) = H(f1, f2, f3) (4.25)

fSMPSO (Ss, Ls i, S, Pm) = H(f1, f2, f3) (4.26)

fOMOPSO (Ss, Ls i, S, Pm, ε) = H(f1, f2, f3) (4.27)

H −H;

Boundaries for !ht calculation :

f1 ∈ [30, 60] − kWhm−2

f2 ∈ [0.25, 0.50] kWhm−2

f3 ∈ [400000, 900000]− e

After the Bayesian Optimization, the best hyperparameters are found, and the algorithms’ non-

dominated solutions are calculated and illustrated according to each objective. Afterward, the optimized

algorithms’ Hs are compared and the most suitable algorithm is selected for deployment.

The solution space explored by each algorithm is illustrated in Figure 4.31. It is visible that the

algorithms obtained different results for the exploration of the objective space. Particle swarms explored

a wider range of values, while IBEA focused more on one area of the solution space. NSGAII explored

an acceptable area but failed to find solutions with higher total energy use (f1, Equation (4.19)), a lower

standard deviation (f2, Equation (4.20)), and lower construction costs (f3, Equation (4.21)), in contrast

to the particle swarm algorithms. In total, the algorithms explored a solution space with values of f1

between ≈45 and ≈55kWhm−2, f2 between ≈0.30 and ≈0.40kWhm−2, and f3 between ≈400,000 and
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≈600,000 C.

Figure 4.31: Plotted non-dominated solutions of optimized metaheuristics.

Table 4.25 documents the algorithms’ Hypervolume (H) for the optimum values of their hyperparam-

eters. The IBEA algorithm (fIBEA, Equation (4.25)) obtained the best H with 0.54, followed by NSGAII,

with 0.53 (fNSGAII , Equation (4.24)), and SMPSO and OMOPSO, with 0.52 (fSMPSO and fOMOPSO

Equations (4.26) and (4.27)). Additionally, it is visible in Figure 4.31 that the IBEA algorithm obtained the

highest H because it focused on a specific area that maximized this metric, rather than exploring a wide

solution space. Thus, IBEA successfully found better non-dominated solutions but ultimately failed in

the exploration of the solution space of the buildings’ inherent trade-offs. For these reasons, the NSGAII

algorithm, which obtained the second highest H and explored a balanced solution space, was chosen to

perform the final optimization.

4.4.5 Model Deployment

Once the model and the optimization algorithms are tuned, the Analysis and Optimization Processes

(AOP) can now be deployed and solved. This is done in the Jupyter notebook Integrated Development

Environment (IDE) [241]. The selected algorithm (NSGAII) performs a run of 10,000 iterations. Results

show a H of 0.60, which is significantly larger when compared with the values obtained for the 500

iterations in Table 4.24. Additionally, Figure 4.32 shows that the algorithm explored values between
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≈40 and 60kWhm−2, ≈0.2 and 0.5kWhm−2, and ≈400,000 and 900,000 C. The trade-offs between

the objectives are fairly noticeable in the Figure, showing that higher costs (f3) translate into better

construction quality and less energy use (f1). Conversely, lower construction costs show higher energy

use and lower standard deviation (f2), which implies that in this case, less fair solutions are obtained

when the average f1 value of the buildings decreases.

By analyzing the results, it is possible to find the best fitting solution with a minimum of f1 and f2 if

a fixed budget for the construction is specified. Finally, Figure 4.32 shows how a solution with the most

expensive construction for all surfaces is not necessarily the best solution, with the algorithm finding a

significant number of cheaper solutions with lower f1 and f2. This solution enables savings of up to 22%

(200,000 C) on the total cost of construction while maintaining the same performance (f1) and fairness

among buildings (f2).
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Figure 4. NSGAII non-dominated solutions for 10000 iterations - The most expensive solution is
represented in red.

