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Abstract 

Performance is today increasingly seen as a key area of focus in building design. 
A vivid example of this can be seen in the realm of sustainable or green building 
design, where projects commonly have ambitious goals relating to energy 
consumption or emissions from the built environment. Including these concerns 
is an important target of the building design process, where there is a potential 
to make valuable contributions. To realize this, command of interconnected and 
sometimes contradictory requirements is needed, and it necessitates an ability to 
create novel solutions that fulfill demanding requirements. This entails an 
iterative process to find design solutions that meet the requirements and needs 
imposed by clients and regulations on space, costs, energy, etc. To include the 
multitude of criteria in building design and aid practitioners in making well-
informed decisions, potential design solutions need to be explored to find 
feasible and optimized solutions that perform as best we can.  

Even though the potential of further supporting both exploration and 
optimization can provide significant benefits to improving buildings’ 
performance, a common challenge is that the act of generating and evaluating 
larger sets of solutions can be restricted by time and resources. The use of 
computer-based methods has been suggested to facilitate this need. Through 
building information modeling (BIM), relevant information can be encapsulated 
and organized, and computational design approaches can leverage modern 
computers’ computational capability to efficiently generate, represent, and 
evaluate solutions. Together, these can represent an approach that facilitates the 
need for exploration and optimization of building design solutions. However, to 
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achieve this further iterations, refinement, and evaluation with different design 
problems and contexts are needed to better leverage and understand the potential 
of such an approach. This includes contributing to a further understanding of 
how and when different computational design approaches can be used to support 
the building design process. 

Therefore, the overall purpose of this thesis was to explore computational design 
for building design. The aim was to propose frameworks for exploring and 
optimizing building design solutions in a BIM-based workflow. The research 
design was based on an exploratory approach, where a problem drives an 
iterative development of framework proposals, where cycles of objectives, 
development, demonstration, and evaluation of the frameworks lead to 
suggestions that are communicated. The frameworks were demonstrated and 
evaluated through real-world cases in building design settings. This process was 
iterated until the identified problems were addressed and the research purpose 
was achieved.  

The main findings in the research presented are: 

• The combination of interactive exploration with computational design 
approaches, where progression is not only dependent on algorithms, 
facilitates the inclusion of qualitative preferences and criteria that aids 
the user to explore suitable solutions in the design space. This may be 
particularly useful in the early stages of design and when the emphasis is 
on finding novel design solutions. 

• The inclusion of evolutionary multi-objective optimization techniques 
(e.g. genetic algorithms) in computational design approaches can be used 
in situations where exploitation is of interest to optimize design solutions 
with multiple or conflicting objectives. This may be particularly useful 
when distinct and measurable objectives are available and targeted, such 
as the minimization of a building’s energy use, or costs from a life cycle 
perspective. 

• Sensitivity analysis can be used to provide additional information on the 
impact of design parameters on a building solution’s performance. This 
can assist the analysis of generated solutions from applied computational 
design approaches in the selection of the most suitable alternative that 
will bring the design process forward. 
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• A master model concept can be used to structure and contain the 
constituent components needed to link inputs, outputs, and processes 
used in computational design approaches. This provides a basis to define 
a product, its design parameters, constraints, and objectives, and to 
support the generation of design alternatives necessary for performance 
evaluation. 

• To facilitate interoperability for the systems involved in a computational 
design approach, middleware components can be used as interfaces to 
support information exchange. This facilitates the integration of existing 
computer-based methods and tools in BIM-based workflows into 
computational design approaches. 

Overall, the research presented in this thesis highlights different choices of 
computational design approaches and possible applications supporting the 
design of building solutions depending on the design problem’s characteristics 
and objectives. The proposed frameworks facilitate this through two different 
objectives: one targeted at the exploration of design solutions, and one targeted 
at the optimization of design solutions. Both are focused on facilitating and 
strengthening the role of computers as collaborative partners in the design 
process, rather than solely for information organization or increasing efficiency. 
By purposefully choosing an approach and through thoughtful application in 
different design problems, practitioners could be supported in making well-
informed decisions regarding multiple design criteria, for example, in relation to 
environmental sustainability. The work in this thesis also presents approaches 
for mitigating some of the shortcomings of interoperability between a BIM-
based workflow and components related to the proposed frameworks, which are 
necessary to overcome to amplify the effectiveness of a computational design 
approach.  
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Sammanfattning 

Prestanda ses idag alltmer som en central fråga i byggnadsdesign. Ett tydligt 
exempel på detta återfinns inom hållbart byggande, där projekt ofta har 
ambitiösa mål relaterade till energiförbrukning eller utsläpp från den byggda 
miljön. Att inkludera dessa är ett viktigt mål för designprocessen, där det finns 
potential att göra värdefulla bidrag. För att förverkliga detta behövs det att man 
behärskar sammankopplade och ibland motstridiga krav, och det kräver en 
förmåga att skapa nya lösningar som uppfyller utmanande krav. Detta medför en 
iterativ process för att hitta lösningar som uppfyller de krav och behov som ställs 
av kunder och föreskrifter om utrymme, kostnader, energi etc. För att inkludera 
de många kriterierna i byggnadsutformning och hjälpa utövare att fatta 
välinformerade beslut behöver potentiella designlösningar utforskas för att hitta 
genomförbara och optimerade lösningar som fungerar så bra vi kan. 

Även om potentialen att ytterligare stödja både utforskning och optimering kan 
ge betydande fördelar för att förbättra byggnaders prestanda är en vanlig 
utmaning att uppgiften att generera och utvärdera större uppsättningar lösningar 
kan begränsas av tid och resurser. Användningen av datorbaserade metoder har 
föreslagits för att underlätta detta behov. Genom att nyttja 
byggnadsinformationsmodellering (BIM) kan relevant information samlas och 
organiseras, och beräkningsbaserade metoder (eng. computational design) kan 
moderna datorers beräkningsförmåga nyttjas för att effektivt generera, 
representera och utvärdera lösningar. Tillsammans kan dessa representera ett 
tillvägagångssätt som stödjer behovet av utforskning och optimering av 
byggnadslösningar. För att uppnå detta krävs dock ytterligare iterationer, 
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förfining och utvärdering med olika designproblem och sammanhang för att 
bättre nyttja och förstå beräkningsbaserade metoders potential. Detta inkluderar 
att bidra till en ytterligare förståelse för hur och när olika beräkningsbaserade 
metoder kan användas för att stödja designprocessen. 

Därför var det övergripande syftet med denna avhandling att utforska 
beräkningsbaserade metoder för byggnadsutformning. Målet var att föreslå 
ramverk för att utforska och optimera byggnadsdesignlösningar i ett BIM-
baserat arbetsflöde. Forskningsdesignen baserades på ett utforskande 
tillvägagångssätt, där ett problem driver en iterativ utveckling av ramverk, där 
cykler av mål, utveckling, demonstration och utvärdering av ramverken leder till 
förslag som kommuniceras. Ramverken demonstrerades och utvärderades 
genom verkliga fall av byggnadsutformningar. Denna process upprepades tills 
de identifierade problemen behandlades och forskningsändamålet uppnåddes. 

De huvudsakliga resultaten från den presenterade forskningen är: 

• Kombinationen av interaktiv utforskning med beräkningsbaserade 
metoder, där progression inte bara är beroende av algoritmer, stödjer 
införandet av kvalitativa preferenser och kriterier som hjälper 
användaren att utforska lämpliga lösningar i designutrymmet. Detta kan 
vara särskilt användbart i de tidiga stadierna av design och när tonvikten 
ligger på att hitta nya designlösningar. 

• Införandet av evolutionära optimeringstekniker (eng. multi-objective 
optimization) (t.ex. genetiska algoritmer) i beräkningsbaserade metoder 
kan användas i situationer där exploatering är av intresse för att optimera 
designlösningar med flera eller motstridiga mål. Detta kan vara särskilt 
användbart när distinkta och mätbara mål är tillgängliga och riktade, till 
exempel att minimera en byggnads energianvändning eller kostnader ur 
ett livscykelperspektiv. 

• Känslighetsanalys kan användas för att ge ytterligare information om 
effekterna av designparametrar på en designlösnings prestanda. Detta 
kan hjälpa analysen av genererade lösningar från tillämpade 
beräkningsbaserade metoder vid valet av det mest lämpliga alternativet 
som kommer att användas i designprocessen framåt. 

• Ett huvudmodellkoncept (eng. master model) kan användas för att 
strukturera och inrymma de ingående komponenterna som behövs för att 
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länka ingångar, utgångar och processer som används i 
beräkningsbaserade metoder. Detta ger en grund för att definiera en 
produkt, dess designparametrar, begränsningar och mål och för att stödja 
genereringen av designalternativ som är nödvändiga för 
prestandautvärdering. 

• För att främja interoperabilitet för de system som är inblandade i en 
beräkningsbaserad metod kan mellanprogramvaror (eng. middleware) 
användas som gränssnitt för att stödja informationsutbyte. Detta 
underlättar integreringen av befintliga datorbaserade metoder och 
verktyg i BIM-baserade arbetsflöden med beräkningsbaserade metoder. 

Sammantaget belyser forskningen i denna avhandling olika val av 
beräkningsbaserade metoder och möjliga tillämpningar som stöder 
utformningen av bygglösningar beroende på designproblemets egenskaper och 
mål. De föreslagna ramverken stödjer detta genom två olika mål: en riktad mot 
utforskning av designlösningar och en riktad mot optimering av designlösningar. 
Båda fokuserar på att underlätta och stärka datorers roll som en samarbetspartner 
i designprocessen snarare än enbart för informationsorganisation eller för att öka 
effektiviteten. Genom att medvetet välja ett tillvägagångssätt och med 
genomtänkt tillämpning i olika designproblem kan utövare stödjas i att fatta 
välinformerade beslut angående flera designkriterier, till exempel i relation till 
miljömässig hållbarhet. Arbetet i denna avhandling presenterar också metoder 
för att mildra några av bristerna i interoperabilitet mellan ett BIM-baserat 
arbetsflöde och komponenter relaterade till de föreslagna ramverken, som är 
nödvändiga för att övervinna för att förstärka effektiviteten i en 
beräkningsbaserad metod. 
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1 INTRODUCTION 

This section presents the background and aim of the research and introduces the 
research questions addressed in this thesis. This is followed by a list of the 
appended papers in the thesis. 

1.1 Background 

Performance is today increasingly seen as a key area of focus in building design. 
A vivid example of this can be seen in the realm of sustainable or green building 
design, where projects commonly have ambitious goals relating to energy 
consumption or emissions from the built environment (Khasreen et al., 2009; 
Kibert, 2016). Such goals have the potential to be highly impactful because the 
building industry is one of the world’s largest consumers of energy and resources 
(Akadiri et al., 2012), and buildings account for a significant proportion of global 
energy use and related greenhouse gas emissions (Cao et al., 2016; EU Directive, 
2018). Therefore, there is a growing awareness of buildings’ environmental 
impact within the industry (McGraw-Hill Construction, 2013). Accordingly, 
European Union (EU) member states are encouraged to implement practices and 
policies to maximize buildings’ energy efficiency (EU Directive, 2018). This 
emphasis on sustainable or green building design has led to the introduction of 
several measures including new building regulations and assessment procedures 
as well as several national and regional drivers and targets (Schlueter & 
Thesseling, 2009). Accounting for these concerns is an important target of the 
building design process, which has the potential to make important contributions 
to meeting these objectives (Akadiri et al., 2012). This has led to the use of a 
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wide range of design strategies and an increased interest in considering the 
impact of buildings from a life cycle perspective during the design process (e.g. 
Dodoo et al., 2011; Wallhagen et al., 2011).  

In broad terms, a building design process typically begins with an idea about 
how to meet a need and ends with a detailed description in the form of drawings 
and descriptions. A wide range of stakeholders are involved in the process, each 
having a variety of interests and requirements relating to cost, time, and function 
that must be accounted for and managed during the design process (Østergård et 
al., 2017; Ye et al., 2009). Consequently, decisions are made in multi-objective 
contexts and an important part of the design process is managing conflicting 
objectives through prioritization and trade-offs (Cagan et al., 2005; Diaz et al., 
2017; Kiviniemi, 2005). To address these issues during the building design 
process, one must have a comprehensive understanding and command of the 
interconnected and sometimes contradictory requirements, as well as the ability 
to create novel solutions that satisfy demanding requirements (Rekola et al., 
2012). Based on these considerations, building design is regarded in this thesis 
as a process that involves defining a problem and then generating and evaluating 
multiple potential solutions to find one that is satisfactory (Hudson, 2010).  

