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ABSTRACT 

The raising concerns in buildings life cycle sustainability complicate the optimisation of structural 

systems and thus trade-offs between material use, carbon and cost efficiencies are often hard to 

recognise. Additionally, Decision-Makers’ (DM) expertise can influence the final selection of 

structural systems. To better understand where trade-offs might occur both the engineering 

optimisation and DM preferences should be considered when specifying a structural system. 

Currently there are no effective ways to consolidate those aspects. 

However, opportunities to enrich the current sustainable engineering practices lie within Building 

Information Modelling (BIM). Key questions emerged: How optimised structural alternatives can 

be established based on explicit constructability constraints; what does the optimisation of the 

structure mean to the lifecycle carbon performance of the building; how the preferences of DM 

influence the selection of optimum structural designs? 

To address these challenges, a participatory group decision making model to specify project and 

engineering design requirements is first established using Quality Function Deployment (QFD). 

The QFD model uses Evidential Reasoning (ER) algorithms under uncertainty. Subsequently, a 

multilevel computational model for cost and carbon optimisation using NSGA-II and 

constructability functions is developed. Selected optimised solutions are then evaluated using 

TOPSIS in an a posteriori optimisation procedure that identifies solutions with the highest 

acceptance rankings based on the design priorities computed in the QFD model. Finally, to ensure 

that the selected optimised structural designs do not have any consequential impacts at building 

level a whole building assessment is carried out utilising Life Cycle Assessment (LCA).  

All the components in the new decision-based optimisation framework are applied and tested in 

real buildings. The study shows how structural engineers and other DM can effectively use the 

proposed framework to augment decision-making procedures towards more material efficient, 

sustainable and cost-effective building structures. The knowledge gained from the computational 

models are summarised in BIM-based applications that facilitate more informed structural design 

decisions. 
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CONTRIBUTION TO KNOWLEDGE 

Due to the limited applications of sustainable concepts in the context of building structures, the 

research investigated a novel and practical method to improve the current sustainable structural 

design and decision-making paradigms. Specifically, the research established and tested a 

systematic decision framework for the design optimisation of structural systems embedding 

computational mechanisms with engineering domain knowledge.  

To achieve that, the research made the hypothesis that BIM technologies could help bridge the 

gap between sustainability and engineering efficiency in building structures. BIM functionalities 

were utilised throughout to facilitate the proposed framework enabling data collection, interaction, 

analysis and visualisation.  

The research suggested that the developments within BIM technologies could act as an 

opportunity for structural engineers to radically shift the existing design and delivery procedures 

of efficient structures by expanding the engineering domain into the sustainable performance 

domain and by creating a shared decision space that is supported by a common BIM specification. 

The main contributions to knowledge from this research are summarised below: 

1. Thorough examination of the limitations in the current engineering design and sustainable 

decision-making applications and particularly how the gap between the structural 

engineering and sustainability domains could be reduced in practice. 

2. Investigation of a novel approach that utilises BIM functionalities to amplify the cost, 

carbon and material efficiency of building structures. Four BIM-enabled mechanisms were 

developed within the proposed framework:  

o Systematic group decision model to identify design characteristics and priorities 

for the structure, 

o Multilevel design optimisation of building structures considering several 

constructability constraints and cost and embodied carbon objectives, 

o Whole-building lifecycle carbon assessment, 

o Multi-criteria decision making analysis to synthesise decision-makers’ preferences 

and engineering optimisation outputs.  

3. Numerical applications of the developed framework in real case studies were investigated 

to understand: 



 8 

o how decision makers interact when assessing the buildings structural systems at 

the beginning of a project, 

o the detailed relationships between low cost and low embodied carbon designs for 

the entire structure and the constituent structural components,  

o whether the optimisation of the structural system could affect the lifecycle carbon 

balance of the entire building, 

o the benefits from using an automated model for the selection of structural systems 

under varying decision scenarios.  
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1. INTRODUCTION 

1.1. Defining the Problem 

The building sector has been identified as a major contributor to the global environmental impacts 

due to human activities (Bribian, et al., 2009; Junnila & Horvath, 2003). Life Cycle Assessment 

(LCA) has been used in buildings and the construction industry since 1990 (Fava, 2006) to 

evaluate the sustainability and environmental performance of building systems from material 

selection to end-of-life (Erlandsson & Borg, 2003). In structural engineering, LCA methods and 

concepts could be effectively integrated within design optimisation methods to improve the 

material efficiencies and environmental performance of building structures (Eleftheriadis, et al., 

2017).  

The optimisation of structural material can influence the buildings energy balance, the total 

construction costs, robustness or aesthetics (Nassar, et al., 2003). A better integration between 

material properties and structural design could further assist the development of efficient 

engineering solutions and systems (Edwards, 2002). In structural engineering a common way to 

achieve this integration is through structural optimisation techniques. 

Most structural engineering problems could be formulated as optimisation problems that achieve 

optimum structural performance whilst satisfying conflicting design constraints (Bennage & 

Dhingra, 1995). Over the last few decades, many optimisation methods have been proposed 

(Jahjouh, 2012; Jenkins, 1991; Zavala, et al., 2014; Bensdoe & Sigmund, 2002) to achieve efficient 

and economic designs (Glover, 1977; Pincus, 1970). Cohn & Divonitzer (1994) wrote a 

comprehensive review of structural optimisation methods based on 500 publications on the subject 

surveying the degree of implementation and application of optimisation methods into practical 

engineering problems. In their review, they also identified a large gap between the theoretical 

work and the practical application of structural optimisation.  

Currently structural engineering design practices focus primarily on cost minimisation. However, 

due to the increasing concerns on buildings sustainability more structural engineers have begun 

to investigate how design changes in structural systems could influence the lifecycle balance of 

buildings performance (Camp & Assadollahi, 2013; Gencturk, 2013; Khajehzadeh, et al., 2014; 

Martinez-Martin, et al., 2012; Garcia-Segura, et al., 2014).  
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In the construction industry, one of the most common environmental performance indicators is 

embodied carbon dioxide (Yepes, et al., 2012). In building structures, in particular, methodological 

approaches that allow a thorough cost and embodied carbon analysis of the structure are still 

necessary (Blismas, et al., 2006). Nevertheless, it is difficult to take cost-effective decisions without 

knowing the trade-offs or the relationships between the economic and the environmental 

performance impacts (Wang, et al., 2005). 

Recognising trade-offs between material use, carbon and cost efficiencies has been a major 

challenge for engineering practitioners and researchers for more than a decade. Currently 

systematic procedures that effectively consolidate those aspects in building structures systems are 

lacking. Additional work is still needed in the domain of structural optimisation to support more 

robust and practical decision-making procedures. The optimisation of building systems such as 

structural systems requires 1) a clear organisation of all the information provided by the various 

stakeholders against project specific decision criteria (Cidik, et al., 2014) and 2) assessment 

methods that offer a better understanding of the final design selection (Brahme, et al., 2001).  

In response to these issues the rapid innovations in computer systems and data interoperability 

as well as the advancements in material resourcing and decision-making practices could contribute 

towards new engineering paradigms that improve the sustainability and cost effectiveness of 

structural designs. Building Information Modelling (BIM) technologies could play a significant 

role in this. BIM is a consolidated model, which can be used to store and communicate geometric, 

spatial relationships, geographic information, material quantities and properties of various 

building components, cost estimates, supply chain inventories and project schedules (Dossick, et 

al., 2010; Cheung, et al., 2012).  

In recent years, new methods that utilise BIM technologies to analyse a range of sustainability-

related problems were introduced, varying from environmental impacts assessment (Lu, et al., 

2009), waste management (O'Reilly, 2012; Rajendran & Gomez, 2012), design guidance on 

environmental issues (Zeng, 2012; Peters, 2012; Firoz & Rao, 2012; Park, et al., 2012; Rekola, et 

al., 2012) and carbon policy analysis on building stocks (McAuley, et al., 2012). Moreover, BIM 

has been extensively used as a platform to improve the project team’s capabilities to coordinate 

and monitor the construction works and to manage the facilities during the operation of the 

building (Wong & Kuan, 2014). From the design analysis perspective, BIM applications have been 

used to enhance energy (Schlueter & Thesseling, 2009; Ahn, et al., 2014; Yan, et al., 2013), 
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daylighting (Kota, et al., 2014), lifecycle (Gu, et al., 2006; Gervásio, et al., 2014; Basbagill, et al., 

2013) and environmental impacts assessments (Azhar & Brown, 2009; Bank, et al., 2010; Wong, 

et al., 2013; Nour, et al., 2012). 

The use of BIM has the potential to transform the way environmental impact and cost assessments 

are integrated within building systems (Russell-Smith & Lepech, 2011; Jrade & Jalaei, 2013). 

Weisenberger (2011) raised the question of how structural engineers can influence the development 

of sustainable building designs focusing on the “collective design and construction consciousness”. 

The main concern is how structural engineers could utilise the new BIM-integrated applications 

to look beyond the material selection and focus on design decisions that optimise the material 

performance of buildings in a holistic manner.  

1.2. Addressing the Problem 

The problem this research addresses is organised around two main directions based on the nature 

of relevant design processes:  

1. “Linear” - Structural design optimisation for cost and carbon efficiency based on 

comprehensive constructability functionalities considering the implications at whole 

building performance. These processes are numerically unambiguous features of the 

design development and thus are considered linear.  

2. “Non-Linear” - Assessment of these optimised designs considering the decision processes 

associated with the evaluation and the final selection of structural designs in real projects. 

These processes incorprate human feedback and methods to improve collaboration and 

thus are considered non-linear. 

1.2.1. Aims & Objectives 

The complexity associated with the sustainable design of building structures lies in achieving an 

effective collaboration between various disciplines, both at the technical and non-technical level. 

Furthermore, rigorous sustainability analyses of buildings design require the integration of various 

systems such as architectural models, structural models, energy models, cost models, mechanical 

system models, indoor air quality models, etc. Thus, integrated structural engineering frameworks 

that maximise the mechanical, economic and environmental performance of buildings during their 

lifecycle could inform efficient decision-making practices overall.  
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To accomplish this, comprehensive analysis techniques should be established focusing on how the 

building’s individual elements interact with the rest of the building components. In addition, the 

macroscopic mechanisms and relationships of the interconnected systems must be studied and 

assessed to enhance the decision-making process.  

The main objective of the research is to: “investigate and validate a novel decision framework that 

develops realistic optimised designs and assists structural engineers and other decision-makers 

identify and assess these design alternatives by embedding BIM technologies”. To achieve that, 

the study aims to construct a set of design tools that help project teams generate and 

systematically analyse cost and carbon optimised structural solutions. The detailed aims of the 

study are summarised below: 

1. Relevant to the “Non-linear” processes: To investigate how a systematic group decision-

making procedure could be used for the formulation of decision priorities and explore its 

practical applications in the context of buildings structural design,  

2. Relevant to the “Linear” processes: To develop an understanding of the relationships 

between the cost and the carbon performance of optimised building structures and in turn 

evaluate how these optimised design instances may be used to determine performance 

design benchmarks, 

3. Relevant to the “Linear” processes: To quantify the consequential effects of optimised 

structural alternatives on the lifecycle carbon balance of tested buildings and to provide 

recommendations for their further integration, 

4. Relevant to the “Non-linear” processes: To investigate the effect of preference-based 

decision models on the final selection of optimised design alternatives and provide 

generalised findings that could augment the overall decision-making quality. 