cost while maintaining acceptable energy performance. In the future, an extensive compari- 252

son of optimization algorithms for different aspects of building performance can provide a 253

comprehensive foundation regarding the algorithms’ performance for different building 254

performance optimization problems. 255

4. Conclusions 256

Most building and urban optimization problems typically have objectives that are 257

outputs of analysis and simulation tools. These tools are prone to errors, take significant 258

time to yield results,Rev. 2
Com. 1

and lack model portability among tools (different building models 259

must be developed for each tool). Because of this, it is often unfeasible to perform a correct 260

optimization process. This work integrates a surrogate model approach in the optimization 261

structure that allows us to perform a standard pipeline of activities for the optimization of 262

a time-consuming function in an acceptable time frame. This approach is illustrated with 263

an optimization of a 6-building residential complex in Lisbon, Portugal. 264

The optimization problem is described as the best combination of construction ma- 265

terials that yield the minimum annual total energy use, construction cost, and standard 266

deviation (to guarantee the fairness of performance among buildings). Four different 267

optimization algorithms were compared and the NSGAII was selected to perform the 268

optimization. Results of this case study show that adjusting building materials with this 269

approach can result in savings of up to 22% in the construction cost while showing min- 270

imum energy use and standard deviation. The processes required for the optimization 271

are integrated with a surrogate model developed with a Convolutional Neural Network 272

with R2 scores of ≈ 0.96 in the prediction of simulation results, and 100 times faster than a 273

simulation. 274

Surrogate models are efficient in not only reducing the time it takes for simulations 275

to run but also in reducing the number of input features required to obtain results.Rev. 2
Com. 1

Addi- 276

tionally, they are portable and can be deployed easily within a single platform. In spite of 277

Figure 4.32: NSGAII non-dominated solutions for 10,000 iterations — the most expensive solution is
represented in red.

4.4.6 Discussion

The use of a SM to estimate building energy use is significantly faster than using Building Performance

Simulation (BPS). This increase in speed enables the application of suitable Analysis and Optimization

Processes (AOP) that could otherwise take days,or months to complete with a high computational cost.

Additionally, SM can be deployed in multiple platforms (e.g., web applications, programming environ-

ments, mobile applications, among others), and because they require a smaller number of inputs than

simulations, they reduce the problem complexity and provide a more accessible analysis to users at

any expertise level. In this case, an Iterative Building Information Database (BID) was used where the
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solutions tested by the optimization algorithm performed with BPS are used to train an Artifical Neural

Networks (ANN). This model was used to optimize 4 different optimization algorithms, and deploy the

most suitable for the specified problem.

The comparison of the optimization algorithms shows that, for this particular BPO problem, different

algorithms explored different solution spaces. These can be more or less suitable for the practitioner’s

decision-making goals. Additionally, they show that the algorithm with the highest H obtained the best

solutions, but did not explore the desired solution space. In particular, the PSO algorithms excelled

in exploring a wide solution space, the IBEA algorithm obtained the highest H and best solution, and

NSGAII showed an even balance between the H and solution space.

The comparison of the four MOO algorithms’ H (Table 4.25) and solution spaces (Figure 4.31) pro-

vided a confident selection of the most suitable algorithm for the proposed optimization problem of

minimizing the cost of construction of a 6-building block, the average energy use of the buildings, and

maximizing the fairness of performance among the buildings. The obtained results show savings up to

22% of the total construction cost while maintaining a good energy performance. Additionally, they show

that increasing construction costs are required for smaller average energy use, and that higher aver-

age energy use translates into more fairness of performance. This can happen due to the impact that

parameters outside the scope of this analysis have on each building (e.g., glazing ratios, orientations,

areas, among others). Thus, in the future, it is possible to use SM to perform extensive comparisons of

optimization problems and algorithms for different aspects of building performance. This can provide a

comprehensive foundation regarding common variable heuristics and the algorithms’ performance.