During the early stages of the design process, the emphasis is typically on 
exploration. As the design progresses, there is a gradual narrowing down as the 
process converges on the final form of the chosen design (Jones, 1992; Maher et 
al., 1996). Because many different potential solutions are typically available 
during the early stages of design, design exploration involves generating and 
evaluating multiple alternatives (Hudson, 2010; Østergård et al., 2017). It is 
argued that exploration is central to the design process because assessments of 
alternatives can provide a deeper understanding of the design problem and 
suggest new directions (Gero, 1990; Lawson, 1994). Exploration can thus 
contribute to the emergence of new ideas and ultimately lead to a better solution 
(Aish & Woodbury, 2005; Iordanova, 2007; Woodbury & Burrow, 2003). For 
example, using basic tools to explore different design alternatives and their 
impacts can provide valuable insights into how a building design should progress 
(e.g. see Wallhagen et al., 2011). 

At later stages in design, exploring alternative solutions remains important but it 
also becomes necessary to converge onto a rational set of options from which a 
solution can be chosen (Jones, 1992). Although exploration is crucial for 
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identifying feasible and interesting solutions, finding optimal designs requires 
different approaches, and the goal is to strive for optimal designs rather than 
merely accepting ones that are “good enough”. Such designs can be found using 
optimization methods, which search a design space to find an optimal design 
configuration with the desired behavior (Gero, 1994). Optimization is seen as a 
tool that could help address challenging objectives in building design, 
particularly those relating to building performance and sustainability. 
Consequently, interest in its use has increased strongly in recent years (Evins, 
2013; Macharias et al., 2014; Nguyen et al., 2014). 

While exploration and optimization could greatly facilitate the development of 
solutions that will improve buildings’ performance, a common challenge is that 
the process of generating and evaluating larger sets of solutions can be limited 
by a lack of time and resources (Diaz et al., 2017). Therefore, there is a need to 
find ways of efficiently generating large sets of diverse and feasible solutions to 
any given building design problem (Krish, 2011). Computer-based approaches 
have been developed to support these aspects of the building design process 
(Froese, 2010). Some of these approaches target the encapsulation and 
organization of information, while others exploit the computational power of 
modern computers. Approaches of the former type include building information 
modeling (BIM), in which digital representations are used to manage building 
design and project data (Succar et al., 2012). In this way, BIM aims to support 
the early involvement of different disciplines in projects and to improve building 
quality and performance (Azhar, 2011; Succar et al., 2012). It has been reported 
that using BIM to support the design process and sustainability analyses can 
yield cost and time savings relative to traditional practices (Azhar, 2010; Soust-
Verdaguer et al., 2017). Approaches of the latter type, which are henceforth 
referred to as computational design approaches, focus on leveraging computers’ 
computational capabilities, primarily by automating design procedures, 
efficiently managing information, and automatically incorporating feedback 
from simulations (Caetano et al., 2020). For example, augmenting and utilizing 
computation through building performance tool can be used to investigate what-
if scenarios in order to explore a potential solution’s energy use and use of 
daylight (Habibi, 2017; Oduyemi & Okoroh; 2016; Wong & Fan, 2013). By 
incorporating algorithms that exploit computational power to perform 
optimization processes, such tools can also be applied to trade-off problems such 
as those encountered during energy and life cycle analyses (Chanterelle et al., 
2011; Wang et al., 2005). The power of these approaches has made 
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computational design increasingly prevalent, especially during the last decade 
(Caetano et al., 2020). 

1.2 Research gap and aim 

Previous research has shown that computational design approaches can be used 
to support the exploration and optimization of design solutions during the 
building design process. However, despite the growing interest in computational 
design and its use in building design, the field remains in its early stages and 
requires further iteration, refinement, and evaluation through application to 
diverse design problems in varied contexts to better leverage and understand its 
potential (Abrishami et al., 2015; Caetano et al., 2020; Krish, 2011; Nagy et al., 
2018; Singh & Gu, 2012). Among other things, there is a need to clarify how 
and when different computational design approaches can be used to support the 
building design process. The overall purpose of this thesis was therefore to 
explore computational design for building design. The aim was to propose 
frameworks for exploring and optimizing building design solutions in BIM-
based workflows. Two research questions were formulated to guide efforts 
towards this objective:  

RQ I How can building design solutions be explored and optimized using a 
computational design approach? 

Different stages of the design process have different objectives that must be 
considered, and the same is true for computational design. Consequently, there 
is a need to better understand how building design can benefit from 
computational design. To address this need and answer the first research 
question, efforts were made propose processes and components needed to 
explore and optimize building design solutions using a computational design 
approach. 

RQ II  How can a computational design approach be integrated in a BIM-
based workflow?  

Using a computational design approach requires information to be encapsulated 
and organized so that it can be used in the automated generation of design 
alternatives. It also requires the availability of supporting procedures that allow 
information exchange between different systems and tools. A BIM-based 
workflow can provide a solid foundation for this purpose. To address these needs 
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and answer the second research question, efforts were made to propose processes 
and components needed to integrate a computational design approach for 
exploring and optimizing building design solutions with a BIM-based workflow. 

1.3 List of appended papers 

Paper I  Mukkavaara, J., & Sandberg, M. (2020). Architectural Design 
Exploration Using Generative Design: Framework Development 
and Case Study of a Residential Block. Buildings, 10(11), 201. 

As the main author, I wrote and compiled most of the paper and formulated the 
main idea. Sandberg contributed to the process by providing feedback, research 
direction, and formulating parts of the abstract, introduction, and conclusions. 

Paper II  Shadram, F., & Mukkavaara, J. (2018). An integrated BIM-based 
framework for the optimization of the trade-off between embodied 
and operational energy. Energy and Buildings, 158, 1189-1205. 

The framework was developed and implemented collaboratively by the two 
authors. As the co-author, I was responsible for developing and formulating the 
technical aspects. Shadram was responsible for the case implementation and 
analysis. 

Paper III  Sandberg, M., Mukkavaara, J., Shadram, F., & Olofsson, T. 
(2019). Multidisciplinary optimization of life-cycle energy and 
cost using a BIM-based master model. Sustainability, 11(1), 286. 

As the second author, I had the primary responsibility of further developing and 
formulating a framework previously described by Sandberg with support from 
the other three authors. Shadram contributed to the formulation of 
multidisciplinary optimization in the framework. The case was implemented and 
analyzed by me and Shadram.  
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Paper IV  Mukkavaara, J. & Shadram, F. (2021). An integrated 
optimization and sensitivity analysis framework to support the life 
cycle energy trade-off in buildings. Submitted to Energy and 
Buildings. 

As the main author, I wrote and compiled most of the paper and formulated the 
main idea. Shadram contributed to the implementation and analysis of the case 
results, and by writing and providing feedback, particularly in relation to the life 
cycle energy considerations. 

1.4 Other peer-reviewed papers 

Mukkavaara, J., Jansson, G., Holmberg, A., & Sandberg, M. (2016). Approach 
for automated planning using 5D-BIM. In Proceedings of the 33rd CIB 
W78 Conference 2016, Oct. 31st - Nov. 2nd, 2016, Brisbane, Australia. 

Sandberg, M., Gerth, R., Lu, W., Jansson, G., Mukkavaara, J., & Olofsson, T. 
(2016). Design automation in construction: An overview. In Proceedings 
of the 33rd CIB W78 Conference 2016, Oct. 31st – Nov. 2nd, 2016, Brisbane, 
Australia. 

Shadram, F., Mukkavaara, J., Schade, J., Sandberg, M., & Olofsson, T. (2017). 
A BIM-Based Method for Analyzing the Trade-Off between Embodied 
and Operational Energy. In Proceedings of the 2016 International 
Conference on Construction and Real Estate Management, Sep. 29th – Oct. 
1st, 2016, Edmonton, Canada. 

Kubicki, S., Mukkavaara, J., & Sandberg, M. (2018). A master model approach 
for design and analysis of roof trusses. In Proceedings of the 35th 
International Symposium on Automation and Robotics in Construction, 
Jul. 20th – Jul. 25th, 2018, Berlin, Germany. 

Jansson, G., Mukkavaara, J., & Olofsson, T. (2018). Interactive visualization 
for information flow in production chains: Case study industrialised house-
building. In Proceedings of the 35th International Symposium on 
Automation and Robotics in Construction, Jul. 20th – Jul. 25th, 2018, 
Berlin, Germany. 
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Mukkavaara, J., Jansson, G., & Olofsson, T. (2018). Structuring information 
from BIM: A glance at bills of materials. In Proceedings of the 35th 
International Symposium on Automation and Robotics in Construction, 
Jul. 20th – Jul. 25th, 2018, Berlin, Germany. 

Shadram, F., Mukkavaara, J., Schade, J., Sandberg, M., & Olofsson, T. (2018). 
Trade-off optimization of embodied versus operational carbon impact for 
insulation and window to wall ratio design choices: A case study. In 
Proceedings of the 10th International Conference in Sustainability on 
Energy and Buildings, Jun. 24th – Jun. 26th, 2018, Gold Coast, Australia. 

Eriksson, H., Sandberg, M., Mukkavaara, J., Jansson, G., & Stehn, L. (2019). 
Assessing Digital Information Management Between Design and 
Production in Industrialised House-Building - A Case Study. In 
Proceedings of the 36th International Symposium on Automation and 
Robotics in Construction, May 21st – May 24th, 2019, Banff, Canada. 

Shadram, F., & Mukkavaara, J. (2019). Exploring the effects of several energy 
efficiency measures on the embodied/operational energy trade-off: A case 
study of Swedish residential buildings. Energy and Buildings, 183, 283-
296. 

Hussamadin, R., Mukkavaara, J., & Jansson, G. (2020). A method to produce 
& visualize interactive work instructions for modular products within 
onsite construction. In Proceedings of the 37th International Symposium 
on Automation and Robotics in Construction, Oct. 27th – Oct. 28th, 2020, 
Kitakyushu, Japan. 

Shadram, F., Bhattacharjee, S., Lidelöw, S., Mukkavaara, J., & Olofsson, T. 
(2020). Exploring the trade-off in life cycle energy of building retrofit 
through optimization. Applied Energy, 269, 115083. 

Mukkavaara, J., Sandberg, M., Sandberg, K., Pousette, A., & Norén, J. (2020). 
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2 FRAME OF REFERENCE 

This section provides a frame of reference for the thesis which begins by 
describing building information modeling. Then follows a description of the 
computational design elements that were explored in this thesis. 

2.1 Building information modeling 

To support aspects of the building design process there has been a push to 
develop a wide range of computer-based approaches for the architecture, 
engineering, and construction industries (Froese, 2010). These approaches differ 
in terms of how they are interacted with and controlled (Oxman, 2006). As 
mentioned in the introduction, some of them provide a digital medium designed 
to encapsulate and organize information, while others exploit the computational 
power of modern computers. An example of the former type of approach is BIM, 
which can be seen as a technological advancement from traditional computer-
aided design (CAD) with greater capabilities in terms of intelligence and 
interoperability (Lee et al., 2006; Miettinen & Paavola, 2014). The scope of BIM 
encompasses a wide range of activities that support the representation of building 
elements in terms of their geometric and functional attributes and relationships 
(Ghaffarianhoseini et al., 2017). These activities allow the creation of digital 
representations of buildings, which are often referred to as building information 
models and are central to BIM. In BIM-based workflows, these models are used 
to manage relevant building design and project data (Succar et al., 2012). 
Information on design, construction, and operations can all be included in the 
accumulated digital representation and then used to support design and 
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collaboration (Demian & Walters, 2014; Farr et al., 2014; Ghaffarianhoseini et 
al., 2017). Facilitating and supporting the early involvement of different 
disciplines in BIM-based design workflows is argued to provide opportunities to 
improve building quality and performance (Azhar, 2011; Hooper & Ekholm, 
2010; Succar et al., 2012).  