1.2.2. Scope 

The study investigated the structural design efficiency of residential RC buildings as they cover a 

large proportion of new buildings in the UK market. Potential design improvements in the material 

efficiency of this building typology would also have big impacts in the entire construction industry 

as insights could be easily transferred to other building types such as commercial buildings with 

similar structural systems. Thus, to test the aforementioned studies real buildings selected from 

the industrial partner’s portfolio were used. Price & Myers portfolio of multi-storey RC buildings 
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were extensively reviewed for representative cases. The initial screening involved technological 

and time criteria. More than 15 projects constructed after 2010 were recognised. Three buildings 

were excluded because they were not designed and delivered using BIM and FEM technologies. 

This was an important consideration as these technology solutions consist the current best practice 

in terms of structural design delivery. Buildings under 5 storeys were also removed from the initial 

set due to large variabilities in the slab layouts as they were considered special cases.  

The remaining 9 buildings were further filtered down based on their construction details to ensure 

consistency. Specifically, 3 buildings with pre-cast columns were exluded from the set. The 

remaining 6 cases were organised based on their general floor layout characteristics to investigate 

the impact of different aspect ratios in the optimisation of the structural system. This classification 

resulted in two main main categories of buildings with one-to-one and two-to-one aspect ratios. 

Table 1.1 summarises the main characteristics of the selected building cases. Both buildings are 

residential and the structure consists of flat slab floors supported by in-situ columns which is a 

typical and widely used solution in the UK.  

The selection of buildings does not mean that the outcomes and insights obtained from this reseach 

will be less relevant in other building typologies. Instead, the proposed decision framework can be 

implemented in any simple or more complex building. The “non-linear” processes are applicable in 

every building case as they capture how a group of designers specifies design priorities, collaborates 

and reaches to a conclusion. On the other hand, the “linear” processes will have to be adjusted 

based on different structural systems (steel, concrete, timber) to create relevant design solutions 

applicable in each building case.  

Table 1.1 Summary of building scenarios used in the research for testing the design tools 

 Type  Slab 
Structure 

Column 
Stucture 

Foundations Number of 
storeys 

FEM/BIM 

CS1 Residential  Flat slab In-situ Piles  8-20 Yes/Yes 

CS2 Residential Flat slab In-situ Piles  10-16 Yes/Yes 

1.3. Research Design 

Decsion models for sustainable building structural designs involve complex procedures that could 

be facilitated by interdisciplinary research approaches. First, a comprehensive review of the 



 

 26 

literature was conducted to examine the gaps in knowledge but also to identify conceptual 

challenges that would enable further contributions to the field. The literature review was 

structured around four main components: Multi-Criteria Decision Methods (MCDM), LCA, Multi-

Objective Design Methods (MODM) and BIM. The findings and the research gaps identified from 

the literature chapter were used to establish the main components of the decision framework to 

bring closer the sustainable energy and structural engineering domains under a common BIM 

specification. Thus, the proposed decision framework was structured around four interconnected 

parts to effectively respond to the four questions described in section 1.2. 

Figure 1.1 summarises the main mechanisms developed and tested in the research. In Part 1, 

relevant design characteristics for the structure were recognised and prioritised, whereas in Part 

2 structural design optimisation based on cost and embodied carbon performance was 

implemented. Following on from the computation of the optimised structural solutions, an 

assessment of the lifecycle carbon emissions at building level was conducted in Part 3. Finally, 

the definitions from Part 1 to Part 3 were synthesised in the last study (Part 4) to identify the 

preferred structural designs embedding project stakeholders’ domain knowledge into the results 

obtained from the optimisation analysis.  

 

Figure 1.1 Main mechanisms examined in the research and the relevant chapter descriptions 
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In the proposed multi-method approach there was no dedicated chapter for the research 

methodology. Instead, each of the four parts of the study previously defined is organised in 

separate chapters covering the research methods and results verification as shown below: 

1.3.1. Chapter 3: Design Prioritisation (Part 1) 

A generalised methodology for the specification of project relevant design priorities of the structure 

was explored in Chapter 3. Specifically, a group decision making model using Quality Function 

Deployment (QFD) was established and verified in both building cases (CS1 and CS2). An 

experimental study that combines the mathematical QFD model with data preferences from an 

actual project team was conducted.  

During the experiment, relevant data were collected from a custom BIM-based application which 

was developed to effectively obtain and analyse stakeholders’ preferences. Project related 

requirements were recognised, followed by explicit engineering design requirements. Data collected 

from the participatory procedure were analysed with Evidential Reasoning (ER) algorithms to 

account for the uncertainties associated with the stakeholders’ preferences. The outputs from the 

first chapter  include both qualitative design elements as well as numerical assessment priorities 

that are used in Chapter 6. 

1.3.2. Chapter 4: Design Optimisation (Part 2) 

This chapter involved the generation of optimised and realistic design alternatives for the selected 

building structures (CS1 and CS2). A multilevel multi-objective genetic algorithm (NSGA-II) was 

implemented to find the Pareto front based on cost and carbon objective functions. Carbon data 

sources were based on academic publications and industry product/material sources. Cost data 

were based on Spon’s Architect’s and Builders’ Price Book 2017.  

The optimisation algorithm interacted with BIM models to obtain building data required in the 

structural analysis with the Finite Element Model (FEM). The design optimisation operated on 

three levels: 1) Structural layout, 2) Sizing, and 3) Detailing. Several constructability constraints 

were assigned to the model to avoid unrealistic designs. The outputs from this study involved 

structural design solutions that were optimised based on their cost and carbon performance. Cost 

& carbon figures were analysed with relevant studies from the literature to verify their generality. 
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1.3.3. Chapter 5: Design Assessment (Part 3) 

Chapter 5 examines the implications of the optimised designs computed in Chapter 4 to the 

lifecycle carbon performance of the entire CS2 building. LCA and BIM were implemented to 

develop an integrated embodied and operational carbon analysis framework. The boundaries of 

the system are defined, whilst data inventories are collated via a rigorous literature review. 

Environmental Product Declaration (EPD) carbon data were used where available. 

1.3.4. Chapter 6: Design Synthesis (Part 4) 

The final part of the research evaluates the relationships between cost- and carbon- optimum 

designs in CS2 using previous engineering knowledge. An a posteriori design selection framework 

with a robust MCDM approach (TOPSIS) is used based on the numerical assessment established 

in Chapter 3 and the results from design optimisation generated in Chapter 4 and 5. A relationship 

matrix was defined comprising technical functions (cost and carbon performance) and non-

technical function (preferences). The final ranking of the optimised solutions is visualised within 

BIM and can be accessed by DMs. Generalised findings of the solutions’ overall performance are 

identified.
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2. LITERATURE REVIEW 

2.1. Introduction 

It is crucial to understand the flow of interactions between materials, components, and processes 

within the building life cycle in order to successfully meet national and global environmental 

emissions’ targets (Ibn-Mohammed, et al., 2013), and in order to optimise the energy balance 

between the various building components (Takano, et al., 2015). Some of the challenges structural 

engineers are still facing today when implementing sustainable methodologies include: 1) Cost 

reductions (Economic level), 2) Convincing clients of the potential benefits (Industrial level), 3) 

Educating project teams regarding the available design alternatives (Educational level), and 4) 

Ensuring that sustainable solutions do not compromise the structural characteristics (Performance 

level) (Miller, et al., 2015a). Furthermore, the limited application of sustainable environmental 

approaches in building structures is often attributed to the lack of reliable and user-friendly 

computational tools (Alwan & Jones, 2014).  

BIM is defined as “a set of interacting policies, processes and technologies generating a 

methodology to manage the essential building design and project data in digital format throughout 

the building’s life cycle” (Succar, 2009a). BIM is a consolidated model, which is used to store and 

communicate geometric, spatial relationships, geographic information, quantities and properties 

of various building components, cost estimates, material inventories and project schedules 

(Dossick, et al., 2010; Cheung, et al., 2012). In building projects where several stakeholders are 

involved in the decision procedures, BIM could be implemented to enhance information exchange 

and teams’ collaboration at design and construction phases (Arayici, et al., 2011; Kymmell, 2008; 

BSI, 2010). Furthermore, the use of BIM has the potential to revolutionise the way environmental 

impact and energy models are integrated within the building systems (Russell-Smith & Lepech, 

2011; Jrade & Jalaei, 2013).  

BIM has been extensively used as a platform to enhance the design team’s capabilities to co-

ordinate building documentation and design analysis, to monitor construction works and to 

manage facilities during the different operational phases of a building in an integrated and 

systematic way (Jrade & Jalaei, 2013). Research activity has begun to develop new BIM 

applications that address a range of sustainability related issues (Ding, 2008; Kohler & Moffatt, 

2003): the assessment of environmental impacts (Lu, et al., 2009), waste management (O'Reilly, 
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2012; Rajendran & Gomez, 2012), environmental design guidance (Zeng, 2012; Rekola, et al., 2012; 

Firoz & Rao, 2012; Park, et al., 2012) and government strategy for carbon reductions in both the 

current and the future building stock (McAuley, et al., 2012). However, further studies on the 

integration of BIM with sustainable and green building strategies are required to maximise the 

environmental and energy benefits during the various life cycle stages (Zuo & Zhao, 2014; Yuan, 

et al., 2013).  

Weisenberger (2011) has raised the question on how structural engineers can influence the 

development of sustainable building designs focusing on the “collective design and construction 

consciousness”. In this collective decision process, structural engineers could utilise BIM-integrated 

applications to look beyond the material selection and focus on design decisions that optimise the 

material performance of buildings in a holistic manner.  

In structural systems, the advantages as well as the limitations of BIM integration have been 

reported by Solnosky (2013), whilst Nawari et al. (2011b) have suggested that BIM integrated 

structural analysis will allow engineering students and practitioners to develop a finer 

understanding of the various structural concepts. The next generation of BIM-based structural 

modelling platforms would include Design Authoring Modelling (Code checking and feedback), 

Analysis & Design Modelling (Simulations), Detailing/Component Modelling (Buildability), 

Fabrication Modelling, and Construction Application Modelling (Coordination) (Nawari, et al., 

2011b). In addition, integrated structural design and construction processes within BIM can be 

organised in the three phases that include: 1) Concept design, 2) System design, and 3) Component 

design (Solnosky, 2014). 

Traditionally, the main reasons behind the lack of embedded and sustainable decision-making 

practices in building systems have been attributed to the scarce or the inefficiency of policy 

requirements associated with the structures’ sustainable performance and the confusion amongst 

many practitioners regarding effective energy efficient structural solutions (Miller & Doh, 2014). 

In practice, there is little or no incentive for structural engineers to improve the environmental  

performance of their designs (Ramesh, et al., 2010), which often results in unnecessary use of 

structural materials.  

Other constraints that restrict the application of sustainable methodologies in structural 

engineering practice include (Danatzko & Sezen, 2011): 1) The additional design and analysis time 
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that is required to conduct detailed optimisation studies at material and system level, 2) The 

vagueness of the relationship between the structural systems and the materials’ production energy, 

3) The uncertainty and reluctance around the overall LCA capabilities, 4) The absence of 

systematic reuse mechanisms to accurately model and inspect the versatility of building structural 

systems. 

The current BIM developments offer structural engineers ways to radically shift the existing design 

and delivery procedures of energy efficient structures by expanding the engineering domain into 

the sustainable performance domain and by creating a synergistic decision space that operates 

under a common BIM platform. The raising concerns for climate resilient buildings are expected 

to reinforce the requirements for novel decision-making paradigms in building structures that will 

augment the traditional engineering performance criteria (cost, safety and buildability) with 

sustainable components (energy use, resources depletion, emissions and waste). The research offers 

potential advances that could emerge in the field of structural engineering from the integration of 

BIM with sustainability assessments and particularly with life cycle energy components.  