In conclusion, this case study illustrates the proposed innovative framework for SM development

with an Iterative BID. The resulting model predicts results with high accuracy, faster than a simulation

(from a 20-second simulation time to a 0.02-second prediction time), and with only four input features for

each building. Additionally, this study showcases the Model Tuning stage of the framework, particularly

the hyperparameter optimization of the SM. Therefore, this study shows how SM can overcome the

identified research challenges (Chapter 1, Section 1.3) for more complex problems by reducing AOP

computational speed, and difficulty of implementation.
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Table 4.19: Materials for each surface type construction solution (Part 1).

Construction Type Total Area m2 x Cost [C/m2] Materials

Walls 8699.94

0 20

Plaster 2 cm
Bored brick 11 cm

Air gap 6 cm
Bored brick 11 cm

Stucco 1.5 cm

1 25

Plaster 2 cm
Bored brick 15 cm

Air gap 6 cm
Bored brick 11 cm

Stucco 1.5 cm

2 35

Plaster 2 cm
Bored brick 11 cm

Air gap 6 cm
XPS 4 cm

Bored brick 11 cm
Stucco 1.5 cm

Interior floors 9327.27

0 10
Wood panels 12 cm

Stucco 1.5 cm

1 25

Ceramics 1 cm
Screed 8 cm

Lightweight slab 15 cm
Stucco 1.5 cm

2 30

Ceramics 1 cm
Screed 8 cm

Concrete slab 15 cm
Stucco 1.5 cm

Roofs 1216.67

0 20

Screed 8 cm
Waterproofing 0.2 cm

Screed 8 cm
Lightweight slab 15 cm

Stucco 1.5 cm

1 30

Screed 8 cm
Waterproofing 0.2 cm

XPS 4 cm
Screed 8 cm

Lightweight slab 15 cm
Stucco 1.5 cm

2 35

Screed 8 cm
Waterproofing 0.2 cm

XPS 4 cm
Screed 8 cm

Concrete slab 15 cm
Stucco 1.5 cm
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Table 4.20: Materials for each surface type construction solution (Part 2).

Construction Type Total
Area m2

x Cost
[C/m2]

U[W/m2K] τ sol τvis

Windows 2174.98
0 50 2.69 0.75 0.80
1 80 1.70 0.38 0.70
2 100 1.25 0.20 0.70

Table 4.21: Initital neural network structure of Equation (4.19).

Layer (Type) Filters Kernel Size

Dense 25 1
1D-Convolutional 50 2
1D-Convolutional 50 2
1D-Convolutional 50 2
1D-Convolutional 50 1
Dense 1 1

Table 4.22: Optimum Artifical Neural Networks (ANN) structure and performance for a surrogate model
of Equation (4.19).

Layer (Type) Filters Kernel Size

Dense 300 1
1D-Convolutional 157 2
1D-Convolutional 6 2
1D-Convolutional 290 2
1D-Convolutional 70 1
Dense 1 1

R2 score 0.96
RMSE (kWh/m2) 0.54

Table 4.23: OptimumArtifical Neural Networks (ANN) structure and performance for a surrogate model
of Equation (4.20).

Layer (Type) Filters Kernel Size

Dense 300 1
1D-Convolutional 300 2
1D-Convolutional 300 2
1D-Convolutional 6 2
1D-Convolutional 100 1
Dense 1 1

R2 score 0.97
RMSE (kWh/m2) 0.01
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Table 4.24: Considered hyperparameters and their ranges for all the optimization algorithms.

Algorithm Iterations Hyperparameters Range

NSGAII 500
Population size Ps [30 ... 200].
SBX crossover S [0, 1]
Polynomial mutation
Pm

[0, 1]

IBEA 500
Ps [30 ... 200]
S [0, 1]
Pm [0, 1]

SMPSO 500

Swarm size Ss [30 ... 200]
Leader size Ls [30 ... 200]
Max iterations i [30 ... 200]
S [0, 1]
Pm [0, 1]

OMOPSO 500

Ss [30 ... 200]
Ls [30 ... 200]
i [30 ... 200]
S [0, 1]
Pm [0, 1]
Epsilon ϵ [0.0001, 1]

Table 4.25: Optimum metaheuristics hyperparameters and respective H.