By further augmenting BIM-based workflows with building performance 
simulation tools, such as tools for estimating energy use or daylight use, 
exploration in the early stages of design could be assisted using what-if scenarios 
(Habibi, 2017; Oduyemi & Okoroh; 2016; Wong & Fan, 2013). BIM is 
consequently argued to form a good basis for applying computational design 
(Borrmann et al., 2018). For example, the capabilities of BIM could be exploited 
to assess sustainability issues and make related decisions during the building 
design phase (Schade et al., 2013; Wong & Fan, 2013). Additionally, it has been 
argued that using BIM may deliver time and cost savings compared to traditional 
practices (Azhar, 2010; Soust-Verdaguer et al., 2017). However, it should be 
noted that how and why BIM is implemented should be considered carefully if 
its potential benefits are to be achieved (Miettinen & Paavola, 2014; Smits et al., 
2017). Nevertheless, the uptake of BIM has been promoted by many 
governmental organizations to improve building performance (Abanda et al., 
2015). As a result, several studies have been conducted to expand the 
applicability of BIM-based workflows in assisting performance-based design 
decision-making. A common approach involves the inclusion of building 
performance simulation tools to evaluate factors such as use of solar radiation 
(Wong & Fan, 2013), energy use (Schlueter and Thesseling, 2009), CO2 
emissions (Basbagill et al., 2013), and investment or operational costs (Kim et 
al., 2018; Santos et al., 2020). These approaches are intended to enable the use 
of performance simulations and evaluation in early design stages so that their 
outputs can be taken into account during design decision-making (Schlueter & 
Thesseling, 2009). 

The potential for using BIM to improve building performance in the design 
process is however restricted by several challenges. One of the most prominent 
of these challenges is that of interoperability (Santos et al., 2017; Yalcinkaya & 
Singh, 2015). Interoperability here refers to the ability to exchange semantically 
required subsets of model information between systems or tools (Eastman et al., 
2010) so that they can operate together (i.e. interoperate). A critical challenge in 
the use of BIM for performance-based design is ensuring interoperability 
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between the systems and tools used to perform the intended processes (Lu et al., 
2017; Oduyemi et al., 2017; Santos et al., 2017; Yalcinkaya & Singh, 2015). In 
other words, performance-based design using BIM requires the ability to 
exchange essential information between the different systems and tools that are 
used for calculations, simulations, analysis, and other processes. Approaches 
that rely on partially or fully automated processes, such as generative design 
(Abrishami et al., 2014), typically depend on the interoperability of multiple 
tools of these kinds. Therefore, a lack of interoperability can hinder the 
exploration and optimization of design solutions in BIM-based workflows (Diaz 
et al., 2017).  

Several published studies have sought to solve the problem of interoperability in 
BIM-based workflows (Santos et al., 2017), and a wide range of approaches have 
proven fruitful. Some researchers adopt a holistic perspective on 
interoperability, focusing on common data schemas such as Industry Foundation 
Classes (IFC) (Sacks et al., 2010; Steel et al., 2012) or centralized BIM 
repositories (Singh et al., 2011). Others apply more tailored problem-specific 
solutions using visual programming (Asl et al., 2015), custom add-ins (Jensen et 
al., 2012), or intermediate translators (Ahn et al., 2014). Additionally, the 
concept of master models (which originates from the manufacturing industry) 
could be used (Sandberg et al., 2017). Master model concepts aim to create 
automated links between a central master model and its sub-models such that 
changes in the master are automatically propagated to all sub-models. To ensure 
interoperability, these links can be created using middleware systems 
(Negendahl, 2015; Mitchinson et al., 2010; van Steen & Tanenbaum, 2016) that 
act as communication mechanisms. The primary purpose of the middleware 
approach is to resolve the heterogeneity imposed by the different constituent 
components of a system and to facilitate communication and coordination 
(Emmerich, 2000). This requires the implementation of functions to manage 
information and control (Toth et al., 2012), including reading and writing 
information from and to different sources and ensuring compatibility of the 
exchanged information. Middleware systems also include a layer of control 
functionalities responsible for coordinating the execution and interaction of 
different components (Curcin & Ghanem, 2008). Key control functionalities 
include passing information between processes, defining sequences of processes 
and activities, and executing different processes. 
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2.2 Computational design 

While BIM primarily targets the encapsulation and organization of information, 
the field of computational design strives to further exploit the computational 
capabilities of modern computers. Computational design approaches thus aim to 
use computers as more than simple electronic drawing boards for generating and 
storing representations (Iordanova, 2007; Oxman, 2006; Terzidis, 2004). The 
aims of computational design tools range from assisting to fully automating or 
even augmenting the work of designers, and they are argued to enhance the 
efficiency and effectiveness of design exploration (Bernal et al., 2015). 

To further emphasize the role of computational design approaches considering 
the difference between computation and computerization is important, which has 
been highlighted by several authors (Caetano et al., 2020; Menges & Ahlquist, 
2011; Terzidis, 2006). Computerization approaches focus mainly on 
encapsulating and organizing information (e.g. BIM). Consequently, the only 
information they handle is that which was initially supplied to them (Terzidis, 
2003). This information is not expected to evolve without external intervention 
(e.g. if a user adds new information or changes that which already exists). 
Conversely, computational approaches seek to increase the amount and 
specificity of information (Terzidis, 2003), for example using algorithms or 
other mechanisms. Computerization thus represents a static approach, whereas 
computation is a dynamic approach that can drive the progression of a design. 
Computational design approaches can facilitate the development of designs by 
automating design procedures, efficiently managing information, and 
automatically incorporating feedback from simulation results (Caetano et al., 
2020). Computational design approaches also differ from conventional methods 
in terms of how users (e.g. architects, designers, or engineers) interact with them. 
In traditional CAD-based design, the user interacts directly with a digital sketch, 
drawing, or model. In a computational design approach, the user instead interacts 
with the digital environment and the mechanisms responsible for generating 
digital representations (Oxman, 2006). 

Computational design has become increasingly important in building design and 
its use has increased markedly, especially during the last decade (Caetano et al., 
2020). The term computational design can be considered comprehensive; in this 
thesis, it is treated as an umbrella term encompassing multiple (sometimes 
overlapping) design approaches that are characterized by how they leverage 
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computational capabilities and how users interact with them. This thesis does 
not exhaustively cover all subfields of computational design; instead, it focuses 
on two commonly discussed computational design approaches (Caetano et al., 
2020), namely parametric design and generative design (see Figure 1). These 
two subfields and their relevance to design exploration and optimization are 
discussed in more detail in the following sections. 

 

Figure 1. Relationships between computational design and the subfields explored in 
this thesis. 

2.2.1 Parametric design 

Parametric design is one of the most common forms of computational design 
(Caetano et al., 2020). Because of its potential to reduce the time and effort 
needed to make design changes and evaluate different solutions, it has been 
suggested as a way to facilitate design exploration (Hudson, 2010). Parametric 
design is herein viewed through the definition of Caetano et al. (2020, p. 293) as 
an “approach that describes a design symbolically based on the use of 
parameters.” This requires the capture of relevant parameters, relationships, 
constraints, conditions, attributes, and functions (Borrmann & Berkhan, 2018) 
that can be used to create a so-called parametric model. When the values of the 
parameters are adjusted, the rule-based process propagates the changes and 
generates a new design solution based on the updated parameter values (Yu & 
Gero, 2015). In this way a potentially infinite set of solutions can be generated 
by systematically altering the parameter settings, which can be done manually 
by a user or in an automated manner using an algorithm or some other 
mechanism.  
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Several studies have investigated the potential benefits of parametric design 
approaches. Some authors have advocated their use based on their ability to 
support process automation and thereby reduce the time spent by professionals 
on project tasks (Sacks & Barak, 2008; Santos et al., 2017), and for their ability 
to rapidly generate design alternatives that can be explored (Kilian, 2006; Sacks 
et al., 2004). The interest in parametric design approaches within building design 
is partially attributable to the fact that parametric capabilities are considered a 
core feature of BIM software (Cervosek, 2011; Ghaffarianhoseini et al., 2017). 
However, it has been argued that conventional BIM software needs 
programming-based augmentation to support the complexity necessary for some 
parametric design approaches (Wortmann & Tunçer, 2017).  

It should be noted that parametric design can be used in a wide range of 
applications and contexts. In the context of structural design, Holzer et al. (2007) 
used parametric design and structural analysis to support exploration by 
architects and structural engineers during early design work. Similarly, 
Rempling et al. (2019) used a parametric design approach that allowed feedback 
based on both structural analysis and sustainability criteria to be considered 
during the assessment of alternative solutions. With an emphasis on sustainable 
building design, Geyer (2012) demonstrated the use of a parametric design 
approach to optimize the trade-off between investing in building envelope 
thermal insulation and heat generation technology. To improve the experience 
of exploring design alternatives, Hollberg et al. (2018) proposed a parametric 
design approach that enables real-time energy analysis for use during early 
design. Parametric design approaches have also been used in architectural design 
to support simultaneous exploration and evaluation of architectural form and 
function (e.g. Hesselgren et al., 2007; Park & Holt, 2010; Shepherd et al., 2011). 
The common theme in these applications of parametric design is that they seek 
to facilitate design exploration, typically during the early stages of design, by 
rapidly generating design alternatives. Another common theme is that parametric 
design approaches typically exploit calculations, simulations, or analysis to 
provide performance feedback. As a result, design alternatives can be rapidly 
generated and assessed with respect to relevant performance metrics. Given 
these powerful characteristics, parametric design provides a solid foundation to 
build on and integrate with other approaches. 
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2.2.2 Generative design  

Another subfield of computational design is that of generative design, which 
concerns using mechanisms that “deal with the emergence of forms deriving 
from generative rules, relations and principles” (Oxman, 2006, p. 254). Although 
it is herein considered that not only form (as in shape) is relevant for generative 
design, but also other design attributes. A primary objective of generative design 
is to enable the exploration of larger solution spaces (Singh & Gu, 2012). This 
is partially facilitated by a high degree of automation in the generation and 
evaluation of design solutions and by providing rapid feedback on design 
alternatives (Gerber & Lin, 2014; Hamidavi et al., 2020). To achieve this, 
generative design tools assist designers by using computers’ computational 
capabilities to generate solutions. The use of generative design approaches to 
support exploration is argued to lead to more informed design decisions and, 
ultimately, to better-performing solutions (Gerber & Lin, 2014; Nagy et al., 
2018; Shea et al., 2005). Because the emphasis of generative design approaches 
is typically on exploration, their outputs (i.e. the design solutions) should not 
necessarily be considered final, but rather as a baseline that will require further 
analysis and development to finalize a design (Nagy et al., 2017).  

Like computational design, the term generative design does not necessarily refer 
to a single specific approach but to a wide range of approaches. Furthermore, 
because there is some potential overlap between generative design and 
parametric design (Caetano et al., 2020), it is important to clarify the difference 
between these two concepts. In this thesis, the two approaches are understood to 
differ primarily in terms of how solutions are generated (see Figure 2). In a 
parametric design approach, solutions are generated by altering the parameters 
of the parametric model (i.e. changing the parameters’ values). Conversely, in a 
generative design approach, solutions are generated primarily using a pre-
formulated mechanism or algorithm.  
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Figure 2. Outline of the difference between parametric and generative design 
approaches. 

As such, a generative design approach can be considered more autonomous than 
a parametric design approach (Caetano et al., 2020). Generative and parametric 
design can also differ in the way that users interact with the system to create 
solutions, as described by Oxman (2006). In parametric design, users typically 
interact with the digital environment in which the parametric model has been 
defined, whereas in generative design users typically interact with the generative 
mechanism or algorithm. It should be noted that generative design is not 
necessarily completely separate from parametric design: a generative design 
approach could be based on (but not limited to) a parametric model (Caetano et 
al., 2020). For example, some previously reported generative design approaches 
build on the capabilities of parametric design (e.g. Gerber & Lin, 2014; Nagy et 
al., 2017). 