2.2. Sustainability Assessments in Building Structures 

During the last 20 years, LCA has been extensively used as a sustainable methodology that has 

the potential to quantify and to reduce the environmental impacts and the energy use of building 

systems (Khasreen, et al., 2009; Singh, et al., 2011; Perez, et al., 2008; Puskas, et al., 2014). In 

structural engineering besides LCA, other energy efficient strategies often involve the reduction 

of materials’ use and production energy as well as the increase of structural systems reuse rates 

(Danatzko & Sezen, 2011; Anderson & Silman, 2009). 

LCA approaches have been used in buildings to inform sustainable and energy efficient decisions 

by examining their environmental impacts (Russell-Smith, et al., 2015). LCA is an analytical 

evaluation procedure that quantifies the potential environmental impacts of products, processes 

or systems during their lifetime and it covers the stages from raw material extraction and 

production to operation and end-of-life (ISO 14040, 2006). The LCA methodology consists of four 

distinct phases: Goal and Scope Definition, Life Cycle Inventory (LCI), Life Cycle Impact 

Assessment (LCIA) and Interpretation (Finnveden, et al., 2009). The international standard ISO 

14040 (ISO 14040, 2006) defines LCA as “a technique for assessing the environmental aspects and 

potential impacts associated with a product, by: compiling an inventory of relevant inputs and 
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outputs of a product system; evaluating the potential environmental impacts; and interpreting 

the results of the inventory analysis and impact assessment phases”.  

2.2.1. Building Life Cycle Stages 

Energy efficiency measures in buildings focus on the environmental impacts of the: 1) Embodied 

phase, 2) Operational phase and 3) End-of-life phase (Cole & Kernan, 1996; Huberman & 

Pearlmutter, 2008). The embodied phase considers the impacts from the processes associated with 

the construction of a building including: material acquisition, transportation to site and 

construction activities. Embodied impacts can further sub-divided into two parts: the initial and 

the recurring impacts (Ibn-Mohammed, et al., 2013). The initial embodied impacts of a building 

represent the type of materials used, the primary energy sources, the transportation to the site 

and the preliminary construction processes. The recurring embodied impacts are related to 

maintenance and replacement of materials or components during the entire lifetime of a building 

(Ramesh, et al., 2010; Ding, 2004; Chen, et al., 2001; Treloar, 1998). The operational stage of an 

LCA is linked to the energy emissions during the occupation phase of a building and usually covers 

a significant proportion of its total life cycle emissions. It includes all the impacts associated with 

the building’s systems such as heating, cooling, lighting, ventilation, equipment use, etc. (Ramesh, 

et al., 2010; Yang, et al., 2005; Reddy & Jagadish, 2003). The operational impacts accumulate 

over time and they can be significantly influenced by the occupants’ pattern of energy use and 

systems’ efficiencies (Ibn-Mohammed, et al., 2013). Finally, the end-of-life stage of an LCA 

includes the impacts associated with the demolition, transportation of waste materials to landfill 

and recycling or re-use processes (Ramesh, et al., 2010). A building’s total life cycle energy 

emissions are the sum of the embodied emissions, the operational emissions and the emissions 

associated with the end-of-life (Ramesh, et al., 2010; Yang, et al., 2005).  

2.2.2. Energy Efficient Structural Systems  

The intention of this section is not to provide an extensive review of LCA theory in building 

systems, as detailed reviews on the topic can be found in the literature (Ortiz, et al., 2009; Ramesh, 

et al., 2010; Singh, et al., 2011). LCA has a great potential to drive energy efficient decisions 

specifically when applied early in the design process especially in the selection of materials and 

systems, in the assessment of design alternatives, in the development of the construction 

programme, etc. In this section the capabilities of LCA as a decision-making methodology in 
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building structures are explored by reviewing several practical examples from the literature. LCA 

applications can be divided in two main categories depending on whether the use/operational 

phase is included in the study. Ortiz et al. (2009) have found that 60% of the studies they reviewed 

use LCA only for the appraisal of building and material components. On the other hand, only 

40% of the cases include a whole life analysis.  

In building structures, the application of LCA could be organised in two subsequent levels 

depending on the whether the structural system is studied in isolation (System Level) or as part 

a whole building assessment (Building level). At system level, LCA is being used to compare 

primarily the embodied energy/carbon and emissions of different structural or material 

alternatives. At building level, structural alternatives are compared as part of full-building LCA 

including both the operational and the embodied phases. From the analysis of LCA applications 

in building structures four main categories have been recognised: 1) Structural Frames, 2) 

Structural Walls, 3) Structural Floors and 4) Material Properties. In the cases where the structural 

frame of a building is assessed the application of the LCA was conducted at building level. On 

the other hand, in all the other three categories it becomes evident that the embodied energy and 

emissions are the main quantitative measures the researchers have used. Table 2.1 summarises 

the findings. 

Table 2.1 Analysis of traditional LCA applications in building structures 

Category Description Level Reference 

Structural 
Frames 

Concrete Building 
Level 

Dimoudi & Tompa 
(2008) 

Steel and concrete Building 
Level 

Xing et al. (2008) 

Concrete and Timber Building 
Level 

Gustavsson & Sathre 
(2006)  
Hossaini et al. (2014) 

Concrete, steel and timber Building 
Level 

John et al. (2008) 
Perez et al. (2008) 

Multiple: Cross Laminated Timber, 
Reinforced Concrete, Aircrete, 
Brick, Steel, Light Weight Timber 

Building 
Level 

Takano et al. (2015) 

Structural 
Walls 

Pre-cast panels and reinforced 
concrete 

System 
Level 

Omar et al (2014) 

Load bearing masonry walls System 
Level 

Venkatarama & 
Jagadish (2003) 



 

 34 

Multiple: Concrete block, insulated 
concrete, poured-in-place concrete, 
two types of traditional wood 
frames, steel stud and structural 
insulated panels 

Building 
Level 

Kahhat et al. (2009) 

Structural 
Floors 

Post-tensioned concrete and 
reinforced concrete 

System 
Level 

Miller et al. (2015) 
Miller et al. (2013a)  
Miller et al. (2013) 

Concrete floors System 
Level 

Hajek (2005)  
Fiala & Hajek (2007) 

Multiple: Steel composite floors, 
Reinforced concrete floors and 
4xlightweight floors 

System 
Level 

Foraboschi et al. 
(2014) 

Material 
Properties 

High and regular strength 
concretes 

System 
Level 

Tae et al. (2011) 

Concrete strength and carbonation System 
Level 

Lee et al. (2013) 

2.2.3. Discrepancies between Operational and Embodied Carbon  

In practice, due to the increasing policies associated with the buildings energy use, decision-making 

focused on energy measures that address mainly the operational stage of the buildings lifecycle 

(Iddon & Firth, 2013). In the past, research efforts focused on the anaalysis of different building 

materials during the use stage leaving out the impacts from other life cycle stages such as the 

embodied or the end-of-life stages (Ajayi, et al., 2015). In addition, there is no policy in place that 

regulates the amount of embodied impacts or other non-operational impacts of a building. 

However, moving towards stricter energy policies and Zero Energy Buildings (ZEB), 

improvements of the embodied energy phase are expected to become more and more significant 

as the operational energy will decrease (Miller & Doh, 2014; Iddon & Firth, 2013; Ajayi, et al., 

2015). 

Therefore, as the other life cycle phases become more important the need for systematic analysis 

of embodied and operational impacts as well as the optimisation of embodied impacts will become 

essential (Ajayi, et al., 2015). Dixit et al. (2010) in their review, examined studies published before 

2000 that focus on the embodied carbon emissions of building materials (production phase, on-

site delivery, construction and assembly on-site, renovation and final demolition stages). Great 

variations in the embodied energy of different construction types in residential and commercial 

buildings have been observed. Their study suggested that the interpretation of the embodied 

energy within the existing LCA methods is quite unclear and they expect that a common protocol 
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for embodied carbon measurements within the industry will address this issue in the future (Dixit, 

et al., 2010).  

Furthermore, the relationships between the embodied and operational carbon emissions have also 

begun to attract attention amongst researchers. More than 20 LCA studies at building level 

between 1996 and 2012 have been examined by Miller & Doh (2014). Significant variations occur 

between the distribution of embodied and operational energy estimations for different building 

structures (particularly between reinforced concrete and steel structures).  

Despite Dixit et al’s (2010) and Miller & Doh’s (2014) extensive work in this area, standardised 

systems for the environmental assessment of building structures that address 1) the discrepancies 

between the embodied and operational carbon and 2) the limited consideration of energy efficient 

strategies by structural engineers practitioners are still underdeveloped. 

2.2.4. Challenges for Future Applications  

In addition to the disparities observed at the practical level in the previous section other inherent 

limitations of LCA models that restrict their implementation during the early decision-making in 

buildings structural systems are: 

1. It is a time-consuming procedure and it requires a certain level of familiarisation with the 

main concepts especially when it is applied to buildings (Diaz & Anton, 2014; Moncaster 

& Song, 2012), 

2. The selection of the appropriate environmental impact category (energy, waste, carbon 

emissions) can be challenging (Lisbeth Hsu, 2010), 

3. It involves significant amount of data early in the decision process, whilst their quality 

and transparency are critical for the final assessment (Diaz & Anton, 2014), 

4. Building components and systems are not standardised and thus whole building 

assessments involve an increased level of uncertain factors (life span, maintenance and 

use patterns, future use) (Moncaster & Song, 2012),  

5. It is often applied at a later phase of a project for certification purposes and not as 

decision-making process early in the design development (Diaz & Anton, 2014), 

6. There is a lack of consensus on the LCA methodologies. Some of the common methods 

are ENCORD, GHG Protocol, ISO 14064, PAS 2050, IPCC National Greenhouse Gas 

List Guide (Li, et al., 2012) 
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Latest research approaches particularly focus on the improvements of LCA data quality and the 

mitigation of uncertainties when obtaining inventory information. For further reading on the LCI 

databases and LCA software the work by Moncaster & Song (2012) is recommended. Input-output 

LCA methods (IO-LCA) are suitable for the analysis of basic construction materials using a 

country’s input-output tables (IOTs) (Liu, et al., 2012). However, IO-LCA is not suitable for 

individual buildings due to the complexities associated with construction projects where hybrid 

LCA methods are more appropriate (Treloar, et al., 2000).  

Hybrid methods combine input-output models with more suitable and site-specific data. When 

actual data are not available, other novel LCA approaches associated with the specification of 

robust LCI inventories include Bayesian theory and Agent-based modelling (ABM) (Miller, et al., 

2012), Data Quality Indicator (DQI) with Monte-Carlo sensitivity analysis (Wang & Shen, 2013), 

Path Exchange method (Lenzen & Crawford, 2009), System Dynamics (Halog & Manik, 2011), 

Semantic Approaches (Bertin, et al., 2012) to name a few. Overall, future developments in this 

field will require integrated cross-disciplinary models of life cycle environmental and energy 

analysis to support new policies, to harmonise existing assessment approaches, to consolidate 

decision-making processes and to embrace the advancements in the field of computational and 

information technologies such as data mining, artificial intelligence and optimisation (Halog & 

Manik, 2011). 

2.3. Sustainable Structural Optimisation  

Design practices in building structures have traditionally concentrated on cost efficiency. However, 

over the last decades, other issues such as the investigation of the structures environmental 

performance as well as concerns regarding the overall sustainability of buildings have become more 

relevant (Camp & Assadollahi, 2013; Gencturk, 2013; Khajehzadeh, et al., 2014; Martinez-Martin, 

et al., 2012; Garcia-Segura, et al., 2014; Miller & Doh, 2014; Chong, et al., 2009). 