Hyperparameter Value H

NSGAII
Ps 30

0.53S 1
Pm 0.59

IBEA
Ps 32

0.54S 0.66
Pm 1

SMPSO

Ss 68

0.52
Ls 59
i 67
S 0.43
Pm 0.35

OMOPSO

Ss 30

0.52

Ls 200
i 200
S 1
Pm 0
ϵ 0.001

120



Chapter 5

Conclusions

Preamble

This final part of the PhD thesis encompasses two Sections. First, a summary of the results obtained

from the case studies is presented, along with a qualitative interpretation of these results. These findings

are then discussed concerning the thesis’s research questions and goals. Second, future research

directions are proposed to guide the implementation of similar models to real-world problems.

The main findings are outlined in the first Section, considering the three approaches used for Build-

ing Information Database (BID) development: Existing BID, Synthetic BID, and Iterative BID. For each

approach, the developed Surrogate Models (SM) is assessed in terms of its accuracy, the number of ob-

jectives, the number of inputs required to run the model, and its implementation. Moreover, the qualities

of the developed models are discussed and compared according to their limitations, scope, development

speed, and expertise required to use the model.

The main research questions are addressed for each approach, particularly those concerning SM

portability, simulation time, and the expertise required for the developed models when implemented in

Analysis and Optimization Processes (AOP). Afterward, this research is evaluated regarding its impact

on achieving the proposed goals.

Finally, future work to overcome the limitations of each approach is suggested, alongside potential

real-world applications of this research. These applications are segmented into different scopes, uses,

and scales, such as building performance aspects, users and practitioners, and fields of work/industry.
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5.1 Main Research Findings

In this Section, the main findings of each approach are compiled and outlined according to model per-

formance, number of inputs, number of objectives, and improvements obtained with the AOP implemen-

tation. In addition, a qualitative analysis is assembled to evaluate and compare each BID approach

by considering its limitations, scope, development time, and versatility. These findings are then used

to discuss this research’s success in achieving the established research’s goals while addressing the

proposed research questions.

The first approach encompassed a case study (See Section 4.1) that utilized an Existing Building

Database from the Portuguese Energy Performance Certificates (EPC) to develop SM capable of pre-

dicting a building’s EPC class and energy use indicators based on 20 input parameters. The models

achieved an Coefficient of determination (R2) of 0.84, 0.79, 0.61, and 0.47 for predicting EPC class,

annual energy needs, heating energy needs, and cooling energy needs, respectively. The developed

SM was subsequently integrated into web applications for two optimization problems.

The first problem’s objective was to determine the optimal combination of retrofits for individual EPC

upgrades, aiming to minimize annual energy consumption while considering total retrofit costs and max-

imizing return on investment through certificate upgrade tax benefits and government retrofit funding.

The results indicated potential energy use reductions of up to 60% with more expensive solutions and

reductions of up to 35% with less expensive alternatives.

The second problem focused on finding the best combination of retrofits for a group of buildings

with similar EPC ratings. Here, the optimization aimed to minimize total annual energy needs, sample

standard deviation, and total retrofit costs. The outcomes demonstrated potential reductions of up to

25% in annual energy needs, with associated cost reductions of up to 60% when compared with more

expensive solutions.

The second approach encompasses a case study (See Section 4.2) that used a synthetic BID to

develop a SM capable of predicting Building Performance Simulation (BPS) for the annual energy use of

any building in Lisbon when provided with the 6 required inputs (Number of floors, proportion, orientation,

glazing ratio, floor area, and period of construction). The SM showed an R2 of 0.95 for predicting a simple

energy simulation in Lisbon. Afterward, this model was implemented in two optimization problems, one

within an Integrated Development Environment (IDE) and another within a web application.