Because of the centrality of the generation algorithm in generative design 
approaches, algorithm selection is a key issue in their use. There are numerous 
algorithms to choose from, ranging from simpler random number generators to 
more sophisticated techniques such as evolutionary algorithms (Cagan et al., 
2005; Krish, 2011; Oxman, 2006; Singh & Gu, 2012). The selection of an 
algorithm partly depends on the design problem itself and partly on the intended 
purpose of the object being designed. One factor that must be considered when 
selecting an algorithm is how it balances the exploration of the solution space 
against its optimization needs (Cagan et al., 2005). Another is how users interact 



FRAME OF REFERENCE 

17 

with the generative design approach and what type of control over the process is 
desired (Oxman, 2006); some algorithms allow a relatively high level of user 
control while others are more autonomous. Singh & Gu (2012) reviewed 
multiple different algorithms that could be used in a generative design setting 
and concluded that no single algorithm could match all design phases and 
contexts of all possible design problems. They therefore argued that generative 
design approaches must be flexible and give users agency to choose and alter 
algorithms according to their needs. 

Due to the diversity of algorithms and design problems, generative design has a 
wide range of potential implementations and applications. On an urban planning 
scale, Nagy et al. (2018) used a generative design approach in a residential 
neighborhood development project in which they explored design alternatives 
with the goal of maximizing financial profit and solar energy capture on the 
buildings’ roofs. Gerber & Lin (2014) and Caldas (2008) explored different 
applications of generative design for buildings, using it to optimize designs with 
respect to energy use and financial cost by varying the choices of construction 
materials and building shapes. On a smaller scale, Nagy et al. (2017) and 
Abrishami et al. (2020) used generative design to explore indoor layouts. The 
integration of generative design approaches into BIM-based workflows has also 
been studied, with BIM data being either an input for (Salimzadeh et al., 2020) 
or an output of (Abrishami et al., 2015) the generative design process. However, 
Abrishami et al. (2015) concluded that further research is needed to fully exploit 
the combined potential of BIM and generative design. 

2.2.3 Evolutionary design  

Evolutionary design can be regarded as a subfield of generative design that uses 
a specific category of generation algorithms, namely those in which “emergence 
is considered to be the result of an evolutionary process” (Oxman, 2006, p. 256). 
It has attracted attention in part because of its potential to support the 
optimization of design solutions. Optimization is herein defined as the process 
of finding the minimum or maximum value of a function that depends on a set 
of parameters and is subject to a set of constraints (Macharias et al., 2014). It can 
thus be regarded as a type of search process whose goal is to find optimal 
parameter values that produce a desired behavior (Gero, 1994). Many different 
algorithms can be used for optimization, but evolutionary algorithms are 
particularly common in building design (Evins, 2013; Macharias et al., 2014; 
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Nguyen et al., 2014). Evolutionary optimization algorithms can be categorized 
as stochastic (random) algorithms, and their stochasticity makes them well suited 
for irregular engineering and design problems (Coello et al., 2007). Such 
algorithms draw inspiration from biological evolution, using mechanisms such 
as reproduction, mutation, recombination, and selection to search for optimal 
solutions. For a more comprehensive introduction to the principles and inner 
workings of evolutionary algorithms, the reader is referred to the works of 
Goldberg (1989) and Mitchell (1998). 

Multi-objective optimization (i.e. optimization with the aim of finding minimum 
or maximum values of multiple objective functions) is a particularly interesting 
tool for building design because of the frequent need to address multiple and 
conflicting objectives (Cagan et al., 2005; Diaz et al., 2017; Kiviniemi, 2005). 
The outputs of multi-objective optimization processes are typically divided into 
two sets of solutions: feasible solutions and Pareto solutions (see Figure 3). 
Feasible solutions are solutions that lie within the boundaries of the solution 
space and satisfy all defined constraints. These are the solutions that the 
optimization algorithm found and evaluated while searching for optimal 
solutions. The definition of Pareto solutions derives from the concept of Pareto 
optimality: a solution is Pareto optimal if there are no other feasible solutions 
that are better with respect to one objective without being worse with respect to 
at least one other objective (Coello et al., 2007). 
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Figure 3. Schematic illustration of the outcome of a multi-objective optimization 
(adapted from Nguyen et al., 2014).  

Macharias et al. (2014) found that common objectives for optimization studies 
in building design relate to environmental impact, initial investment, operational 
cost, and comfort. Additionally, they concluded that construction materials, 
building geometry and orientation, and HVAC system design were typical 
design parameters. This shows the potential range of applications and contexts 
in which evolutionary design approaches could be used, which is further 
illustrated by considering some recent examples of their use from the literature. 
Tuhus-Dubrow & Krarti (2010) coupled a genetic algorithm (a type of 
evolutionary algorithm) to a building energy simulation engine to optimize 
building shape and envelope features with respect to energy use. Similarly, 
Wang et al. (2005) explored the trade-off between the economic and 
environmental performance of different parameters related to building shape and 
envelope features using multi-objective optimization. Jo & Gero (1998) applied 
genetic algorithms to building floor plan design, aiming to minimize travel 
times. Wright et al. (2002) used multi-objective optimization for HVAC system 
design and control. More recently, Jalali et al. (2020) used a genetic algorithm 
with parametric modeling to optimize the shape of a building and the window-
to-wall ratio to maximize natural light and indoor space. D’Agostino et al. (2021) 
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proposed a computational design approach that uses multi-objective 
optimization to explore a building’s energy use, daylight use, and construction 
cost. Lastly, Abbasi & Noorzai (2021) proposed a multi-objective optimization 
approach for exploring embodied and operational energy use while accounting 
for the potential use of renewable energy. 

The output of an evolutionary design approach targeting multi-objective 
optimization is typically not a single optimal solution but a set of Pareto 
solutions, each of which could be considered optimal in the absence of further 
information (Deb et al., 2002). Therefore, designers and decision-makers must 
select the most appropriate solution to take further, which is not always 
straightforward (Nguyen et al., 2014). To support this process, evolutionary 
design approaches could thus be augmented by integrating sensitivity analysis 
(Eisenhower et al., 2012). Sensitivity analyses measure the effect of varying 
selected model inputs on the model’s output (Saltelli et al., 2004). The 
motivation for applying sensitivity analysis in building design is that if we 
understand the relationships between the design parameters and their relative 
importance, we can improve building performance by emphasizing the most 
relevant parameters (Nguyen & Reiter, 2015). Sensitivity analyses can provide 
valuable information about which design parameters to focus on as the design 
progresses and reveal less influential design parameters that will have only a 
minor impact on building performance (Heiselberg et al., 2009). Because of this 
potential, sensitivity analysis has been applied in several published studies on 
building design (e.g. Hopfe & Hensen, 2011; Kristensen & Petersen, 2016; 
Østergård et al., 2017; Pang et al., 2020; Sanchez et al., 2014; Spitz et al., 2012).  

In the context of multi-objective optimization, sensitivity analysis could be used 
in several different ways, which can be described in terms of the pre- and post-
optimization phases defined by Nguyen et al. (2014) (i.e. processes done before 
performing optimization and processes done after optimization). When 
performing multi-objective optimization, sensitivity analysis is most commonly 
performed during the pre-optimization phase to screen out insignificant inputs, 
i.e. inputs with no or negligible influence on the objectives. This process is often 
called factor fixing (Østergård et al., 2017; Saltelli et al., 2008), and is useful 
because it can reduce the search space and increase the efficiency of the 
optimization. Sensitivity analysis could also be useful for post-optimization 
evaluation and selection of optimal solutions because it is difficult to address all 
relevant factors during optimization. Factors such as constructability, logistics, 
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and purchasing may thus be neglected, making it necessary to further evaluate 
the optimal solutions with respect to these factors before progressing. This 
process is conceptually similar to that reported by Heiselberg et al. (2009), who 
used sensitivity analysis to estimate the impacts of different design decisions on 
a building’s performance and their relevance. Similarly, Østergård et al. (2017) 
used sensitivity analysis and building performance simulations to develop 
guidance for designers to help avoid unwanted performance changes. However, 
these analyses were not performed after applying multi-objective optimization. 
An example of sensitivity analysis being applied post-optimization was reported 
by Tuhus-Dubrow & Krarti (2010), who used optimization to investigate 
building shape and envelope design with the objective of minimizing energy use. 
They performed a simple post-optimization sensitivity analysis to investigate the 
effects of design environment parameters (climate, utility rates, and heating and 
cooling set-points) on their optimal solutions. 

2.3 Concluding remarks 

A wide range of approaches, methods, techniques, and tools that use computers 
to support various aspects of the building design process have been previously 
developed, each with a purpose and a context in which they are most suitable. 
As described above, previous studies have shown that BIM and computational 
design approaches both provide the foundation to support and improve design 
exploration and optimization, with parametric design and generative design 
being especially promising. This thesis focuses specifically on computational 
design approaches because they can both generate design solutions and evaluate 
their performance, both of which are important when developing approaches for 
exploring and optimizing building design solutions. 
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3 SCIENTIFIC APPROACH 

This section describes the methods used to address the purpose of this thesis. It 
also provides a brief description of the research process and the main activities 
conducted to fulfill the research. 

3.1 Research design 

A research design dictates the strategy used to seek answers to research questions 
and to fulfill the main purpose of the research. Choosing a suitable strategy for 
addressing the research questions and substantiating the findings is important 
because the outcome of the research is dependent on the strategy (Fellows & Liu, 
2015). The research addressed in this thesis is, similar to much research in the 
field, an applied form of research. It is also exploratory in nature, due to the 
efforts in the area being at a relatively early stage and few established 
foundations exist. Additionally, it emphasizes exploration as it aims to study a 
phenomenon that “must be created before it can be evaluated” (Holmström et 
al., 2009, p. 68). In other words, the creation, or development, of a solution 
constitutes an integral part of what makes it exploratory (Nunamaker et al., 
1990). These factors influenced the choice of research design in that the 
processes used facilitate both exploration and the association with real-world 
projects. This, together with the centrality of computer-based approaches and the 
use of prototyping, formed the research design which was inspired by the six 
components proposed in the framework by Peffers et al. (2007). An outline of 
the research design is illustrated in Figure 4 and briefly described below. 
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Figure 4. Overview of the research design components and their relationship used in 
the research included in this thesis (adapted from Peffers et al., 2007). 

• Problem identification and motivation consist of identifying the research 
gap and justifying the value of a proposed solution. This was done 
through conducting literature reviews, analyzing archival data, and 
organizing meetings and workshops with practitioners to gather their 
perspectives. 

• Define objectives is about inferring objectives from the problem 
definition. These objectives can be quantitative, such as the desired 
increase in building performance, or qualitative, such as a description of 
how the proposed framework is expected to support solutions to 
problems. 

• Design & development consists of the process of creating the proposed 
frameworks and developing prototypes for demonstration and 
evaluation. The frameworks and prototypes are created in parallel, each 
providing insights and directions as the process progresses. The use of 
prototypes was deemed as a useful method for research that seeks to 
develop new computer-based approaches. It allows for an early 
approximation of the final system or product to be created, evaluated, 
and reworked until the aim of the study is obtained.  

• Demonstration involves applying the use of the proposed framework in 
the context of the identified problem. This was done by using the 
developed prototypes in cases based on real-world projects. These cases 
allowed for the exploration of information, processes, and constraints 
needed for the frameworks’ development and allowed them to be 
iteratively tested, revised, and improved. 

• Evaluation targets the observation and measurement of how well the 
proposed solution supports the subject of the problem. The evaluation 
directly targets the defined objectives and is used to either drive further 
iterations of the process or to indicate that a satisfactory solution has been 
found. 

• Communication is the last stage of the research where scholarly research 
publications are used to distribute the resulting knowledge of the research 



SCIENTIFIC APPROACH 

25 

process. Herein, the proposed frameworks were used as a format for the 
organization of ideas and suggesting actions (Morton, 1983) in the 
communication, and are the result of the development and iterations in 
the research process. These frameworks illustrate a general strategy for 
solving the identified problem, and function as a guideline allowing for 
choices to be made within a set of rules or boundaries (Andiappan & 
Wan, 2020). The proposed frameworks and obtained results could then 
also be matched to existing theories to strengthen knowledge and to 
identify previously unrecognized findings. 