Identifying relationships between environmental and cost efficiencies is not always an easy 

undertaking as structural engineers often pay too much attention to the performance of 

constituent components in the structure in their effort to make them more efficient and optimise 

them. Previously, most studies that examined the embodied carbon optimisation of structural 

systems such as beams, columns or floors have rarely assessed the implications of the optimised 

designs in the carbon performance of the entire building. This approach could result in making 
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the entire building less efficient as the relations between the structural systems and the rest of 

the building systems are not effectively assessed. To address this issue more integrated structural 

and building sustainable analysis models are necessary.  

Furthermore, the involvement of structural engineers in the selection of sustainable and low energy 

strategies is commonly neglected in practice (Ramesh, et al., 2010). This situation, in addition to 

the lack of clear embodied carbon policy requirements, discourages structural engineers to explore 

carbon efficient designs. The limited applications of sustainable environmental approaches in 

building structures are also attributed to the lack of reliable and user-friendly computational tools 

and decision-making models (Alwan & Jones, 2014). The reason for this is that computational-

based optimisations often fail to provide realistic design alternatives that consider the implications 

of constructability restrictions in the sustainability performance of the structures.  

Multi-Objective Decision Making (MODM) techniques are used in structural optimisation 

problems that involve more than one objective functions. MODM are supported by heuristic and 

metaheuristic algorithms. The most common heuristic algorithmic techniques currently applied in 

structural optimisation problems include Genetic Algorithm (El Semelawy, et al., 2012; Pei & Xia, 

2012; Albuquerque, et al., 2012; Park, et al., 2013; Yousif & Najem, 2014; Zandi, et al., 2013; 

Aydin & Ayvaz, 2013; Kosloski, 2014; Singh, et al., 2014), Simulated Annealing (Ceranic, et al., 

2001; Leps & Sejnoda, 2003; Paya, et al., 2008; Gonzalez-Vidosa, et al., 2008; Perea, et al., 2008; 

Paya-Zaforteza, et al., 2009; Marti & Gonzalez-Vidosa, 2010; Villaba, et al., 2010; Martinez-

Martin, et al., 2012; Pei & Xia, 2012), Big Bang-Big Crunch (Kaveh & Sabzi, 2011; Camp & 

Akin, 2012; Kaveh & Sabzi, 2012; Camp & Assadollahi, 2013; Camp & Huq, 2013), Particle Swarm 

(Kaveh & Sabzi, 2011; Ahmadi-Nedushan & Varaee, 2011; Khajehzadeh, et al., 2011; Pei & Xia, 

2012; Garcia-Segura, et al., 2014; Kaveh & Bijari, 2014; Yepes, et al., 2015), Ant Colony 

(Martinez, et al., 2010; Kaveh & Sabzi, 2011; Sharafi, et al., 2012; Sharafi, et al., 2013), Harmony 

Search (Kaveh & Sabzi, 2011; Kaveh & Abadi, 2011; Bekdas & Nigdeli, 2012; Medeiros & Kripka, 

2014; Bekdas & Nigdeli, 2014; Akin & Saka, 2015) and Artificial Neural Network (Adeli & Kim, 

2001; Ahmadkhanlou & Adeli, 2005; Saini, et al., 2007; Rao & Babu, 2006; Babiker, et al., 2012; 

Fernandez-Ceniceros, et al., 2013; Aga & Adam, 2015) amongst others.  

These stochastic search methods implement a combination of rules and randomness functions that 

appear in most natural systems including survival of the fittest, natural selection, memory, 

visibility, discrete time, swarm behaviour (Lu, et al., 2009; Selvi & Umarani, 2010; Yapa & Lees, 
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2014). In principle, these techniques tend to produce a good approximation of the optimum 

solution with reasonable computational costs (Zavala, et al., 2014; Marti, et al., 2015). A detailed 

survey of metaheuristics optimisation can be found in Boussaid et al. (2013). 

The design effectiveness of structural members is critical for exploiting material efficiency and 

minimising associated construction costs (Adamu, et al., 1994). In addition to sustainable 

materials, the reduction of CO2 emissions could be achieved by the implementation of efficient 

material use in structural systems through optimisation methods (Paya-Zaforteza, et al., 2009). 

Several studies have attempted to explore optimal design solutions considering both economic and 

environmental aspects in reinforced concrete beams (Garcia-Segura, et al., 2014; Kosloski, 2014; 

Yeo & Gabbai, 2011), reinforced concrete frames (Camp & Huq, 2013; Paya-Zaforteza, et al., 

2009; Yeo & Potra, 2015), reinforced concrete columns (Medeiros & Kripka, 2014; Park, et al., 

2014).  

2.4. Decision-Making Practices  

The complexity and deficient designs in construction projects often lies in poor decision practises 

during the early design stages when engineers, clients, architects, and contractors formalise their 

diverse priorities and preferences (Huang, et al., 2006). In structural engineering problems where 

the project team can significantly influence the final design decisions, it is important to consider 

both quantitative (analysis) and qualitative (preferences) aspects when outlining a decision-

making framework (Brintup, et al., 2007). Group decision-making processes are suitable 

approaches for the selection of engineering design priorities when there is a need to satisfy several 

conflicting opinions. However, obtaining consensus amongst the design team remains a significant 

challenge even though in recent years it has received considerable attention between researchers 

and practitioners (Xiong, et al., 2013).  

Furthermore, the selection of the appropriate decision-making method is a complex procedure that 

involves the understanding of the decision criteria, the process and the domain requirements 

(Huang, et al., 2011). Various Multi-Criteria Decision Making (MCDM) methods have been 

applied to different decision problems in product development (Seram, 2013) and infrastructure 

management (Kabir, et al., 2014), seismic retrofit of structures (Caterino, et al., 2008; Caterino, 

et al., 2009), building (Mela, et al., 2012), envelope designs (Singh, et al., 2014; Baglivo, et al., 

2014) and energy conservation (Ibn-Mohamed, et al., 2014).  
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2.4.1. MCDM Methods 

Jato-Espino et al. (2014) have reviewed more than 20 different MCDM methods that apply in 

various decision problems in building design and in the construction sector and they reported their 

main strengths and weaknesses. The most common techniques that can be formulated as single 

models but they can also be part of combined frameworks are summarised in Table 2.2. 

Comprehensive evaluation of MCDM methods falls outside the scope of research. Nevertheless, a 

brief summary of their key characteristics observed are also shown in Table 2.2. Mela et al. 

(2012) & Caterino (2009) in their comparative review studies have observed that particularly 

VIKOR and TOPSIS have many similar characteristics as they are based on combination of 

distance measures. Their main benefits are clarity of results and the ability to effectively manage 

different decision criteria and tasks. However, TOPSIS requires less data input compared to 

VIKOR as only the weights for the decision criteria need to be specified when structuring the 

decision model (Mela, et al., 2012). 

The selection of an MCDM method requires both understanding of the technique’s limitations as 

well as knowledge of the problem’s requirements (Cinelli, et al., 2014). Kabir et al. (2014) reviewed 

more than 300 articles with MCDM methods in infrastructure management from 1980 until 2012. 

They have found that MCDM methods provide transparent procedures in decision-making 

problems that explicitly state the weighting and reasoning of the decision criteria, whilst they 

recognised an increasing demand in methods that involve multiple stakeholders’ preferences. On 

the other hand, Arroyo et al. (2012) have argued that the selection of the MCDM method is 

crucial but they focused on the parameters that affect the viability of each method such as the 

factors’ weighting that could have a significant impact on the final decision outcome. 

2.4.2. MCDM and LCA 

Landolfo et al. (2011) have proposed a multi-performance decision-making approach for steel 

structures utilising TOPSIS combined with LCA, Life Cycle Costing (LCC) and Life Cycle 

Performance (LCP), whilst they attempted to correlate the principles of life-time engineering with 

the notion of sustainable construction. Mela et al. (2012) have evaluated the performance of six 

well-known MCDM methods (Weighted Product Method, Weighted Sum Method, VIKOR, 

TOPSIS, PROMETHEE, PEG-procedure) in three multi-criteria optimisation problems applied 

in the building sector. They have identified that MCDM methods become more useful in problems 
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with more than two conflicting design criteria where it is difficult to visualise the decision space. 

Since decisions for materials selection take place during the early design phases several uncertain 

parameters are present within the problem specification, criteria ratings and preferences 

articulation of MCDM methods (Jahan, et al., 2010). To respond to this issue, del Cano et al. 

(2012) have addressed the uncertainties of estimating structures’ sustainability especially during 

the early project stages by proposing a probabilistic model that utilises the capabilities of MCMD 

methods and combines MIVES in particular with EHE (Spanish sustainability assessment on 

structural concrete) and Monte Carlo simulation.  

Hosseinijou et al. (2014) have established a novel method that addresses the social dimension of 

building material selection using Social-LCA. A case study that compares the socio-economic 

impacts of concrete and steel materials in Iran has been tested to verify their methodology. 

Material Flow Analysis (MFA) and stakeholders’ preferences were used for hot spot assessment, 

whilst the impact assessment was developed using AHP pairwise comparison. Hossaini et al. (2014) 

have proposed and tested an integrated framework that combines AHP and Life Cycle 

Sustainability Assessment (LCSA) for buildings, which aims to address the inconsistencies of 

common LCA in the selection of sustainable structural materials by linking MCDM principles 

with economic, environmental and social factors.  

Common LCA studies such as Lopez-Mesa et al. (2009) have been extensively implemented in 

the material selection for different structures or building systems. Kim et al. (2013) have proposed 

an advanced LCA method that utilises both the CO2 conversion method and the AHP process to 

combine economic and environmental parameters into a single sustainability indicator. This 

method could be integrated within the decision making process of civil engineering structures. 

Chen et al. (2010) have explored a two-stage decision support tool that assists the selection of 

construction method (cast-in-place or prefabrication) for various structural components of 

concrete buildings. This tool includes multi-attribute sustainability criteria considering both 

qualitative and quantitative requirements. On the other hand, Reza et al. (2011) have focused on 

ways that the sustainable performance of joisted floor systems in Iran could be enhanced. They 

proposed a framework that integrates multi-criteria decision making with structured hierarchies 

and life cycle considerations to accommodate a consistent and sustainable material selection 

analysis. 
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Table 2.2 Common MCMD methods and their characteristics 

Acronym Method Description Hierarchical 
levels 

Pairwise 
comparison 

Fuzziness1 

AHP Analytic Hierarchy 
Process 

Pairwise comparison between the elements of 
every decision level 

× × × 

ANP Analytic Network 
Process 

Generalised form of AHP using ratio scale 
measurements amongst decision levels and 
attributes (clusters and nodes) 

× × × 

TOPSIS Technique for order 
of preference by 
similarity to ideal 
solution 

Outranking method that considers both the 
ideal and anti-ideal concepts 

  × 

PROMETHEE Preference ranking 
organization method 
for enrichment of 
evaluations 

Outranking method of a finite alternatives’ set 
based on a selected group of criteria 

 × × 

MIVES Value Model for 
Sustainable 
Assessments 

Uses value indexes to classify decision criteria ×  × 

ELECTRE Elimination et choix 
traduisant la realité 

Group of methods to outrank alternatives using 
veto threshold 

 × × 

VIKOR Visekriterijumska 
Optimizacija I 
kompromisno resenje 

Generates ranking index using an aggregated 
function that measures the closeness to the ideal 
solution 

  × 

                                            

1 Fuzzy logic is one of the most common ways of addressing the inconsistencies of standard methods during the formulation of the decision support model (Liao & Rouge, 1996) since it permits 
the evaluation of qualitative criteria as exact numerical values (Seo, et al., 2004). 
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2.5. Limitations and Future Prospects 

The previous literature review suggested that to expand the understanding of whole building 

performance, optimised structural design systems need to consider not only the feedback loops 

between the various buildings’ systems but also they need to implement the capabilities of 

advanced decision-making mechanisms. Facilitating human-computer collaborative decision 

support frameworks are necessary to consolidate the stakeholders’ conflicting opinions and 

qualitative knowledge at a deeper level within the optimisation process.  