The first optimization problem was implemented within the IDE and sought to optimize the combi-

nation of retrofits for a block of 21 buildings to yield the minimum mean annual Energy Use Intensity

(EUI) kWhm−2, the standard deviation of the sample’s EUI, and retrofit cost. This problem was solved

with a simulation-based Multi-Objective Optimization (MOO) approach and with the developed surrogate

model. The latter showed increases in speed of up to 85 times with acceptable accuracy compared to

the computational time for the simulation-based optimization. Moreover, the optimization algorithms ex-

plored solutions between 62 kWhm−2 and 74 kWhm−2 for the annual EUI, 5 kWhm−2 and 15 kWhm−2

for the standard deviation, and 1000 e and 3500 e for the mean cost of retrofit per building.

The second optimization problem was implemented in a web application as a Single-Objective Op-
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timization (SOO) to minimize BPS results for the annual EUI of a building by considering its geometric

characteristics and building period. The users can select the number of iterations they wish to explore

and define variables and their domains. Results for the sample tested demonstrated energy reductions

of up to 8% in Energy Use Intensity (EUI).

The final approach was evaluated with two case studies (See Sections 4.3 and 4.4). Here, an Iterative

BID is used to develop SM capable of predicting: (1) the BPS of the annual HVAC and artificial lighting

EUI of an office with a Thermochromic Glazing (TCG) glazing in Lisbon and Copenhagen, and (2) the

BPS of the annual EUI for a block of 6 buildings in Lisbon and its standard deviation. The models used

4 and 24 inputs for (1) and (2) respectively and showed mean R2 scores of 0.99 in (1) and 0.97 in (2).

Notably, the latter only achieved this score after a Model Tuning stage.

The first problem considered the TCG properties as variables. In particular, the maximum and min-

imum transition temperatures and solar transmittance. The goal was to improve the properties of the

TCG to yield minimum annual HVAC and artificial lighting EUI kWhm−2. This optimization was per-

formed with the developed SM for one weather file in Lisbon and another in Copenhagen. For Lisbon,

the results have shown reductions of up to 15% in the total EUI of the office with the optimized TCG

against the original. For Copenhagen, the best solution found by the optimization algorithm obtained

reductions up to 7% in the total annual energy use of the office.

The second problem considered 3 different construction materials for each of the 6 building’s walls,

roofs, floors, and windows. The goal was to find the best combination of materials per building that

yielded the minimum total annual HVAC energy use, minimum standard deviation of the sample, and

minimum construction costs. Results revealed a 22% reduction in construction costs while maintaining

similar performance and standard deviation compared with more expensive alternatives.

Together, all these studies fully illustrate the proposed framework in this research to improve the

integration of AOP with building and urban projects. A model is developed for each BID approach except

the Iterative BID. The latter was illustrated with two case studies and different models, one comprising the

Model Tuning stage of the framework with the hyperparameter optimization of the model. Compared with

conventional simulation-based optimizations, the obtained reduction in computational time showcases

how this framework can tackle the time-consuming nature of BPS by considerably reducing the required

simulation times. Moreover, the small number of feature inputs required to run the models demonstrates

how this framework can address the complexity challenges that emerge from implementing AOP. Finally,

the implementation of these models in optimization problems with different scales (from single building

material to urban scales) illustrates how this framework overcomes portability challenges that arise from

multiple building design and simulation tools and formats.

Table 5.1 documents these results summary for all the tested BID. Results show that the developed

SM were highly accurate in all the tested cases. Moreover, all SM that predict a BPS result showed

significant decreases in computation time compared with a simulation’s. Noteworthy, Existing BID show

accuracy results highly dependable on the data treatment and quality. In addition, from all the developed

SM, this model was the only one not aiming to predict a simulation value.

These results can help extrapolate qualitative aspects obtained from experience from each BID ap-
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proach. In particular, concerning each BID’s development speed, model accuracy, number of objectives

and inputs, and scope. With these qualities, each approach’s qualities and limitations can be outlined.

Table 5.1: Main Findings summary regarding each Surrogate Models (SM) developed and implemented
with the three different Building Information Database (BID) approaches.