The development and iterations were considered a crucial and integral part of 
the research process. Even though the iterations are not always explicitly 
described in the communication of the research (i.e. the published papers), they 
can constitute a significant portion of the research process. This included 
refining the objectives or the design of the proposed frameworks, involving new 
or changed ideas derived from related literature, the researcher’s own knowledge 
and experience, and feedback provided by practitioners involved in the research 
projects or colleagues in the research field. This can be particularly useful as 
unforeseen events or previously not recognized functionality need to be 
considered. 

3.2 Research process 

The research directions presented in this thesis are influenced by the early 
research that I conducted during the first years as a PhD student and the topic of 
my licentiate thesis (see Mukkavaara, 2018). That work was focused on how 
information and systems in BIM-based workflows could be structured in such a 
way that it enabled design automation. Because computational design relies on 
the ability to manage information and automate relevant processes to fulfill its 
goals, the knowledge and lessons learned from my earlier research have served 
as a foundation for how I progressed with the research presented in this thesis. 

The shift in focus, from what I did in the early years to what research is presented 
here, primarily came with the research related to Paper II. Therein, the challenge 
of coupling an optimization algorithm to a BIM-based workflow was identified 
in the context of studying trade-offs in the life cycle energy of a building, which 
eventually resulted in the proposal of the BIM-integrated optimization (BIM-
OPT) framework. After that research, it was recognized that further studies were 
needed that focused more on the information management and automation of 
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necessary processes, as well as the role of BIM. This was the emphasis in Paper 
III, where a master model concept was incorporated in the master model 
optimization (MM-OPT) framework, and a demonstration was made in the 
context of studying the trade-off between life cycle energy and life cycle cost of 
a building. The knowledge and results gained from the research in Paper II and 
Paper III proceeded to influence the directions of Paper I and Paper IV through 
(1) the acknowledgment that exploration in the earlier stages of design could be 
supported by similar approaches, and (2) there was a need to better support the 
analysis and understanding of the results of optimization approaches. These 
papers resulted in the proposal of the design exploration with generative design 
(DE-GD) framework and sensitivity analysis and optimization (SA-OPT) 
framework, respectively. 

Each of the studies conducted within the scope of this thesis consists of a 
proposed framework, a case for demonstration, and an appended paper. These 
are outlined illustratively in Figure 5 with respect to their positioning related to 
a building design process.  

 

Figure 5. The positioning of each framework, case, and appended paper with respect 
to a building design process. 
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Each of the cases contributed to the development of the proposed frameworks 
and the appended papers by providing the possibility to develop, demonstrate, 
and evaluate the proposed frameworks against real-world building projects. A 
summary of these cases can be seen in Table 1, followed by a more detailed 
description in the sections below. 

Table 1. Summary of the cases used within the scope of this thesis. 

 Case I Case II Case III Case IV 
Description Residential 

block in 
Kiruna, 
Sweden. 

Semi-
detached 
dwelling in 
Kiruna, 
Sweden. 

Multi-family 
residential 
building in 
Uppsala, 
Sweden. 

Multi-family 
residential 
building in 
Vindeln, 
Sweden. 

Contribution 
to papers 

Paper I Paper II Paper III Paper IV 

Contribution 
to proposed 
frameworks 

DE-GD BIM-OPT MM-OPT SA-OPT 

Case data 
collection 

Archival 
records, 
workshops 

Archival 
records 

Archival 
records, 
workshops 

Archival 
records, 
workshops 

 

3.2.1 Case I 

Case I was studied to develop and demonstrate the DE-GD framework. In 
contrast to Case II, III, and IV, which were buildings constructed or under 
construction, this case consisted of an empty residential block, located in Kiruna, 
Sweden. The residential block measures 62 m x 57 m and all four sides of the 
block are adjacent to roads that form the city’s infrastructure, and three of these 
sides are adjacent to other building blocks in the area (see Figure 6). When 
entering this case, it was at a very early stage of development, and the focus was 
still on conceptualization and potential ideas for the residential block. As such, 
the case was deemed suitable for the development of the DE-GD framework as 
it provided an early design context suitable for investigating how the exploration 



Exploration and optimization of building design solutions using computational design 

28 

of design alternatives could be supported. Empirical data was gathered from 
publicly available planning documents from the municipality for the area 
containing the block and surrounding areas. In addition, a series of meetings and 
workshops were held with representatives from the property development 
company. These were used to identify the needs and interests of the company 
and were later used to guide the scope of the DE-GD framework. 

 

Figure 6. A drawing with the location of the residential building block in Case I in 
relation to its adjacent urban elements. 

3.2.2 Case II 

Case II was studied to develop and demonstrate the BIM-OPT framework for 
performing optimization regarding the trade-off in a building’s life cycle energy. 
The case consisted of a semi-detached dwelling located in Kiruna, Sweden. The 
dwelling was a recently built low-energy house consisting of two duplex 
apartments that have a habitable area of 140 m2 each (see Figure 7). Because the 
building was already designed with low energy use in mind it was particularly 
interesting for the demonstration of the BIM-OPT framework as it provided an 
opportunity to demonstrate the effects of life cycle energy trade-offs. Archival 
data in the form of drawings and documents obtained from the construction 
company, which had also designed the dwelling and done its energy analysis, 
comprised the empirical data collection. In order to facilitate the evaluation of 
different design alternatives where the impact of changes in the building’s 
construction components (such as insulation materials and windows) could be 
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evaluated, additional data was collected from the Bath Inventory of Carbon and 
Energy (ICE) (Hammond & Jones, 2021), a generic life cycle inventory 
database. 

 

Figure 7. 3D-model and floor plan drawings for the building in Case II. 

3.2.3 Case III 

Case III was studied to develop and demonstrate the MM-OPT framework for 
performing multidisciplinary optimization. This case was that of a multifamily 
residential building (see Figure 8), which was under construction in Uppsala, 
Sweden. The building has a habitable floor area of 4374 m2 distributed over 5 
and 6 floors. This case was interesting to use as it, in contrast to Case II, 
contributed with a larger scale building to demonstrate and evaluate an 
optimization-centered framework. The empirical data collection consisted of 
archival data obtained from the construction company, which included drawings, 
documentation, and a BIM model. In addition, three workshops were performed 
by Farshid Shadram with representatives from the construction company, a 
business manager, and a research and development manager. These were used 
to build a better understanding of the building’s functionality before it was used 
in the demonstration of the framework and the optimization of life cycle energy 
in relation to life cycle cost. Other necessary data for different design alternatives 
were obtained from open-access databases and websites. Similar to Case II, the 
ICE database was also used in this case. 
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Figure 8. 3D-model for the building in Case III. 

3.2.4 Case IV 

Case IV was studied to develop and demonstrate the SA-OPT framework for 
incorporating sensitivity analysis into an optimization approach. This case was 
that of a multifamily residential building based on a standardized building 
concept located in Vindeln, Sweden. The building consists of 39 apartments 
distributed across eight stories, and a total floor area of 2478 m2 (see Figure 9). 
This case was deemed relevant as it provided a building with a sufficient scale 
and potential variation to provide valuable insight into the potential uses of 
optimization and sensitivity analysis. Drawings, documents, and a BIM model 
obtained from the construction company comprised the archival data in the 
empirical data collection. Additional data necessary for the demonstration using 
the SA-OPT framework was, similar to the process in Case III, obtained through 
open-access databases, databases, and the ICE database. 

 

Figure 9. 3D-model and floor plan drawing for the building in Case IV. 
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3.3 Assessing the research 

Establishing the trustworthiness of research comes down to controlling potential 
biases that might be present throughout a research process (Bloomberg & Volpe, 
2018). Herein, this is considered through credibility, dependability, 
conformability, and transferability (Guba & Lincoln, 1998): 

• Credibility suggests whether the findings are accurate and credible from 
the perspective of the researcher, the participants, and the reader. Here, 
collaborative efforts were used, which entailed looking for discrepancies 
in the understanding of the phenomenon and seeking occasions that could 
challenge the researcher’s beliefs or emergent findings (Bloomberg & 
Volpe, 2018). This included continuously reviewing and discussing the 
findings with research colleagues and practitioners to ensure that the 
findings were reliably portrayed; a process that primarily took place 
during the demonstration, evaluation, and communication stages of the 
research. 

• Dependability conveys whether the findings are consistent and 
dependable. This relates to the transparency and clarity of the research 
process. Contributing to this was made by ensuring that the research data 
for the frameworks, prototypes, procedures, and cases were 
comprehensively documented and presented in the appended papers, 
which was particularly considered during the communication stage of the 
research. 

• Confirmability relates to the notion of objectivity. This entails that the 
findings are a result of the research, rather than an outcome of the biases 
and subjectivity of the researcher (Bloomberg & Volpe, 2018). By 
providing transparency and clarity (see above) an opportunity is given to 
assess the findings of the studies. The findings were then discussed 
continuously with research colleagues and practitioners involved in the 
cases, particularly during the demonstration and evaluation stages. 
Additionally, choosing peer-reviewed journals and conferences provided 
opportunities to question the research objectivity through critical 
reviews. 

• Transferability refers to the ways in which the reader determines whether 
and to what extent the findings in can transfer to other settings or 
contexts. The research in this thesis has been conducted within the 
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context of four different cases, each of which provides a set of 
circumstances that affect the findings. This includes the type of case 
(building or residential area), building design circumstances (building 
scale, construction methods, design parameters), and design objectives. 
Understanding these contexts are an important part for someone who 
wants to transfer and use the findings (Flick, 2009). This was of 
particular concern during the communication stages, where detailed 
descriptions were given, from which similarities and differences can be 
derived to provide a basis for having relevance in broader contexts. 

These considerations in relation to trustworthiness were taken into account 
during the research process of each study conducted within the scope of this 
thesis. This provided feedback and new directions, and created scenarios where 
choices needed to be critically evaluated, which consequently went into efforts 
to improve the research. 
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4 SUMMARY OF FINDINGS 

This section summarizes the main findings of the research presented in this thesis 
in terms of the proposed frameworks and issues relevant to their usefulness for 
exploring and optimizing building design solutions. The frameworks’ technical 
features and elements are presented, along with practical results from 
demonstrating them in cases. 

4.1 Design exploration with generative design 

The DE-GD framework outlined in Figure 10 was developed to support the 
exploration of building design solutions. The framework uses a generator to 
create solution sets for a design problem that is defined by a solution space. For 
each generated solution, relevant models are created and evaluated to provide 
metrics for consideration. Finally, there is an exploration phase in which the 
generated solutions are presented and filtered, allowing selection of interesting 
solutions that may serve as a final set of feasible solutions or as an input that is 
used to iteratively modify the solution space in order to enable further 
exploration. 
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Figure 10. Overview of the DE-GD framework for design exploration with generative 
design. 

The purpose of the first step in the DE-GD framework is to create a meaningful 
set of feasible solutions for exploration. To achieve this, the pool of possible 
solutions must be narrowed down by defining a solution space that determines 
the boundaries within which solutions can exist. The DE-GD framework does 
this by defining the solution space based on a product definition, design 
variables, and constraints. The product definition describes the overall product 
(e.g. using a geometric model) as well as generative rules concerning its 
interactions with the design variables and constraints. The design variables 
represent different aspects of the product’s physical representation (e.g. its 
dimensions) or its properties (e.g. its constituent materials and their attributes), 
and thus define the allowable variation in the set of solutions. By changing the 
values of the design variables, different solutions can be generated. Constraints 
may also be used to impose additional boundaries based on the solutions; for 
example, they may dictate that solutions must meet some requirement 
concerning energy use. 

The core of the DE-GD framework is the generator, which is responsible for 
producing a set of feasible solutions (the solution set). The generator interacts 
with the product definition and generates solutions by modifying the values of 
the design variables, applying them to the product definition, and evaluating 
potential constraints. The generator can be implemented using a range of 
different algorithms depending on the design problem and conditions; possible 
examples include a random sampling algorithm or an evolutionary or genetic 
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algorithm. When a solution set has been generated, temporary intermediate 
models are created for each generated solution. These models are defined such 
that they will contain the specific data required by the subsequent evaluation 
process. The models are then evaluated to obtain metrics for each solution that 
are deemed relevant to the design problem and its characteristics. 