Furthermore, the evidence demonstrated a current trend in the construction and building industry 

towards intelligent decision-making that incorporate the project teams’ preferences to assess 

various sustainable design objectives. By enabling this knowledge and information transfer 

between disciplines decision practices could effectively synthesize expert opinion and offer more 

integrated solutions to complex design optimisation problems.  

In addition, rendering optimisation problem requirements into building design criteria and 

indicators would enable the development of holistic decision support methodologies that achieve 

high-performing engineering solutions and embed organisational knowledge and experts’ intuition. 

To systematically improve the effectiveness and transparency of the current computational 

frameworks within the structural engineering decision support infrastructures the research 

suggested six directions that are organised in 3 subsequent components: 1) Optimisation modules, 

2) Decision-making processes, and 3) Consequential effects at building level (Table 2.3). 

Table 2.3 Prospects for future developments 

Optimisation  • Enhanced economic functions that consider the cost variations 
of material properties and other design uncertainties whilst they 
assess detailed construction related costs in an efficient and 
reliable way 

• Robust performance metrics that take into consideration the 
structures’ whole-life assessment (including embodied, 
operational and end-of-life phases), whilst considering other 
commonly accepted sustainability criteria such including 
environmental and socio-technical variables 
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Life cycle 
analysis 

• Augmented inventories that could also utilise both materials’ 
specifications (steel recycling content, low-carbon production & 
construction processes, novel cements, carbonation factors) and 
dynamic conditions in construction supply chains 

• Understanding the performance interrelations between 
structural systems and the rest of the building components 
would enable decision-makers to move from structural-based 
optimisation processes towards holistic optimisation models 

Decision-
making  

• Improvements on the existing information models to consider 
the preferences of the decision makers, whilst they offer a 
platform for open expression of their subjective knowledge 

• Integrated decision models that enhance the adoption of 
optimisation techniques in common structural engineering 
practices by improving the planning, management and culture 
of the existing processes 

2.6. BIM Trends and Domain Analysis 

To address the limitations recognised in the previous sections, the research investigated how BIM 

technologies could help develop innovative decision frameworks to achieve sustainable building 

structures. BIM models can be utilised to enhance the delivery of building design as drawings, 

procurement details, submittal processes and other specifications can easily be interrelated: data 

generated by BIM can be extracted and analysed to produce information, which thereafter is used 

to make decisions and to improve design processes. BIM can also be used as a platform that 

enhances the team’s capabilities to coordinate the design procedure, to monitor the construction 

works and to manage the facilities during the projects’ different phases within an integrated 

approach. BIM has also been used as a novel approach to perform energy, daylighting, and 

structural analyses along with cost estimation.  

Moreover, BIM-based approaches have been forming a part of the sustainability rating systems. 

Thus, the BIM integration with other simulation tools can significantly contribute to the 

sustainability assessments within the building sector. To review the capabilities of sustainability 

decision-making models in building structures the research investigated practical BIM-based 

applications and advancements within two knowledge domains: 1) Sustainability domain and 2) 

Structural engineering domain. The sustainability domain is organised around life cycle energy 

processes whereas the engineering domain is structured around common engineering variables that 

include cost, constructability, safety, etc. The above classification helps to recognise prospective 

links between the attributes of each field in search of consolidated engineering-sustainability 

paradigms in building structures.  
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2.7. Sustainability Domain  

Even though BIM technologies are not new, the building industry has only recently begun to 

acknowledge their potential in practical applications related to design and construction. The 

combination of BIM applications and sustainable design strategies has the potential to produce 

high-performance energy-efficient design alternatives. Several studies have investigated the 

development of BIM-based design techniques to address a range of sustainability-related issues 

and enable efficient implementation of LCA modelling.  

The contribution of BIM in the sustainability assessments of building systems focuses on two 

explicit perspectives: 1) Integrated project delivery and 2) Design Optimisation (Particularly on 

energy analysis). For the purposes of this research, we have extended the concept of BIM-based 

sustainable energy applications to also include life cycle and sustainability ranking methods. BIM 

and their applications in sustainability rating certification (LEED, BREEAM, BEAM Plus from 

Hong Kong, Green Mark from Singapore, Green Star from Australia, etc.) have begun to attract 

the attention of researchers as sustainable strategies can be compared whilst the relevant credits 

can be directly calculated and documented within BIM platforms. 

In the BIM-based energy models, early applications involved data exports from BIM to external 

software (IES, EnergyPlus), whereas recent developments have focused on more integrated 

applications (“plug-ins”) where energy calculations can be performed within BIM (Green Building 

Studio). BIM integrated LCA models especially during the early design stages is an emerging 

trend.  

The benefits of BIM within the current LCA applications can be summarised in four main 

directions: 1) Avoid manual data re-entry, 2) Allow real-time assessment, 3) Enhance whole-

building appraisals, and 4) Implement user-friendly analysis interfaces. In total, 34 articles on the 

topics of life cycle analysis, energy analysis and sustainable certification analysis have been 

reviewed. Table 2.4 summarises the findings from the sustainability and energy efficient BIM 

methodologies. The following conclusions were drawn from the previous analysis of the literature: 

1. Numerous practical BIM-based LCA applications have been recognised. Most the 

reviewed studies have included information about the structural systems when conducting 

the LCA calculations 
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2. Several conceptual frameworks and case studies have been explored. The impacts of 

different structural systems are rarely accounted when the purpose of the study is solely 

the operational energy performance. 

3. Both theoretical frameworks and practical applications have been reviewed. In the 

practical applications material characteristics are enclosed as part of the relevant credits 

Table 2.4 Sustainability and energy efficient methodologies in BIM 

 Description References 
Life cycle 
Analysis 

Both LCA and Life Cycle 
Cost (LCC) systems are 
connected with BIM utilising 
automated material take-offs 
and construction schedules 

(Kulahcioglu & Toklu, 2012; Mao, et al., 2013; 
Wang, et al., 2011; Inyim & Zhu, 2013; 
Basbagill, et al., 2013; Dawood, et al., 2009; 
Russell-Smith & Lepech, 2011; Li, et al., 2012) 

(Iddon & Firth, 2013; Jrade & Jalaei, 2013; 
Yuan, et al., 2013; Stadel, et al., 2011; Ajayi, 
et al., 2015; Alwan & Jones, 2014) 

Energy 
Analysis 

Energy performance 
methodologies during the 
operational phase are 
integrated with BIM 
applications  

(Hiyama, et al., 2014; Wong & Fan, 2013; 
Sanguinetti, et al., 2012; Curry, et al., 2013; 
Cemesova, et al., 2012; Geyer, 2012; Kovacic, 
et al., 2013; Yuan & Yuan, 2011; Welle, et al., 
2011) 

(Ahn, et al., 2014; Schlueter & Thesseling, 
2009; Jalaei & Jrade, 2014; Yan, et al., 2013; 
Eguaras-Martinez, et al., 2014; Nour, et al., 
2012; Dawood, et al., 2009) 

Sustainab
le Rating 
Systems 

Green building certification 
methodologies such as 
BREEAM and LEED are 
associated with BIM models  

(Azhar, et al., 2011; Wong & Fan, 2013; Roh, 
et al., 2014; Beach, et al., 2013; Jalaei & Jrade, 
2014; Wong & Kuan, 2014; Jrade & Jalaei, 
2013) 

2.7.1. BIM-based Life Cycle Energy Applications  

Table 2.5 summarises eleven practical applications of BIM-based LCA that were recognised in 

the literature. Early applications in BIM-based LCA focused mainly on ways that integration of 

the constituent components can be achieved and less on the decision-making functionalities. The 

integration comprises the BIM models, energy analysis models and inventories. In terms of the 

level of integration, BIM is either used to extract building data (material quantities) which are 

thereafter processed in external LCA and energy software or all the components of the system are 

combined within a BIM environment utilising custom user-interfaces. An interesting finding for 
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future applications is that in more than 70% of the reviewed studies the structural systems of the 

buildings were included in the LCA assessment.  

The most popular BIM software, is Autodesk Revit (73% of the cases) followed by other software 

such as Vico, DProfiler and Blender. Moreover, modelling of the energy performance during the 

operational phase of the building is critical and it has been applied in almost 65% of the studies. 

BIM-integrated energy models (Green Building Studio) have been utilised in almost 40% of these 

cases. Overall, big inconsistencies are observed in both the LCA and the energy modules with 

various software implemented. Finally, from the reviewed cases it becomes evident that whole-life 

analysis is still not fully operational within BIM and further work is needed to achieve complete 

integration of all the relevant stages. The end-of-life phase has been generally overlooked as whole 

life analysis was reported in only one study (Ajayi, et al., 2015). 

2.7.2. Embodied Phase 

Recent developments of BIM integration in the embodied phase focus on both material and 

construction levels. Careful selection of low energy and sustainable materials could significantly 

reduce the CO2 emissions of the construction phase (Gonzalez & Navarro, 2006). BIM-based LCA 

models have the potential to augment not only demanding management procedures during the 

construction of building projects but they could also facilitate energy efficient measures during 

the construction phase (Russell-Smith & Lepech, 2011). During the construction stage the main 

categories of emissions are related to the: 1) Construction materials and waste, 2) Fuel 

consumption from the construction equipment (Diesel, Gasoline, LPG, and Natural gas), 3) 

Electricity consumption from the construction machinery (Ding, et al., 2014).  

BIM applications have been used for benchmarking, monitoring and visualisation of construction 

operations including materials’ specifications, manufacturing embodied carbon and distance to site 

(Memarzadeh & Golparvar-Fard, 2012). This approach significantly helps suppliers and 

contractors to improve their traditional processes and to better coordinate the progress of 

construction works (delivery, costs, and carbon). In addition, drawings’ information and 

construction activities’ schedules can be integrated within 4D BIM applications to generate 

emissions’ curves during the construction stage from equipment use. Similar computational models 

could also be used to juxtapose the energy efficiency of different construction methods and 

optimise their overall sustainability performance (Ding, et al., 2014; Li, et al., 2012).  
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The integration of BIM with LCA has the potential to automate the process of material 

specification, whilst quantity take-offs can be done directly in BIM models (Russell-Smith & 

Lepech, 2011). This results in better overall data management and helps the design team save 

time when conducting an LCA (Diaz & Anton, 2014). However, further work and quality control 

are still required to accurately extract disaggregated building elements’ and materials’ volumes 

from BIM into the LCA model (Stadel, et al., 2011). Currently research is focusing on advanced 

ways to semantically associate materials’ environmental information (e.g. Environmental Product 

Declarations - EPD) within BIM material families to enhance automation of the LCA pipeline 

(Schwartz, et al., 2016). 