BID Problem type Scale Objectives %Improvements Inputs R2

Existing
Retrofit Building 3 60%

20 0.84 0.79
Retrofit Urban 3 25%

Synthetic
Retrofit Urban 3 16%

6 0.95
Design Building 1 8%

Iterative
Material Room 2 17% 4 0.99

Construction Urban 3 22% 24 0.97

5.1.1 Qualitative Analysis

By merging this thesis’s main findings with the experience and observation during the development of

the models with each BID approach, it is possible to outline some qualities and limitations concerning

each one. Thus, a qualitative analysis is conducted in this Subsection to document and compare each

BID approach and their respective models’ qualities and limitations regarding accuracy, objective and

input capacity, development speed, and scope.

The model trained with an Existing BID has shown the lowest R2 scores. However, this accuracy

in predicting the results heavily depends on the data quality and treatment of the BID. Notably, this

approach obtained acceptable accuracy levels due to the Feature Engineering techniques applied during

the BID development. Concerning the number of objectives and inputs this approach seems to be the

most versatile since it does not require BPS and can contain several inputs and objectives with a small

impact on the computation time. Consequently, it is also the approach that may have higher development

speeds. Considering the scope of this approach, this research suggests that it is well applied to studies

of building operation and forecasting. Furthermore, this approach can enhance most studies that require

empirical measurements or observation data, since they do not require building performance simulation.

The model trained with a Synthetic BID has shown high R2 scores, which indicates an accurate pre-

diction of simulation results. However, this approach is significantly more limited regarding the number of

inputs of the model. This happens because when the number of inputs increases, so does the number of

simulations required to develop an efficient Synthetic BID. Thus, the BID’s development speed can de-

crease significantly to the point of being unfeasible. This effect can be multiplied when more objectives

that require different BPS tools are included. Concerning the scope of this approach, it is most useful

in the early stages of a building project for a short number of inputs since it offers a comprehensive BID

throughout all the input domains. Accordingly, this approach is versatile and can be applied for quick

and easy-to-use models that can be integrated with multiple AOP.

The model trained with an Iterative BID has shown the highest R2 scores. Because this BID is

compiled throughout the optimization process, it can increase the capacity of inputs and objectives
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supported in the model. This happens because fewer simulations are required to compile the BID,

always according to the number of iterations specified. However, these results do not necessarily reflect

that this approach delivers the most accurate SM. Because the optimization algorithm seeks optimum

solutions for the specified objectives, the resulting BID will have an unbalanced database with fewer

under-performing solutions represented. Thus, it can be argued that this approach, although showing

models with the highest R2 scores, does not offer a comprehensive BID throughout the input domains,

since it overfits the prediction of best-performing solutions. Consequently, this approach is ideal for

optimization problems, since they offer a wide range of inputs and objectives, but a restricted application

for different AOP.

Table 5.2 summarizes this analysis for each BID approach. Existing BID models show that their

accuracy relies on the data quality and tuning. Additionally, Iterative BID models show the best R2

scores but only for best-performing values. Thus, the BID that provides the most accurate models for

all prediction values is arguably the Synthethic BID. However, this BID approach also has a smaller

capacity for inputs and objectives, since they require more simulations to compile than Iterative BID.

Consequently, a trade-off emerges between the BID detail and its development speed.

Table 5.2: Summary of findings, qualities, and limitations for the models trained with different building
databases.

Existing BID Synthetic BID Iterative BID

Accuracy High accuracy achieved
through Model Tuning;
Lowest R2 scores.

Arguably the most accurate
for all prediction values.

Most accurate for opti-
mization problems; less
accurate in predicting
under-performing solutions.

Number of Objec-
tives

Limited only by the scope of
the existing databases.

Limited number of objectives
for different simulations

Versatility in handling multi-
ple objectives.

Number of Inputs Limited only by the scope of
the existing databases.