Because the generated solution sets can be large, these solutions must be 
explored to progress the design in a meaningful direction. The final step in the 
DE-GD framework is thus to support exploration by presenting the solutions and 
their metrics and performing preference management. The objective of the 
exploration process is to probe the generated solutions and identify interesting 
regions of the solution space. Its outcome should either be (1) a solution or set 
of solutions that are deemed good enough to terminate the generative design 
process, or (2) a set of modifiers that are recycled into the solution space and 
generator to generate a new set of solutions. The purpose of presenting the 
solutions is to clearly and swiftly convey relevant information about each 
solution and its metrics to the users in order to help them make well-informed 
decisions. The users’ preferences are then gathered progressively, enabling the 
filtering and selection of solutions or regions of the solution space that are 
considered interesting given the design problem and its objectives. This 
knowledge can then be used to drive the exploration process towards a desirable 
outcome. The entire process, from the definition of the solution space to 
exploration, is iterated until a satisfactory set of solutions is found. The output 
can then be taken forward in the design process for further development.  

A demonstration of the DE-GD framework was presented in Paper I, which 
describes the design exploration of a residential block (Case I) during an early 
stage of the design process. A prototype of the framework was created using a 
combination of scripts written in the Python programming language, the 3D 
modeling software Rhinoceros 3D, and the visual programming extension 
Grasshopper. A top-down parametric design approach was then applied in which 
the residential block was progressively populated with one or more buildings by 
creating a parametric model of the site. The generator was implemented using a 
random sampling algorithm.  

The findings of Paper I shed light on multiple facets of the proposed framework 
and its use. The framework’s generative design approach allowed sets of 
solutions to be generated and evaluated with respect to metrics chosen by the 
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users. Project participants including the property developers expressed positive 
opinions about design exploration using the DE-GD framework, and particularly 
about its potential for exploring solutions bound by novel requirements and 
targets originating from the participants themselves, clients, and regulations. The 
rapid generation and automated evaluation of many solutions (see Figure 11) 
was considered beneficial because it helped build an understanding of how 
different design options interact with the contextual circumstances of the project.  

 

Figure 11. An extract from the results of demonstrating the DE-GD framework in 
Case I. 

The findings also highlighted the importance of defining the solution space and 
the potential for a priori preferences to hinder exploration if boundaries are over-
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constrained. Simultaneously, it was recognized that defining the solution space 
too broadly makes it difficult to find meaningful directions during exploration. 
It is thus necessary to strike a balance: a smaller solution space may simplify the 
exploration process but presents a risk of not finding novel solutions or 
meaningful directions. The findings of Paper I thus show that an iterative process 
may be needed to define a solution space for a generative design approach, and 
that it is important to carefully choose the algorithm used when implementing 
the generator.  

4.2 Multi-objective optimization with BIM integration 

The BIM-OPT framework, illustrated in Figure 12, was developed to facilitate 
the exploration and optimization of building design solutions by leveraging 
computation to generate and evaluate solutions as well as for optimization. The 
BIM-OPT framework also focuses on interoperability and data exchange in a 
BIM-based workflow using an interface and a database to allow integration of 
BIM data during the optimization process. 

 

Figure 12. Overview of the BIM-OPT framework for multi-objective optimization with 
BIM-integration. 

To achieve the goal of managing BIM data and enabling its use with the other 
components of the BIM-OPT framework, a BIM module is used that contains 
both BIM software and an input-output (IO) interface. The BIM software acts as 
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a database for managing BIM data and storing a representation of the building 
to be optimized. Among other things, this database holds data on the geometry 
and properties (e.g. constituent materials and their thicknesses) of the building’s 
envelope. To enable interoperability between the BIM software and other 
modules, the IO data interface is used to extract and update relevant data within 
the BIM software. Data extracted from the BIM software is augmented using a 
data repository module consisting of a database with three tables that contain 
data relevant to the optimization, namely: (1) a material inventory (MI) that 
stores the properties of various construction materials (e.g. thermal conductivity, 
density, and embodied energy), (2) a primary energy factor (PEF) table that 
contains the primary energy factors and is used to translate the estimated annual 
delivered energy into operational energy, and (3) a BIM data (BD) table that 
serves as an intermediate store of BIM data situated between the IO data 
interface and the optimization algorithm, allowing the BIM model to be updated 
with the properties of the chosen optimal solution. 

By using data from the BIM software and database together with design 
variables from the optimization algorithm, solutions can be generated and 
evaluated with respect to their performance. This is done by generating 
temporary intermediate models based on parametric design concepts whose 
purpose is to supply data to the optimization algorithm. The models are 
generated using information on the geometry and construction elements of the 
building’s envelope drawn from the BIM data. They are then refined and further 
detailed using information on the design variables (i.e. material types and 
quantities) supplied by the optimization algorithm and material properties data 
from the data repository. Finally, the models are passed to an energy simulation 
engine that evaluates the performance of each solution and passes the results to 
the optimization algorithm.  

The last step in the BIM-OPT framework is multi-objective optimization using 
an evolutionary design approach. This involves defining the design variables 
(which describe the boundaries of the solution space within which solutions 
exist) and the objective functions used during multi-objective optimization. The 
objective functions are defined such that they can be computed based on the 
generated solutions and their performance. Additionally, constraints are defined 
to ensure that solutions found by the optimization algorithm satisfy a given set 
of conditions and criteria. An evolutionary algorithm (in this case, a genetic 
algorithm) is used to iteratively search for optimal solutions based on the design 
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variables, objective functions, and constraints. The output of the optimization 
algorithm is a set of Pareto solutions, from which an optimal solution can be 
selected and re-instantiated. When an optimal solution is selected, the database 
within the data repository module is updated with the properties of the optimal 
solution; this data is then used to update the representation within the BIM 
software using the IO data interface. 

The BIM-OPT framework was applied in Case II and described in Paper II, 
which presents a study on a semi-detached dwelling. Paper II describes the 
exploration and optimization of trade-offs relating to a building’s life cycle 
energy use by using the BIM-OPT framework to account for the properties of 
different building materials and the quantities in which they are used in different 
design solutions. A prototype of the framework was created using Rhinoceros 
3D, Grasshopper, Autodesk Revit, Dynamo, and MySQL.  

The findings of Paper II show how the proposed framework can be used to 
perform multi-objective optimization with respect to trade-off problems in 
building design (an example of its output is shown in Figure 13). The framework 
extended the scope for exploring life cycle energy trade-offs and allowed optimal 
solution(s) to be found by accounting for the impacts of different building 
materials and the quantities in which they are used in different designs in order 
to reduce the total life cycle energy use of buildings. In every scenario 
considered in the study, solutions that outperformed the initial design in terms 
of the defined objectives were identified, and the optimal solution yielded a 
“modest-to-significant” reduction in life cycle energy when compared to the 
initial design. The paper also shows that some of the challenges of integrating a 
BIM-based workflow with an evolutionary design approach can be overcome by 
using an IO data interface and a data repository to solve the interoperability 
problem when managing BIM data. This enables the use of automated or semi-
automated optimization processes, potentially reducing the amount of time and 
effort needed to obtain optimized solutions. 
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Figure 13. An extract from the results of demonstrating the BIM-OPT framework in 
Case II showing the Pareto solutions provided by the approach. 

4.3 Master model approach to facilitate optimization 

To support an approach for exploration and optimization that incorporates a 
neutral BIM model, the MM-OPT framework depicted in Figure 14 was 
developed. This framework uses a master model concept that contains all the 
components needed to support automated generation and performance 
evaluation of solutions that can be serve as inputs for an evolutionary design 
approach. 
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Figure 14. Overview of the MM-OPT framework with a master model concept to 
multi-objective optimization. 

The master model in the MM-OPT framework consists of a neutral BIM model, 
external data, a product definition, and a middleware component. It is used to 
provide a parametric product definition, through which necessary domain 
models can be generated for performance evaluation and optimization. The 
neutral BIM model is used as a repository for data on the initial building design 
and (later on) the chosen optimal solution. The product definition includes a set 
of design variables and constraints that define the boundaries within which 
feasible solutions exist. Specifically, the design variables determine the variation 
allowed in a solution, while the constraints impose limits on the range of feasible 
solutions in situations where boundaries are not easily defined based on the 
domains of the design variables alone. To support the generation of domain 
models and the optimization process additional data is provided by an external 
data source.  

Optimization using the MM-OPT framework requires an automated process for 
generating and evaluating domain models and for executing the optimization 
process itself. To manage the associated challenges of interoperability and 
automation, the MM-OPT framework includes a middleware component whose 
purpose is to enable process automation by facilitating communication and 
coordination between the master model, the domain models, performance 
evaluations, and the optimization program. To do this, the middleware requires 
functionality for data control and management so that it can translate and 
transform data according to the requirements of the process and coordinate the 
execution of the above-mentioned components and their interactions. Domain 



Exploration and optimization of building design solutions using computational design 

42 

models are automatically generated by using the product definition and external 
data to transform the representation found in the neutral BIM model. Each 
domain model is then subjected to appropriate analysis to provide evaluation 
data for the optimization. This is typically done using analysis software that may 
perform calculations, simulations, analyses, or other processes deemed 
necessary. 

When the solutions have been generated and their domain models have been 
created and evaluated, they are passed through to the optimization. Here, an 
evolutionary algorithm (in this case, a genetic algorithm) is used to perform the 
optimization by iteratively searching for optimal solutions based on the design 
variables, objective functions, and constraints. The optimization produces a set 
of Pareto solutions, from which an optimal solution can be selected. When an 
optimal solution has been selected, its configuration (expressed in terms of 
design variable values) is sent back to the master model, which then updates the 
neutral BIM model to represent the optimal solution. 

The MM-OPT framework was demonstrated in a study on a residential building 
(Case III) that is described in Paper III. The framework was used to explore and 
optimize the building’s life cycle energy and life cycle cost by accounting for 
the impact of building materials and the quantities in which they were used. A 
prototype framework was created using a combination of scripts in the C# 
programming language, Rhinoceros 3D, Grasshopper, EnergyPlus, and MySQL.  

The findings of Paper III show how the proposed framework could be used to 
perform multi-objective optimization of the trade-off between life cycle energy 
and life cycle cost during building design; an example of its output is presented 
in Figure 15. The framework was found to be able to use data from a neutral 
IFC-based BIM representation as a foundation for generating design alternatives. 
Applying the master model concept and extending it with a middleware 
component made it possible to establish automated design and analysis 
workflows in which changes in the master model automatically propagate to 
derived domain models for performance evaluation. This foundation enabled the 
multi-objective optimization to perform its intended purpose. The paper also 
demonstrates the framework’s potential to improve a building design’s 
performance by optimizing with respect to the trade-off between life cycle 
energy and life cycle cost and revealing which elements of the building’s 
envelope have the greatest impact on the chosen objectives. 
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Figure 15. An extract from the results of demonstrating the MM-OPT framework on 
Case III showing the Pareto solutions provided by the approach. 

4.4 Multi-objective optimization and post-optimization sensitivity 
analysis 

To support further analysis and evaluation of solutions produced by an 
evolutionary design approach, the SA-OPT framework outlined in Figure 16 was 
developed. This framework is built around the creation of a parametric model 
and automated evaluation of solutions generated using that parametric model. 
By interacting with the parametric model, a multi-objective optimization 
approach can search for optimal solutions. A subset of relevant solutions can 
then be selected from the optimal solutions. These solutions are finally subjected 
to post-optimization sensitivity analysis whereby small variations in their design 
parameters are used to assess their sensitivity to changes.  
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Figure 16. Overview of the SA-OPT framework for integrating multi-objective 
optimization with post-optimization sensitivity analysis. 

Central to the SA-OPT framework is the creation of a parametric model based 
on a product definition and design parameters. The product definition contains 
the static traits that are used to define the overall product and the design 
parameters, which are used to establish the boundaries within which possible 
solutions exist by defining permissible variations in relevant aspects of the 
design. The parametric model allows alternative solutions to be generated by 
altering the values of the design parameters. Both of the framework’s main 
components, i.e. the multi-objective optimization and the sensitivity analysis, 
function by modifying these parameter values. Each solution that is generated 
based on the parametric model is then passed through an evaluation process 
whose role is to provide automated feedback to the objective functions and 
constraints of the multi-objective optimization and the sensitivity analysis.  