2.7.3. Operational Phase 

Previous literature indicates that the energy use of buildings covers a great proportion of the 

operational phase emissions compared to the embodied phase (i.e. 85% against 15%) but in high 

performing low-energy buildings the embodied emissions could reach up to 45% over the building 

lifespan (Anderson, et al., 2015). BIM architecture offers a common user interface for energy 

simulations (Yan, et al., 2013). From a structural point of view, the impacts of structural systems’ 

thermal mass and thermal properties are the main factors affecting the energy performance during 

the operational phase (Venkatarama Reddy & Jagadish, 2003; Kahhat, et al., 2009). The thermal 

mass can be a cost-effective way to control the internal temperatures and the overall heating and 

cooling loads of a building (Wang, et al., 2014). Although the effective use of thermal mass could 

have thermal benefits during the use phase of a building, the embodied CO2 (ECO2) also need to 

be factored in when performing an LCA (Hacker, et al., 2008). Therefore, the optimum 

specification of thermal mass for a building can be an extremely complex task involving the 

evaluation of parameters such as: the duration, the magnitude of excess heating loads and the 

occupation patterns of the building (Kendrick, et al., 2012). The services strategy (mechanical 

ventilation or natural ventilation) can also influence the effectiveness of thermal mass on the 

energy savings (Wang & Chen, 2013). Detailed analysis is necessary to determine an optimum 

amount of thermal mass that maximises the returns considering both the cost of thermal mass 

and the cost savings from the energy reduction. It is important to evaluate the trade-offs of all 

the life cycle aspects when selecting building materials and especially when designing energy 

efficient buildings where the relative importance of the other life cycle phases and the choice of 

material are greater (Dodoo, et al., 2012).  
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Table 2.5 BIM-based LCA methods and key findings (1A: Raw materials and manufacturing, B: Construction, C: Use, D: Maintenance, E: Demolition) 

Study 
Structural 
System BIM Model 

LCA software 
& LCI Energy Model (Service life) 

Life Cycle Stage1 
Embodied 
Phase 

Operational 
Phase 

End 
of 
Life 
Phase 

A B C D E 
Kulahcioglu et al. 
(2012) 

● Blender 
(Open 
source) 

GaBi using Ecoinvent N/A × × - - - 

Mao et al. (2013) ● Autodesk 
Revit 

Custom tool using 
International and Chinese 
test organisations 

- × × - - - 

Wang et al. (2011) - Autodesk 
Revit 

Custom tool using BEDEC 
database 

Ecotect (50 year) × × × - - 

Inyim & Zhu (2013) ● Autodesk 
Revit 

ATHENA Impact Estimator EnergyPlus (N/A) - - × - - 

Alwan & Jones (2014) ● N/A Custom tool using Inventory 
of Carbon and Energy (ICE) 

CIBSE benchmarks (10 
years) 

× × × - - 

Basbagill et al. (2013) ● DProfiler SimaPro, ATHENA Impact 
Estimator 

eQuest (N/A) × - × × - 

Dawood et al. (2009) N/A Autodesk 
Revit 

SimaPro IES (N/A) N/A N/A N/A N/A N/A 

Iddon & Firth (2013) ● Vico Custom tool using Inventory 
of Carbon and Energy (ICE) 

Standard Assessment 
Procedure –SAP (60 years) 

× × × × - 

Jrade & Jalaei (2013) ● Autodesk 
Revit 

ATHENA Impact Estimator - N/A N/A N/A N/A N/A 

Stadel et al. (2011) N/A Autodesk 
Revit 

SimaPro IES and Green Building 
Studio - GBS (N/A) 

× × × - - 

Ajayi et al. (2015) ● Autodesk 
Revit 

ATHENA Impact Estimator Green Building Studio - GBS 
(30 years) 

× × × × × 
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2.7.4. End-of-life Phase 

Even though significant efforts have been put into the sustainable design and construction utilising 

BIM capabilities, the end-of-life phase has received less attention (Akbarnezhad, et al., 2014). 

However, the information and the data stored within BIM could be utilised to offer systematic 

assessments of building deconstruction strategies at the end of a building’s life (Akbarnezhad, et 

al., 2014). BIM-based deconstruction applications could evaluate recycling, re-use and landfilling 

potential of primary and secondary structural components and suggest optimised strategies that 

balance the environmental and economic impacts.  

Particularly in steel buildings the combination of novel technologies such as BIM, Radio 

Frequency Identification (RFID) and stress sensors could offer a new paradigm for end-of-life 

assessments (Ness, et al., 2014). Building components could be tracked and mapped in BIM’s 

virtual environment, and ultimately re-used for new building applications via Internet auctions at 

the beginning of a new design. This approach could offer the potential for energy savings and 

reductions in greenhouse gas emissions and resource use compared to traditional recycling and 

associated procedures, which tend to be energy intensive.  

When adopting non-conventional deconstruction strategies (reuse, recycling, design for 

disassembly), several changes in the design and fabrication of building projects are necessary. The 

planning of the appropriate deconstruction strategy should start early in the design process and 

should be considered over the whole life cycle of the building. BIM has the potential to play a 

major role in this process as modelling of different deconstruction procedures could be computed 

and help decision-makers make an informed decision that address both economic and energy 

considerations. For structural engineers this impacts the way:  

• The connections between the different structural elements (beam-column or slab-slab) 

are identified to allow for their deconstruction and reuse,  

• Dimensions of building components are rationalised so they can be reused in future 

applications,  

• Materials are specified to last longer (High specification materials) 

2.8. Engineering Domain  

The construction and engineering industries are slowly shifting towards BIM-based design and 

delivery processes, whilst the current policies have begun to reinforce this position. The UK 
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government promotes the idea of integrated BIM models and states that until 2016, all government 

procurement will require all the supply chain members to work in lines of fully collaborative 3D 

BIM framework (CabinetOffice, 2011). Integrating BIM in engineering practices has also begun 

to attract attention within the academic community. An extensive review of the current 

development and future trends of BIM-enabled structural engineering by Chi et al. (2015) 

addresses five areas of research that are expected to become relevant in the future:  

1) Extension of structural design’s parametric capabilities including functionality, 

sustainability and safety amongst others to enrich the properties of the BIM applications,  

2) Adoption of structural optimisation at early stages to maximise the flexibility of the 

different design solutions and to allow for a higher-level of integration,  

3) Development of easily accessible decision-making tools that incorporate results from the 

optimisation modules with the effective visualisation technologies,  

4) Expansion of high performance numerical methods that apply to large-scale engineering 

problems, and  

5) Enhancing data interoperability with robust and standardised protocols that further 

improve the quality of collaboration between the various stakeholders.  

Furthermore, the effective integration of structural engineering and construction processes requires 

a cohesive knowledge-based approach that incorporates design and programming details at 

different project levels (including construction level). Obtaining high level of standardisation BIM 

integration in structural analysis is a significant challenge and has the potential to effectively 

streamline structural information exchange. To investigate the capabilities of BIM in the 

structural engineering domain various topics have been recognised in the literature research, which 

include code compliance, cost estimation, structural safety and construction sequencing, decision-

making and visualisation, data integration and optimisation methods. The subsequent sections 

summarise the main findings on the engineering-related domain fields.  

2.8.1. Cost Estimation  

Achieving cost reductions is one of the main design objectives of structural engineers in practice. 

BIM can help structural engineers achieve the required cost reduction during design and 

construction. There are two main streams of cost estimation within BIM: 1) Export data from 

BIM and analyse them in a cost-estimating software, 2) Link the cost estimating tool directly 
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with BIM and perform the calculations (Xa, et al., 2013; Silva & Jayasena, 2013). BIM models 

are rich in information and they can be used to automate complex tasks in the building industry 

such as cost calculations (Cheung, et al., 2012).  

One of the most useful tasks that can be automated with BIM is quantity take-off (QTO) 

(Monteiro & Martins, 2013). Information entities within BIM such as product, information, 

quantity information, resource information, price information, schedule information and cost 

information can help decision-makers to accurately estimate construction costs (Zhiliang, et al., 

2011). In building structures, Otii et al. (2014) have proposed a prototype system that utilises 

BIM representations and allows structural engineers to assess life cycle cost as well as the 

combination of carbon and ecological footprint of their designs. The framework integrates the 

capabilities of Autodesk Revit API with C# object-oriented language to access large datasets of 

cost and life cycle inventories, whilst testing the conceptual design of a steel-framed building. 

Feature-based cost estimation modules of steel buildings can be integrated within common BIM 

software applications (Heinisuo, et al., 2010): the manufacturing process of the steel frame 

assembly is divided into single processes that include blasting, cutting, beam-welding, sawing, 

drilling, coping, fabrication of assembly parts, assembling – welding and bolting, post-treatment 

and painting. Each process is executed at separate cost centres. The comprehensive cost 

components include raw material, labour, investment cost of equipment and real estate, 

maintenance and service cost of equipment and real estate, and cost of consumables. In addition, 

multi-stage BIM-based production cost optimisation can significantly reduce the costs of steel 

structures (Ali, et al., 2009). Life cycle costs analysis is a powerful decision-making tool when 

assessing different building systems (Nour, et al., 2012).  

Furthermore, multidisciplinary design analysis systems in BIM could be integrated with visual 

graphic interfaces, enabling decision-makers to assess trade-offs between conflicting design 

variables and get a better understanding of multi-dimensional design space (e.g. structural costs 

against overall building life cycle costs -Figure 2.1) (Flager, et al., 2009). One limitation of the 

current BIM-based cost estimations is the need for intervention of a cost estimator (quantity 

surveyor) at the final stage of the estimation, which involves a certain level of subjectivity. Recent 

research suggests fully automated BIM-based cost estimation with ontological inference and 

semantic reasoning rules using knowledge of experienced engineers (Lee, et al., 2014). 
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Figure 2.1 Trade-off between minimum structural capital cost and minimum life cycle energy 

costs, adapted from Flager et al. (2009) 

2.8.2. Safety and Code Compliance 

Safety management during the construction phase of a building project can be improved using 

BIM applications. Safety related risks of different structural activities could be mapped using the 

data within the construction plan. In addition, each risk could be ranked based on the probability 

of occurrence and the severity of consequences to provide real-time visual indications to site 

workers (Ding, et al., 2014). BIM could reduce the gap between design specification and 

construction via quality management checks. The overall quality (geometric variables, mechanical 

properties, materials’ selection, on-site calibration, etc.) of the structural products/elements could 

be effectively managed as individual building components could be inspected against national 

codes and guidelines (Ding, et al., 2014).  

Nawari (2011) has examined an automated code compliance-checking framework to verify 

structural designs against code requirements. BIM data becomes available using the ifcXML 

schema and gets translated into a Feature-Based Model (FBM). Part of the ACI 318-05 code is 

created in an XML file. Luo & Gong (2014) have additionally specified a BIM-based code 

compliance checking for deep foundations using an ontology semantic modelling approach that 

implements the domain concept as well as the relationships and classification between the system’s 

individual components. The limitations of manual checking efficiency and precision in practice 
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have also been addressed. The proposed ruled-based system has resulted in the development of a 

knowledge library that assists the automatic generation of the checking list, selection of rules and 

extraction of required information for code compliance.  

Huston et al. (2014) present BIM as a potential framework for data integration, synthesis, retrieval 

and rapid display that can be used as an intelligent structural health management system. Finally, 

Hu & Zhang (2011) have adopted a new 4D-BIM system to specifically address the structural 

safety control during construction. They have justified the overall performance of the system by 

integrating it into the construction management of three case studies – a stadium, a tower and a 

bridge. In the tested scenarios, the following attributes were identified: 1) improvements in 

construction efficiency using resource allocation and reduction in construction conflicts, 2) better 

owner’s supervision as well as review and management expansion using schedule and cost conflict 

analyses, and 3) integration of design and construction safety requirements by implementing time 

dependent structural analysis. 

2.8.3. Buildability and Construction Processes 

Improvements in construction processes and building scheduling can be enhanced with 4D BIM 

applications. Liu et al. (2014) have applied BIM to bridge projects to improve the design and 

construction efficiencies. They proposed a conceptual optimisation module as well as a detailed 

optimisation module for construction scheduling and construction management. 3D structural 

BIM can be also implemented as a new modelling approach for placing reinforcement bars in 

concrete flat slabs based on parametric design technologies (Cho & Lee, 2014 ).  

Song et al. (2012) have developed an optimisation approach, which manages scheduling of 

important site based construction processes: the 4D simulation function uses data from the 3D 

model by processing Industry Foundation Classes (IFC) and predefined calculation formulas 

determining the amount of work required for the main construction operations. The information 

about the work methods, the human resources and the information about the materials and 

construction machinery are specified by the user. Dynamic 4D BIM-based simulation framework 

automatically creates and simulates construction schedules and the cost calculations associated 

with the relevant scheduling (Tulke, et al., 2008).  