Can support fewer inputs
compared to the others

Can support a larger number
of inputs due to optimization
process.

Development Speed Fastest development speed
because no simulations are
required.

Time-consuming because a
high number of simulations is
required

Faster development speed
because a smaller number of
simulations is required.

Scope Building Operation; mea-
surements; when no simula-
tion is required.

Early stage building projects;
easy-to-use because of
small input numbers.

Optimization problems that
require simulations; final
stages of building projects.

Qualities Does not require simula-
tions; versatile numbers
of inputs and objectives;
shorter development time

Offers a comprehensive
database for all prediction
values; low complexity due
to small input numbers

Faster development when
simulations are required;
handles more inputs and
objectives.

Limitations Highly dependent on the
quality of existing data; lim-
ited applications

Low development speed;
limited detail due to fewer
inputs; repeated processes
for different simulation tools

Specific to the optimization
problem, higher errors for
under-performing solutions.
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5.1.2 Discussion

With these main findings and qualitative analysis of each approach, it is now possible to circle back to

this Thesis’s research question and goals and discuss their achievement with the studied approaches.

Particularly, this Subsection will discuss each BID approach main findings from an individual and holistic

perspective regarding this research’s proposed goals. Finally, possible professional implementation of

SM developed with each BID approach are discussed for different types of uses.

This thesis aimed to help answer the question:

”How can the integration of Analysis and Optimization Processes (AOP) with building and urban

projects be improved?”

After documenting the literature several obstacles were identified concerning the use of Building

Performance Simulation (BPS), and the implementation of AOP. For BPS in particular, it lacks portability

with other building design and analysis tools; it is time-consuming when there are many simulations

or the models are complex; and requires expertise to develop the simulation models and obtain valid

inputs. Moreover, when integrating BPS with AOP, the iterative nature of these processes and the

multiple aspects of building performance can render the project unfeasible due to high computation

times.

Artificial Intelligence can be leveraged to develop SM that speed up AOP, make it easier, and more

portable. However, they are usually specific to the problem and highly depend on data quality, model,

and model tuning techniques. This tuning is complex and time-consuming when the model accuracy

is below expectations. Overcoming these issues can help improve the integration of SM with building

performance AOP. Accordingly, the proposed framework’s 5 methodological advances mentioned at the

beginning of this thesis were successfully showcased (Chapter 1, Section 1.4), as discussed below:

The first consisted of providing a systematic approach to develop a SM for any building performance

problem. This was achieved with multiple BID approaches and with the wide case study diversity. This

diversity covered every stage of the framework process considering different building performance prob-

lems, BID, model tuning techniques, and different model deployment options. This is illustrated in the

flowchart that illustrates the framework that provides a comprehensive approach to all the stages of SM

development for building performance.

The second methodological advance encompassed identifying different types of databases and pro-

viding suitable approaches to enhance data quality. This was achieved with the multiple databases

explored throughout the case studies. In addition, some case studies encompassed model tuning tech-

niques such as Feature Engineering (FE) and Selection, which helped improve data quality. Moreover,

the framework’s first stage considers data suitability according to the building performance problem at

hand.

The third focused on providing workflows to select the most suitable SM. This was achieved with

the multiple SM types explored for the first two case studies. In the first, the models were tested with a

different number of features, while the second explored four different regression models for the prediction

of an energy simulation result. These practical cases can be extended to other building performance
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problems.

The fourth consisted of providing workflows to enhance the model’s accuracy if needed. This is

achieved with the last case study, which encompassed the Hyperparameter tuning of both SM type and

optimization algorithms used to increase its respective accuracy and Hypervolume. Additionally, the

first case study encompasses FE and Selection techniques, which can be applied before employing a

time-consuming process like Hyperparameter optimization.

Finally, the fifth was to provide implementation workflows for different building performance scopes.

This was achieved with each SM deployment in the case studies. Throughout the studies, multiple meth-

ods and variations of SM deployment and use were demonstrated, ranging from web applications to 3D

models. Moreover, direct implementations in the SM development Integrated Development Environment

(IDE) were demonstrated, allowing more experienced practitioners to adapt it to their specific problems.