The first of the main two components in the SA-OPT framework is the multi-
objective optimization. An evolutionary algorithm (in this case, a genetic 
algorithm) is used to iteratively search for optimal solutions by varying the 
design parameters to minimize the objective function without violating the 
constraints. This process involves repeated iterations between the optimization 
algorithm and the parametric model and is performed until a termination 
condition is met. The output of the optimization algorithm is a set of Pareto 
solutions from which a subset of relevant solutions can be selected using an 
appropriate technique and passed to the sensitivity analysis for further 
assessment. 
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The second main component in the SA-OPT framework is the sensitivity 
analysis, which is performed in two steps. The first step involves generating a 
set of samples that represent the model inputs (i.e. the parameters whose 
sensitivity is to be investigated). Each sample is passed through the parametric 
model to generate solutions that are then evaluated to extract the model outputs 
(i.e. the objectives). The second step is the actual sensitivity analysis, in which 
the model inputs and outputs are examined. The outcome of the sensitivity 
analysis is a set of sensitivity indices for each design parameter with respect to 
the objectives. 

The SA-OPT framework was applied in a study on a residential building (Case 
IV) that is described in Paper IV. Using the SA-OPT framework, the building’s 
life cycle energy use was explored and evaluated, accounting for the impact of 
the building materials, the quantities in which they were used, and the types of 
component used in the building design. A prototype of the framework was 
created using a combination of scripts in the Python programming language, 
Rhinoceros 3D, Grasshopper, and EnergyPlus. 

The findings presented in Paper IV show how the proposed framework could be 
used to perform multi-objective optimization with respect to the life cycle energy 
trade-off during building design together with sensitivity analysis of the resulting 
Pareto solutions (see an example of the results in Figure 17). The inclusion of 
post-optimization sensitivity analysis provided additional information on the 
chosen Pareto solutions that could not be obtained using the other frameworks 
presented in this thesis. In particular, it can reveal parameters that have little or 
no influence on the objectives, helping users decide which design parameters in 
the Pareto solutions should be kept at their nominal values (i.e. the values set by 
the optimization algorithm) and which ones could be modified within reasonable 
limits without significantly impacting the objectives. 
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Figure 17. Results showing the sensitivity indices from demonstrating the SA-OPT 
framework on Case IV. 
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5 DISCUSSION 

This section discusses how the proposed frameworks can support exploration 
and optimization in a building design process and how computational design 
approaches can be integrated with a BIM-based workflow. 

5.1 How can building design solutions be explored and optimized using a 
computational design approach? 

Both exploration and optimization are aspects that should be considered during 
building design processes in order support the delivery of building design 
solutions that perform well and fulfil demanding requirements. Computer-based 
tools are widely used for this purpose (Froese, 2010), both to encapsulate and 
organize information but also to leverage computers’ computational capabilities. 
This thesis focuses on exploring computational design, a field of growing 
interest that focuses on using computational approaches to support design 
processes (Caetano et al., 2020). The first research question of this thesis called 
for the proposal of processes and components needed to support the exploration 
and optimization of building design solutions using a computational design 
approach. To this end, computational design approaches were explored in 
different building design settings, resulting in the development and proposal of 
four frameworks. The findings obtained from the development of these 
frameworks and the experiences gained during their application can be 
summarized as follows: 

• The DE-GD framework uses a generative design approach that can 
facilitate the exploration of a design’s solution space by efficiently 
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generating and evaluating feasible design solutions. The framework 
supports interactive exploration with computational design and the 
design’s progression is not solely reliant on algorithms, allowing 
qualitative preferences and criteria to guide the exploration of design 
solutions. This may be particularly useful in the early stages of design 
and when the emphasis is on finding novel design solutions. 

• The BIM-OPT and MM-OPT frameworks use an evolutionary design 
approach that incorporates an optimization process. This can facilitate 
the optimization of building design solutions with respect to multiple or 
conflicting objectives. The outputs of these frameworks are sets of 
building design solutions that could be considered optimal based on the 
defined objectives. This may be particularly useful when distinct and 
measurable objectives are targeted, such as during the later stages of the 
design process. 

• The SA-OPT framework extends the use of an evolutionary design 
approach and integrates post-optimization sensitivity analysis that can 
facilitate understanding of the optimization results and aid in the 
selection of solutions to further advance the design process. 

In general, the findings show how different computational design approaches 
can be used to explore or optimize building design solutions. The goal of the 
DE-GD framework is to support exploration by enabling the efficient generation 
of a wide range of feasible solutions (Krish, 2011) without requiring great 
investment of time and resources (Diaz et al., 2017). To achieve this goal, a 
generative design approach was adopted in which a parametric design model is 
coupled with a generative algorithm that is responsible for generating a wide 
range of feasible solutions. This provides a foundation for a high degree of 
automation and the ability to offer rapid feedback, as demonstrated by the 
framework’s use in Paper I. The success of this approach is consistent with 
previous reports on similar efforts (Hamidavi et al., 2020; Gerber & Lin, 2014). 
Another effect of a generative design approach that emphasizes exploration, as 
used in the DE-GD framework, is that its usefulness is greatest during the early 
stages of design, when explicit and finalized objectives may not yet be defined. 
A consequence of this is that the algorithm may have less autonomy than would 
be expected in an evolutionary design approach such as those embodied by the 
BIM-OPT and MM-OPT frameworks. However, the use of a generative design 
approach may give users more agency during the exploration process by 
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allowing them greater scope to exert control and make choices. Shea et al. (2005) 
described this interaction between users and generative design tools by saying 
that the computer can be seen as a “collaborative partner.” To support this level 
of interactivity and control, the DE-GD framework features an interactive 
component in which the generated solutions and the associated metrics are 
presented to users, allowing them to make decisions about how to progress. This 
could allow the user to guide the direction of the exploration based on qualitative 
criteria relating to issues such as constructability and esthetics. This aligns with 
the idea that how a user interacts with and controls the generative process is 
important to consider (Oxman, 2006), which consequently implies that 
generative design is not only about the algorithm itself but about the approach 
as a whole. 

The expected output obtained by applying a generative design approach for 
exploration also merits discussion. Because the approach emphasizes 
exploration, it should not necessarily be expected to provide a distinct solution 
to progress with. Instead, by generating and evaluating a larger set of alternative 
solutions, it can be used to better understand the design problem and suggest 
directions (Gero, 1990; Lawson, 1994). The aim is for the generative design 
approach to enable more informed decision-making that will ultimately lead to 
a better-performing solution, as also suggested by Gerber & Lin (2014) and Nagy 
et al. (2018). As such, and in line with the conclusions of Nagy et al. (2017), the 
output can be viewed as a baseline requiring further analysis and development 
to finalize the design. The implications of this are important from a practical 
perspective, as it also sets the expectations of applying such an approach. 

Whereas the early stages of the design process typically emphasize exploration, 
the latter stages require a process of convergence to the design’s final form 
(Jones, 1992; Maher et al., 1996). In this context, computational design could be 
used to support the search for a design solution with the desired behaviors. 
Accordingly, previous studies have suggested that a range of optimization 
approaches can be used for this purpose (Evins, 2013; Macharias et al., 2014; 
Nguyen et al., 2014). A particularly interesting subfield of computational design 
relevant to this purpose is evolutionary design, which is used in the BIM-OPT, 
MM-OPT, and SA-OPT frameworks. The key difference between the generative 
design approach of the DE-GD framework and these evolutionary approaches is 
in the choice of algorithm and how that choice balances the exploration of the 
solution space against its optimization (Cagan et al., 2005). By choosing an 
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algorithm that leans more towards optimization, the findings presented in Papers 
II – IV show how using an evolutionary algorithm as the driving mechanism can 
align a computational design approach with the purpose of design optimization. 

To support further analysis of optimal solutions obtained using an evolutionary 
design approach, the application of sensitivity analysis was explored in the SA-
OPT framework. If a sensitivity analysis can leverage the same components as 
an evolutionary design approach, the effort required for analysis can be reduced, 
potentially resulting in a valuable contribution without excessive costs; a similar 
argument to that made by Eisenhower et al. (2012). Most previous studies on 
sensitivity analysis and optimization have focused on pre-optimization 
sensitivity analysis (e.g. for factor fixing, Østergård et al., 2017; Saltelli et al., 
2008), which can be used to reduce the search space and increase the efficiency 
of the optimization. However, the SA-OPT framework instead uses post-
optimization sensitivity analysis with the aim of adding valuable information 
that would complement the results obtained using an evolutionary design 
approach. In particular, it was used to identify which design parameters should 
be focused on in future efforts and which parameters are less influential and can 
be varied more freely without greatly affecting building performance. 

In contrast to the generative design approach proposed in the DE-GD 
framework, the expected outputs of the evolutionary design approaches used in 
the BIM-OPT and MM-OPT frameworks are sets of optimal solutions. However, 
there are some caveats to consider here. Firstly, even though evolutionary 
algorithms have been shown to perform well in building design problems 
(Nguyen et al., 2014), they are heuristic and thus cannot necessarily guarantee 
that the optimal solutions are found (Coello et al., 2007). Secondly, and more 
importantly, the optimal solutions are only optimal in the absence of further 
information (Deb et al., 2002). In other words, they should ever only be 
considered optimal in light of the objectives used in the optimization process. In 
Papers II – IV the number of objectives used when applying the respective 
frameworks was limited to two. However, many more objectives may need to be 
considered during a building design process. Previous studies using multi-
objective optimization approaches share this limitation (Nguyen et al., 2014). 
Because of this, the outputs (i.e. the optimal solutions) obtained using the 
evolutionary design approaches explored in this thesis need to be further 
analyzed and developed by considering objectives and other factors that were 
not explicitly included in the optimization process.  
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5.2 How can a computational design approach be integrated in a BIM-
based workflow? 

BIM can play an important supporting role in computational design approaches 
(Borrmann et al., 2018) by encapsulating and organizing information but also by 
facilitating the exchange of information between different systems and tools. 
However, to leverage the benefits of BIM and computational design, their 
interactions must be further examined (Abrishami et al., 2015). The second 
research question therefore addressed this by calling for the proposal of 
processes and components needed to integrate a BIM-based workflow with a 
computational design approach for exploration and optimization of building 
design solutions. Findings drawn from the development of the proposed 
frameworks and experience gained during their application in the cases resulted 
in two strategies for integrating computational design approaches with BIM-
based workflows: 

• A master model concept can be used to structure and contain the 
constituent components needed to link inputs, outputs, and processes 
used in computational design approaches for exploration or optimization. 
This provides a container to define a product, its design variables, 
constraints, and objectives, and to support the generation of 
representations and models necessary for evaluation of metrics. 

• To facilitate information exchange and interoperability for the systems 
involved in computational design approaches, middleware components 
can be used as an interface to support information exchange. This 
facilitates the integration of existing computer-based methods and tools 
in BIM-based workflows into computational design approaches. 

These findings are relevant to computational design approaches because they 
target information management, automation of design procedures, and the 
automated incorporation of feedback from simulation results – characteristics 
that are argued to be central to computational design approaches (Caetano et al., 
2020). As noted by both Salimzadeh et al. (2020) and Abrishami et al. (2015), 
combining BIM models with a computational design approach can provide 
valuable benefits for managing building information. Accordingly, findings 
related to the BIM-OPT and MM-OPT frameworks show how a BIM model 
could be used as an input to provide information on a building design’s current 
state, which can then be elaborated upon and developed in a computational 
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design approach. Additionally, they show how automatically capturing the 
output of the computational design approach can be valuable as it removes the 
need to manually create or change a BIM model based on the results, which can 
be time-consuming and error prone. 

Most of the information captured and managed in BIM models is static 
information. To facilitate automation of design procedures and enable automated 
incorporation of feedback from simulation results, a BIM-based workflow must 
also have a dynamic way of working with the building representation and the 
ability to exchange relevant information with tools for calculations, analysis, and 
simulation. BIM software typically has some parametric capabilities (Cervosek, 
2011; Ghaffarianhoseini et al., 2017), which could provide a foundation for 
implementing a computational design approach by enabling algorithmically-
driven changes in a building’s geometrical or functional definitions. However, 
these capabilities do not always match those required by computational design 
approaches, which might require more complex changes or scenarios. Instead of 
disregarding BIM entirely because of these shortcomings, a BIM-based 
workflow could instead be augmented to include the necessary functionality 
(Wortmann & Tunçer, 2017).  