Tulke & Hanff (2007) on the other hand, have developed a similar 4D system that utilises 

geometric data and time schedules within BIM to estimate effective construction sequences. Lee 
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& Bae (2012) implemented a Structural Building Information Modelling (S-BIM) approach to 

obtain solutions that improve constructability, safety and economic effectiveness of buildings. S-

BIM is a subset of BIM that is related to structural engineering and it involves structural analysis 

procedures providing a flexible environment for interoperability on an engineering project. A case 

study – a 65-storey mix-used tower with 5-storey basement – indicated that the proposed design 

approach achieves higher efficiency levels due to the enhanced analysis capabilities and increased 

stakeholder collaboration when compared to traditional 2D approaches. 

2.8.4. Optimisation and Decision-making 

The transition from traditional engineering approaches to whole-building performance-based and 

performance-driven approaches requires good knowledge of optimisation algorithms and integrated 

software applications such as BIM (Shi, 2010). Performing real-time optimisation and decision-

making within BIM is one of the industry’s future challenges (Attia, et al., 2013). A novel BIM 

based structural optimisation framework that achieves efficient and environmentally responsible 

steel design solutions (I-beams) using a custom genetic algorithm solver and an integrated LCA 

component was previously proposed by Eleftheriadis et al. (2015). In the tested case study 

structure, it was concluded that by maximising the structural efficiency of the steel beams, 

significant savings of up to 20% could be achieved when compared to the structure with standard 

catalogue sections (Eleftheriadis, et al., 2015).  

Rafiq & Rustell (2014) have integrated an Interactive and Visual Clustering Genetic Algorithm 

(IVCGA) into a BIM environment to enhance the design information and allow the solutions to 

be viewed as building information models. The proposed configuration allows multidisciplinary 

design criteria to be assessed by architects, structural engineers, and building physicists enabling 

a wide range of concept designs. A case study was used to test the efficiency of the multi-objective 

optimisation algorithm, which exhibited good behaviour in finding the optimum solutions based 

on the design team specified requirements such as minimum number of columns and maximum 

open floor area, minimum structural frame cost, maximum lighting and natural ventilation.  

In addition, Porwal & Hewage (2012) have established a BIM-based rebar optimisation analysis 

that minimises the trim loss of rebar using a Simulated Annealing Heuristic algorithm. The 

proposed approach was validated in a two-storey reinforced concrete structure, in which the 

cutting losses of the bars were substantially reduced. They also have found that more cost-effective 
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results could be obtained when higher-diameter rebar are used. Additionally, Faghini et al. (2014) 

have demonstrated a novel approach that automatically develops and generates construction 

sequencing using a genetic algorithm and BIM. The geometric information derived from the 3D 

model is used in the genetic algorithm module. The fitness function of the application is linked to 

a constructability score, which is calculated based on the constraints and rules defined by the 

Matrix of Constructability Constraints (MoCC). Results showedthat 100% constructible schedules 

can be created from randomly generated schedules.  

Multi-performance sustainable optimisation frameworks have also begun to attract the attention 

of researchers. The combination of quantitative computational models with decision-makers’ 

preferences under a common BIM platform has the potential to augment the energy and 

environmental performance of building structures, whilst they can increase the adoption levels of 

sustainable structural alternatives by the stakeholders in the industry (Eleftheriadis, et al., 2016). 

2.9. Embedding Sustainability and Engineering Domains under BIM 

The literature review demonstrated that the developments of BIM applications in structural 

engineering and sustainable domains are very fragmented and disaggregated. Even though a 

significant number of BIM-related research projects has focused on this topic following different 

research routes, the combination of concepts and definitions between the two domains often 

remain inaccessible or poorly integrated. Whilst the underlying reasons for this are profound as 

the internal processes in each field are driven by different objectives, it is sensible to explore 

theoretical analogies and practical parallelisms between the two domains at a deeper level by 

embedding BIM.  

To obtain a higher degree of aggregation between these concepts and in order to establish novel 

and efficient decision paradigms in the industry, consolidated frameworks that map the structural 

domain with the sustainability domain would need to address four interconnected fields of practice. 

A conceptual representation of such a map is demonstrated in Figure 2.2. There is a need for 

early stage decision-making procedures to address the life cycle energy and sustainability 

performance of building structures in real-time. Currently most life cycle assessments are being 

used for ranking purposes retrospectively, whilst they rarely address the entire life of a building 

due to the lack of continuous data. Additionally, the relationships between the embodied and the 

operational energy phases are not clearly specified. Robust early decision procedures could 
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mitigate associated risks, whilst energy and sustainability strategies could become more effective 

as projects move forward. BIM-based knowledge systems that include data, information and 

experiences from previous projects could also be utilised as design guidelines in new projects.  

 

Figure 2.2 Mapping of sustainable domain against structural domain considering four practical 

fields 

The adoption of sustainable decision procedures that generate structural efficient solutions both 

in terms of engineering performance and life cycle environmental impacts need to be enhanced in 

structural engineers’ common practice. However, the nature of the profession currently focuses on 

strictly engineering attributes and less on sustainability objectives. Thus, structural changes at 

organisation level are also necessary to facilitate this transition. The educational variable can play 

a significant role in shaping a new, more sustainable and energy efficient decision paradigm in 

building structural engineering. College programmes that introduce LCA and BIM at both 

undergraduate and postgraduate levels could help young graduates to get a deeper understanding 

of the energy challenges they must face once they enter the profession.  

Furthermore, the complexity of building design lies in the effective collaboration of various 

stakeholders, of both technical and non-technical nature. BIM could play a significant role in this 
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field as it can enhance the communication between the structural engineers and the rest of the 

design team, whilst it could improve remote design optioneering through rich visualisation 

procedures. The definition of the performance requirements needs to be clearly recognised.  

Currently, there are no policy requirements to associate sustainable energy performance with 

structural engineering practice. Therefore, integrated policy measures that address the subsequent 

life cycle energy objectives not only at a building level but also at a structural system level would 

further reinforce this field. A systematic approach to building design considers buildings as 

complex systems that incorporate a variety of sub-systems with their individual modules such as 

architectural model, structural model, energy model, cost model, mechanical system model, etc. 

indoor air quality model. 

BIM integrated analysis and delivery models can identify performance relationships between 

different building systems. The current nature of the comparative LCA models in building 

structures are not sufficiently integrated in practical structural engineering decision-making 

processes. Therefore, low energy and sustainable approaches such as LCA connected with 

engineering optimisation modules could be used by structural engineers not only as an assessment 

procedure at the end of a project but as an effective optioneering method of different design 

alternatives. Research has shown that the purpose of the LCA is not limited to comparisons 

between different material families. Combined with cost estimating and construction scheduling 

techniques it could offer novel decision paradigms in structural engineering.  

2.10. Summary 

Only recently and under global environmental pressures within the built environment structural 

engineers have begun to consider the sustainability impacts of their solutions, seeking for energy 

efficient analysis methodologies and decision-making approaches that could offset the 

environmental burdens of their designs. This radically changes the design criteria in building 

structures, as the underlying complexity of quantifying the environmental energy performance of 

such structures is not an easy task especially when considering the long-term implications at 

building level (discrepancies of embodied energy and operational energy phases). The reluctance, 

the conservatism and the fragmentation of the construction industry sector have also slowed down 

the integration and adoption of novel analytical models, which have resulted in further skepticism 

in the development of holistic engineering decision-making processes.  
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The literature review in the previous sections investigated a broad range of issues and 

contributions associated with the sustainable optimisation and decision-making of building 

structures. Despite recent developments in:  

• LCA, the applications in structural engineering are still limited (mainly for assessment 

purposes). Enabling the underlying LCA concepts to be utilised during the early project 

stages could extend their implementation in structural design and optimisation 

applications.   

• MODM, intelligent optimisation models that enable a high level of design constructability 

are still necessary. Such models could be effectively used for the articulation of realistic 

and optimised design alternatives to improve the cost and carbon efficiencies of building 

structures.  

• MCDM, decision models are rarely implemented in actual projects by practitioners. 

Systematic mechanisms that enable design teams to easily identify and compute 

preferences and design priorities could extent the scope of current MCDM applications.  

• BIM, integrated systems that amplify structural design and decision-making procedures 

are underutilised. Further analysis and research is still required to explore how BIM 

collaborative platforms could influence current design optimisation practices.  

The thesis explores how a better synthesis of these research domains could offer new decision 

frameworks that quantify the performance criteria of sustainable and energy efficient structural 

systems using common and novel construction techniques. The specification of such a consolidated 

decision hierarchy is presented herein with the aim to effectively consolidate the decision workflows 

in future structural engineering practices using the capabilities of BIM. The benefits of such 

engineering approaches could be greater particularly during the early design stages where decisions 

cost less, are more effective and they are easier to be implemented. In the subsequent chapters, 

the practical application of such a decision approach is established and its detailed mechanisms 

are developed and tested. 
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3. RECOGNISING STRUCTURAL DESIGN PRIORITIES 

This chapter describes the first mechanism of the proposed framework (Part 1), which involves 

the specification of project and design engineering requirements necessary for the structural 

decision-making and optimisation analyses. By identifying engineering priorities early in the design 

development, it is anticipated that structural engineers could successfully optimise the entire 

structural system at the detailed design stage. A systematic group decision-making workflow was 

constructed within BIM for that purpose to consider the different and often conflicting nature of 

decision-makers’ preferences by directly engaging them in the decision process. The organisation 

and the algorithms of the proposed model are established first. The findings from a numerical 

application of the proposed method in real decision conditions are then analysed and discussed.  

3.1. Introduction 

In the context of building structures most of the optimisation problems can be represented using 

multi-objective algorithms. In multi-objective optimisation, the trade-off solutions between 

conflicting design objectives could be represented in a Pareto front diagram (Figure 3.1). The 

diagram suggests that solutions that optimise one of the objective functions do not necessarily 

optimise the second one too. In practice, a good approximation of the Pareto front does not 

necessarily mean that the optimisation procedure is finalised (Lopez-Jaimes & Coello, 2014). 

Further analysis of the resulting trade-off solutions is necessary to finalise the decision-making 

and define a single solution from the entire Pareto front. The reason for this is that, currently, 

the human factor is always responsible for the final approval and selection of a design solution 

(Nascimento & Eades, 2005).  

The evaluation of the Pareto front solutions could be performed using multi-criteria decision-

making (MCDM) approaches that are structured using specific decision criteria obtained from a 

group of decision-makers. It is evident that such decision criteria will change depending on the 

specific project requirements. Thus, the current study explores a systematic approach to specify 

decision criteria that are necessary in MCDM modelling for the final selection of solutions obtained 

from optimisation analyses with conflicting objective functions.  
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Figure 3.1 Optimised structural alternatives for conflicting objective functions as visualised in 

a notional Pareto diagram 

A decision-support model for the specification of such decision criteria based on group decision-

making is investigated. The proposed decision-support model was based on the Quality Function 

Deployment (QFD) which is an effective decision-making approach for the analysis of complex 

decision problems. QFD is a strategic and robust methodology that allows multi-disciplinary teams 

to recognise stakeholders’ needs and translate them into technical attributes during the product 

development phases (Dursun & Karsak, 2013).  

QFD was originally applied in product and services development in Japan (Zhong, et al., 2014). 

In the construction industry, QFD has been widely used as its implementation could be 

particularly effective in addressing project-specific needs (Kamara, et al., 1999). In addition, QFD 

approach could effectively lead designers to a better understanding of stakeholders’ requirements, 

whilst it could enhance the communication between users and designers (Delgado-Hernandez, et 

al., 2007).  