By achieving these goals, state-of-the-art AOP was advanced in different contexts and practices

concerning building and urban projects. Stakeholders can assess their building or home performance

and plan suitable investments and retrofits with confidence; architects can guide their designs with

deployed SM developed specifically for their use; engineers can use these models to speed up otherwise

unfeasible iterative analyses and optimizations; industries can optimize their materials and products for

specified performance targets and different climates; and policy-makers can project the impact of their

policies with more confidence and at multiple scales. Moreover, SM can be deployed to help monitor

and convert data repositories to digital formats and identify possible outliers in data.

5.2 Future Work and Applications

The tested BID approaches in this research can improve the integration of AOP and BPS in the AEC

industry with the development of SM to overcome current limitations. However, future research is needed

to improve each BID development speed, input and objective capacity, and its respective SM accuracy.

This Section documents and highlights possible research directions that can be taken to address these

issues, and extrapolates on future research possibilities and real-world developments that can emerge.

The first approach (Existing BID) shows significant improvements in AOP where no simulations are

required. However, the accuracy of the resulting SM depends on the quality of existing data. To address

this limitation, future research should focus on curating and streaming available BID, as well as exploring

and benchmarking new model-tuning processes. This includes evaluating their effectiveness across

various data types such as measurements, images/graphics, time series, and historical data.

The Synthetic BID is capable of offering a robust database that results in highly accurate SM that

are easy to use with a small number of inputs. Unfortunately, when increasing the number of inputs and

objectives, more simulations and different tools are required to obtain accurate predictions. This limits

the BID development speed. Thus, future research direction should focus on developing new heuristics

for sample generation that guarantee accurate models with a feasible number of BPS for any number

of inputs and objectives. Furthermore, new types of SM can be explored to generate rendered graphic

results of BPS such as Generative Adversarial Networks and Convolution Neural Networks.
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The Iterative BID provides faster development speed when compared with Synthetic BID since it is

capable of handling more inputs and objectives. However, results show higher errors in under-performing

solutions not explored by the optimization algorithm, which narrows the SM scope to the optimization

problem. In addition, to obtain high accuracy scores with the SM, multiple algorithms must be used,

and their Hyperparameters should be optimized to guarantee a broad exploration of the solution space.

Future research should focus on benchmarking optimization and SM algorithms for standard building

optimization problems. This could allow future developers to speed up the BID and model development

for future AOP.

In summary, future research suggestions encompass benchmarking algorithms, exploring different

graphical representations for BPS results, experimenting with other model tuning processes, and inves-

tigating image-based BID and new SM types. This can enable real-world developments of new tools and

processes to help improve the integration of AOP in building and urban projects. Moreover, it can assist

in enhancing field studies and assessments, enhancing collaborative work between disciplines, curat-

ing and improving digital twin models, and developing comprehensive and fast decision-making tools to

improve the evaluation of past policies while informing future ones.

Figure 5.1 illustrates future possibilities of SM deployment and use for different scopes. In (a), a

field study is performed on a building to assess multiple performance indicators. Multiple building per-

formance SM can be deployed in Augmented Reality environments. In (b), collaborative work can be

improved by leveraging Large Language Models with other building performance SM to develop bot as-

sistants for building and urban projects. Finally, (c) illustrates a fully integrated digital twin model of an

urban area, and (d) envisions fast decision-making tools being used to help assess the impact of future

policies. These are all promising areas for future research that can help achieve both Carbon Neutrality

and Sustainable Development Goals.
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(a) Field studies and assessments. (b) Collaborative work between different fields.

(c) Digital Twin technologies. (d) Policymaking tools to meet Sustainable Development Goals
(SDG).

Figure 5.1: Examples of potential real-world applications of integrating Surrogate Models (SM) with
different Analysis and Optimization Processes (AOP).
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