The master model concept used in the MM-OPT framework strives to support 
this type of augmentation. In this framework, the master model serves as a 
container housing the BIM model along with other components. It was 
recognized that the master model approach allowed for the creation of 
intermediate temporary sub-models. The recognition that these models are 
temporary (i.e. only needed to support the computational design approaches) 
means that they are subject only to minimal requirements relating to information 
and structure. This approach borrows concepts from common data schemas such 
as IFC (Sacks et al., 2010; Steel et al., 2012) and centralized BIM repositories 
(Singh et al., 2012) as well as tailored problem-specific solutions (Asl et al., 
2015; Ahn et al., 2014; Jensen et al., 2012). To address the latter issue, a 
middleware component was developed that provides a mechanism for managing 
information exchange and the coordinated control of systems and tools (Toth et 
al., 2012). The middleware can thus function as a support system whose purpose 
is to ensure adequate interoperability between the components of the master 
model and the processes of a computational design approach. This is especially 
important for maximizing the effectiveness of computational design approaches 
through partial or complete automation (Abrishami et al., 2014; Caetano et al., 
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2020). In the absence of holistic solutions that can facilitate the implementation 
of computational design approaches, a flexible master model and middleware 
approach can be used to satisfy the need for information management and 
automation. The attractiveness of such an approach is enhanced by the vast range 
of purposes, contexts, objectives, and other aspects that a computational design 
approach may have to address; this complexity could be difficult to address 
satisfactorily using a holistic all-encompassing approach, making flexible 
alternatives that facilitate tailored implementations a useful and viable 
alternative. 

5.3 Reflections on the research and findings 

The purpose of the research presented in this thesis was to explore computational 
design in the context of building design. The research sought to iteratively 
develop proposals by combining existing knowledge from related fields with 
new ideas and directions. This had implications for the research process and its 
findings. 

The iterative nature of the research design was found to be central to the research 
conducted within this thesis. All of the proposed frameworks presented in the 
appended papers underwent several iterations during which new ideas and 
relevant existing knowledge were identified and evaluated. These ideas and 
findings originated from literature in related fields, the experience and 
knowledge of the researchers, and feedback provided by practitioners involved 
in the research projects and colleagues in the field. For example, the SA-OPT 
framework proposed in Paper IV underwent several major reworks during the 
research process. Among other things, these reworks explored the use of 
robustness measures, different sensitivity analysis algorithms, and varying case 
contexts. Each idea and concept that was identified as potentially relevant and 
applicable was then evaluated; some were deemed fruitful given the aims of the 
study while others were dismissed because they were not considered to 
contribute meaningfully to the achievement of those aims. Those in the former 
category were examined further and incorporated into the proposed frameworks. 
The upside of this approach was that a broad spectrum of existing knowledge 
was considered, and the iterative evaluation process had the potential to reveal 
new applications or developments. Such an approach can help refine existing 
knowledge by establishing new contexts for its application and highlighting 
changes that may be needed to support its use in those contexts. A risk related to 
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processes of this kind is that it can be difficult to adequately survey a large area 
of knowledge, and one must at some point decide that sufficient exploration has 
been done to enable a meaningful contribution to be made. This can be made 
challenging by inconsistencies in definitions and overlapping terms, which are 
unfortunately common in the field of computational design (Caetano et al., 
2020). Additionally, the filtering and selection process was primarily done by 
the researchers based on qualitative assessments, which presents a risk of 
subjective knowledge development. To minimize this risk, efforts were made to 
ensure transparency and clarity, and the research was continuously presented to 
research colleagues and industry partners to identify potential missed 
opportunities, valuable contributions, and critical considerations that may 
otherwise have been overlooked. During the research process, this feedback 
provided new directions and created scenarios where choices needed to be 
critically evaluated, improving the quality of the final findings. 

The findings of this process are structured around and presented in terms of the 
developed frameworks, which represent the main outcome of the research. The 
proposed frameworks themselves are used as a format for organizing ideas and 
suggesting actions (Morton, 1983), and can be viewed as a proxy through which 
knowledge can be developed. These frameworks are comprised of the 
components, processes, and relationships that were chosen and further 
developed based on the exploration during the research process. The relationship 
between the proposed frameworks and the research questions lies in the 
intentions of the latter. Given the formulation of the research questions, they 
indicate that the intentions were not to provide a definitive answer to how 
something should be done or why something is done, but rather how something 
could be done. Their formulation also implies that an exhaustive answer (e.g. 
what should be done) should not be expected; instead, the aim was to offer one 
proposal or more in response to each question, which should then be subject of 
further research and refinement.  

The findings presented in this thesis emphasize the need to consider the diverse 
interests and requirements of stakeholders in the building design process 
(Østergård et al., 2017; Ye et al., 2009), some of which may be in conflict and 
thus necessitate trade-off assessments (Cagan et al., 2005; Diaz et al., 2017; 
Kiviniemi, 2005). It has been shown that computational design approaches can 
help address such challenges during the design process by enabling rapid 
generation of design alternatives, and that the inclusion of algorithms can assist 
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in the search process. This aligns well with the approach of supporting 
exploration early on in the design process and then narrowing down towards a 
design’s final form (Jones, 1992; Maher et al., 1996). Additionally, the heavy 
emphasis on including evaluations and automated feedback from those 
evaluations facilitates that performance-related design objectives can be 
supported. Computational design could thus be used to support the creation of 
novel solutions that meet demanding requirements by considering performance 
as a driver. This capability is illustrated in Papers I – IV by applying the 
developed frameworks in four different cases with conflicting design objectives 
related to issues such as life cycle energy use and costs. This indicates that 
computational design could help support sustainable or green building design, 
where ambitious goals concerning energy use and emissions are among the 
objectives that must be considered (Khasreen et al., 2009; Kibert, 2016), and 
potentially valuable contributions can be made (Akadiri et al., 2012). This type 
of context poses interesting challenges in terms of adding additional objectives 
and constraints to a building design process that already needs to consider a 
broad range of interests and requirements. The need to address issues of 
sustainability alongside the traditional concerns of construction projects has the 
potential to expand the scale on which computational design approaches can add 
value: in addition to facilitating the design process itself, it could contribute to 
efforts of sustainable development in the building industry. 

Despite the potential benefits of computational design shown in this thesis, these 
findings are inherently limited by the exploratory nature of the research 
presented here and the fact that the proposed frameworks were developed in 
specific settings (e.g. settings where the aim was to solve an identified issue in a 
specific context). As such, the contributions presented here should not be seen 
as holistically providing the knowledge needed that can meet all needs for 
exploration and optimization in building design. Instead, the findings offer 
insights and knowledge about the relationships and interactions between, and the 
requirements of, different ideas, concepts, and approaches for supporting the 
exploration and optimization of building design solutions using a computational 
design approach. The core components of these computational design 
approaches could be used in broader building design settings; however, they may 
need to be adapted and extended based on the properties and requirements of 
those settings. Additionally, it should be acknowledged that while computational 
design approaches can be powerful tools with great benefits, they are only one 
of many possible approaches and methods for supporting exploration and 
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optimization in a building design process. Implementing a computational design 
approach in a building project’s design process could necessitate the acquisition 
of additional knowledge and resources as well as changes to the design process 
and practitioner roles. Therefore, the use of such an approach will have an 
inherent cost that must be considered, and the implementation and use of 
computational design approaches must be critically analyzed in the context at 
hand to ensure that the results obtained will justify the necessary investment. 
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6 CONCLUSION 

This section presents the main contributions and practical implications that can 
be drawn from the research underpinning this thesis. Lastly, some limitations of 
this work are discussed as topics for further study. 

6.1 Contributions 

The most important outcome of the research presented in this thesis is the 
proposal and demonstration of four computational design frameworks for 
supporting the exploration and optimization of building design solutions. These 
frameworks address the need for (1) assessment of design alternatives during the 
early stages of design to improve understanding of the design problem and 
facilitate the emergence of new ideas (Gero, 1990; Lawson, 1994), and (2) 
development of solutions that fulfill demanding and sometimes contradictory 
requirements (Cagan et al., 2005; Diaz et al., 2017; Kiviniemi, 2005; Rekola et 
al., 2012). Additionally, two strategies were identified that facilitate the 
integration of computational design approaches with BIM-based workflows. 
These support the need to manage relevant information, automate design 
procedures, and incorporate automated feedback (Caetano et al., 2020; Hamidavi 
et al., 2020; Gerber & Lin, 2014). The theoretical contributions can be 
summarized as follows: 

• The four proposed frameworks and their applications show how a 
computational design approach could be technically constructed from a 
systems perspective but also how their compositions can align them to 
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support different purposes related to building design exploration and 
optimization. 

• The DE-GD framework offers a way to integrate interactivity into a 
generative design approach, giving users a way to interact with and 
control a generative process. This includes both presenting solutions to 
the user and gathering user preferences during an iterative process that 
can be seen as a form of collaboration with the generative algorithm. 

• The challenge of selecting a Pareto solution to progress with could be 
addressed by applying a post-optimization sensitivity analysis in an 
evolutionary design approach as suggested in the SA-OPT framework. 
This extends the applicability of sensitivity analysis in the context of 
optimization beyond pre-optimization factor-fixing. 

• Master model concepts and middleware components could be used to 
support the level of information exchange and automation between tools, 
databases, and algorithms used in computational design approaches. This 
alleviates some important current interoperability challenges and 
facilitates the desired integration of computational design approaches 
with BIM-based workflows. 

This thesis also has a number of practical implications: 

• Computational design approaches can facilitate a transition from 
unilateral design focuses and show designers and decision-makers how 
alternative solutions can contribute either positively or negatively to 
relevant design objectives. This can be supported by the rapid generation 
and evaluation of design alternatives. 

• Approaches based on evolutionary design can enable simultaneous 
consideration of multiple objectives. This helps decision-makers to 
recognize and consider trade-offs between multiple objectives and can 
provide solutions that balance key objectives, which may be particularly 
useful for practitioners needing to consider the implications of 
sustainable or green building design practices. 

• The incorporation of sensitivity analysis into a computational design 
approach allows the optimal solutions that are generated to be 
complemented with additional information that can give decision-makers 
valuable insight into the sensitivity of different optimal solutions to 
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changes. This facilitates deeper analysis of optimal solutions with respect 
to considerations such as constructability and aesthetics, as well as the 
prioritization of optimal design parameters. 

• Augmenting BIM-based workflows with the tools needed to integrate 
computational design approaches allows existing workflows to 
incorporate an additional layer of design exploration and optimization 
support. 

6.2 Limitations and further research 

The research presented in this thesis has some limitations and further research 
will be needed to fully exploit the potential of computational design to support 
exploration and optimization in the building design process. Some of these 
limitations are outlined below, along with a few suggestions for future research 
in this area: 

• The frameworks proposed within this thesis have been demonstrated in 
real-world cases. However, their potential implementation in practice has 
not been studied. As such, the following research is suggested: 

o To address the fact that computational design approaches might 
not always be applicable or provide sufficient benefits to justify 
their costs, further research is needed to better understand the 
strategic use of computational design approaches and to identify 
the building design problems they are suitable for solving. 

o The impact of applying a computational design approach on the 
role of project participants (e.g. architects, engineers, etc.) needs 
further consideration. Therefore, there is a need to study the 
potential negative effects and limitations of using computer-
based tools to drive a design process (Robertson & Radcliffe, 
2009), and to determine how computational design might shift 
knowledge requirements if toolmaking becomes a part of an 
architect’s or engineer’s role (Oxman, 2006). 

• The cases in which each framework was applied represent only a small 
subset of the potential design scenarios that may be encountered in 
building design. Because different design problems may have vastly 
different circumstances and objectives, the proposed frameworks should 
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be applied in a wider range of cases to test their usefulness under different 
conditions and identify areas in need of further development.  
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