Previous applications involve early design stage development (Kamara, et al., 1999; Delgado-

Hernandez, et al., 2007; Eldin & Hikle, 2003), bridge design (Malekly, et al., 2010; Bolar, et al., 

2014) and maintenance (Bolar, et al., 2014), energy efficiency measures in office (Shao, et al., 

2014) and residential buildings (Singh, et al., 2014) and sustainable assessments performance 

(Vinodh & Rathod, 2011; Bolar, et al., 2014; Eleftheriadis, et al., 2016). However, more focused 

efforts are still required to effectively integrate QFD in the optimisation of building structures 

where design decisions often tend to be unsystematic and fragmented. 
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If QFD is implemented early in the design development it can be particularly helpful with the: 1) 

prioritisation of project requirements, 2) articulation of design criteria, 3) efficient resources 

management (quality, construction delays, materials waste, etc.) (Eldin & Hikle, 2003; Bolar, et 

al., 2014), 4) information transfer between disciplines (Singh, et al., 2014). Furthermore, it was 

reported that early interactions of decision-makers in QFD could increase the feasibility and 

adoption of design solutions (Shao, et al., 2014). According to Eldin & Hikle (2003), QFD can 

significantly reduce design costs and time. Yang et al. (2003) have recognised that the integration 

of QFD with quantitative methods such as Analytic Hierarchy (Carnevalli & Miguel, 2008), Neural 

Networks (Kutschenreiter-Praszkiewicz, 2013) or Fuzzy Set Theory (Carnevalli & Miguel, 2008) 

could provide intelligent information systems that support the development of structured decision-

making processes. 

3.2. Method: Design Prioritisation  

An important consideration the chapter puts forward is the integration of QFD with BIM 

technologies. BIM can effectively address the dynamic nature of structural optimisation and 

decision-making problems as suggested by Eleftheriadis et al. (2015; 2017) advocating that several 

synergies and new development opportunities might exist. BIM could act as a shared platform for 

the collection of data necessary in the decision-making models which could involve the preferences 

of decision-makers (Jato-Espino, et al., 2014). Thus, a BIM-based decision support model which 

integrates QFD is investigated and tested in this research to assist engineers identify relevant 

decision criteria during the early stages of a project. This is the first attempt to synthesise QFD 

modelling in the context of BIM for the evaluation of decision criteria in structural engineering 

applications.  

3.2.1. MCDM Workflow 

Assume there is a structural design scenario with a conflicting set of optimisation objectives; the 

results from the optimisation computations could be represented in a diagram similar to the one 

described in Figure 3.1. There will be a set of structural alternatives on the Pareto front that 

will require further assessment to identify a single most preferred solution.  

For that purpose, a MCDM model that combines quantitative data from the BIM structural 

models and the decision criteria from the BIM-based QFD model was implemented as shown in 

Figure 3.2. The two sets of data are aggregated within the MCDM model and the final design 
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rankings of the different structural options could be identified. Thus, the proposed decision-

support model becomes an integral component of a comprehensive decision workflow that utilises 

structural optimisation analysis, BIM technologies and QFD data combined with MCDM 

procedures. The main benefit of such a workflow is that structural optimisation can be effectively 

integrated with decision processes which could ultimately enhance the use of such procedures in 

practice.  

 

Figure 3.2 Decision workflow of the research where DRn are the design requirements and Dn 

the optimised structural designs 

Therefore, the main objective of this chapter is to develop and test the first part the decision 

workflow, which includes the BIM-based QFD decision-support model. The QFD model is used 

for the identification of the necessary decision criteria by translating detailed project requirements 

into structural design parameters using stakeholders’ expert knowledge. The project requirements 

may vary from one project to another which means that the engineering requirements will need 

to be adapted accordingly. However, the study provides a general method on how this decision 

support model can be implemented in various practical decision conditions.  

3.2.2. BIM-based QFD Decision Support Model 

The development of the QFD normally follows a four-stage approach, in which each one 

corresponds to a stage of a product’s development: 1) Planning phase (clients’ attributes), 2) 

Design phase (technical requirements), 3) Operational phase (component characteristics), 4) 

Control phase (process steps) (Li, et al., 2014; Yang, et al., 2003). The planning phase of QFD is 
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formalised through a conceptual matrix called the House of Quality (HOQ), which helps prioritise 

technical attributes early in the project development by relating client needs (WHATs) into 

engineering design attributes (HOWs) (Sener & Karsak, 2010; Prasad, et al., 2014). Figure 3.3 

shows a general representation of the HOQ.  

For the purposes of this study the general HOQ was adapted so that the client WHATs are 

converted into project requirements (PR) to address building relevant needs such as design and 

construction quality, construction programme efficiency and safety concerns to name a few. On 

the other hand, the client HOWs were translated into structural design requirements (DR) to 

effectively address the PR recognised previously. DR include features that structural engineers 

will identify in their designs, from structural design efficiency and material specifications to 

detailed sizing of the various structural components such as floors, walls and columns. The 

preparation of the HOQ relies on the inclusion of data in the form of expert opinions for the 

specification of the: Step 1 - Project requirements and importance matrix, Step 2 - Engineering 

requirements and relationship matrix, and Step 3 - Interrelationship matrix of engineering 

requirements.  

 

Figure 3.3 House of Quality, adapted from Dursun & Karsak (2013) 

In most new buildings, the design teams work collectively around a shared BIM model. This offers 

many opportunities to use the BIM domain as a platform to exchange and record design 
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preferences and decision criteria. This is particularly useful during the early design stages when 

different design options are investigated. The current research utilises this BIM capability to 

collate the necessary data for the computation and delivery of the HOQ in the QFD model. The 

structure of the BIM component within the decision support model is presented in Figure 3.4. 

The shared BIM model is accessed by team members such as architects, structural engineers, 

contractors or subcontractors to add or amend building information. This functionality is 

enhanced with a custom application within BIM that is used for the data collection of stakeholders’ 

preferences.  

 

Figure 3.4 Structure of the decision support model 
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In this study Autodesk Revit Application Programming Interface (API) is employed to build the 

application for the collection of HOQ data from the project team. Autodesk Revit is the most 

common BIM platform in the industry and the one Price & Myers are extensively using in the 

majority of their new projects. The application could be loaded as an add-on in the beginning of 

every project. The application is responsible for the specification of the three HOQ steps identified 

previously: the project team can not only record PR based on the current project brief but it also 

provides numerical assessment based on their preference and experience. The DR are then 

recognised by the team of engineers as well as the relationships between the PR and the DR. 

Finally, the interrelationship between DR is used to identify the final DR importance ratings. All 

necessary computations for the specification of DR priorities are presented in detail in Section 

3.2.4. 

3.2.3. Numerical Assessment 

Figure 3.5 shows a snapshot of the tool within BIM with the corresponding tabs which are 

associated to the three HOQ steps.  

 

Figure 3.5 BIM application interface panel with different functionalities for data collection 

To conduct the numerical assessment with the stakeholders’ preferences the rating scales from 

Chin et al. (2009) were implemented within the BIM tool to identify the corresponding PR 

importance weights wmn {9=Extremely Important/EI, 7=Very Important/VI, 5=Moderately 

Important/MI, 3=Weakly Important/WI, 1=Very Weakly Important/VWI, 0=Not 

Important/NI}, the relationships between PR and DR Rmn {9=Very Strong Relationship, 

7=Strong Relationship, 5=Moderate Relatinoship, 3=Weak Relationship, 1=Very Weak 
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Relationship, 0=No Relationship} and the correlation of DR, rmn {9=Very Strong Correlation, 

7=Strong Correlation, 5=Moderate Correlation, 3=Weak Correlation, 1=Very Weak Correlation, 

0=No Correlation}. At Step 1, the numerical assessment (wmn) for the PR is computed, whereas 

the relationships (Rmn) between the PR and the DR takes place at Step 2. Finally, the inner 

relationships between the DR (rmn) are assessed at Step 3. The interface components for Step 2 

and Step 3 follow a similar logic with the one shown for Step 1 and thus were not fully displayed 

in Figure 3.5. Background information about the QFD methodology and user guidelines are 

summarised in the instructions tab.  

An important contribution of the proposed decision support model is the ability to address the 

uncertainties associated with the decision makers’ opinions. This is a significant limitation of 

traditional QFD models and in this study, is addressed utilising Evidential Reasoning (ER) 

algorithms. ER is embedded within the QFD component to tackle two main types of uncertainties: 

1) vagueness and ambiguity of data input, 2) incomplete, imprecise data. Typically, most methods 

address the first type of QFD uncertainties, which involves the vagueness of input data using 

fuzzy logic (Liao & Rouge, 1996; Seo, et al., 2004). However, fuzzy logic approaches embedded in 

the commonly used AHP or ANP cannot deal with incomplete, or missing (ignorance) information 

in QFD which often is inevitable in human being’s subjective judgement (Chin, et al., 2009). The 

most common way to address this kind of data limitation is using ER logic.  

ER uses Dempster-Shaffer’s theory of evidence (Shafer, 1976) which deals with multiple attribute 

decision analysis problems that include both quantitative and qualitative features with various 

types of uncertainties (Liu, et al., 2011). The methodology allows decision-makers to express their 

subjective judgement using belief structures which means they can provide more than one 

perceived ratings if they are not feeling confident about a single selection (Chin, et al., 2009).  

In addition, this approach allows incomplete ratings to be considered in the model if the decision-

makers are uncertain about their selection. Simple examples to show how these properties are 

modelled are shown below. One decision-maker can assess one of the project requirements (PRi) 

as being 50% very important and 50% moderately important (total 100% belief).  

This is modelled as {(7, 50%), (5, 50%)} = 7´50% + 5´50%. This means that the total rating is 

6. Another decision-maker could assess the same criterion as 60% between moderately important 

and extremely important and only 20% as weakly important. This preference is modelled as {([5-
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9], 60%), (3, 20%)} = [5-9]´60% +3´20% + [0-9]´20%. The reason the component [0-9]´20% is 

added into the model is because the initial belief structure is incomplete (80% < 100%). In that 

case the remaining belief degree represents the probability that has not been assigned to any of 

the other ratings [0-9]. This means that the rating would be interval ranging from 3.6 (lower 

bound) to 7.8 (upper bound).  

3.2.4. Data Processing and Computations  

Once all team members have completed their numerical assessment using the rating scales and 

the belief structures described earlier, the data are exported to calculate the HOQ and the final 

priorities of the structural design requirements. The solver in this study is a Microsoft Excel 

worksheet that uses the data collected from the BIM application (.csv data format). The overall 

computational workflow developed in the current study is shown in Figure 3.6.  

 

Figure 3.6 Computational workflow and HOQ stages 
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Chin et al. (2009) have introduced the implementation of the ER functions within QFD. Mehrabi-

Kandsar et al (2016) have applied Chin et al’s (2009) ER-based QFD in the compressor 

manufacturing industry but no application in the context of structural engineering has been found 

in the literature. The importance ratings of PR are computed and normalised first using the 

project team’s preferences followed by the computation of the relationship matrix between DR 

and PR using structural engineers’ preferences.  

Finally, the interrelationships between DR are incorporated and the final DR priorities defined. 

Because the PR ratings could be intervals (ranges and no single numbers) the DR rating might 

need to be optimised accordingly to identify its corresponding lower and upper bounds. A brief 

description of the relevant computations is given below but the detailed algorithmic functions for 

all the computational components are summarised in Appendix B.  

- PR Computations 

To compute the importance ratings for each of the project requirements (PR), a relative weight 

is assigned first to all the project team members to resemble their influence in the decision 

procedure. Each weight takes any value between 0 and 1 with the condition that the sum of all 

the team members’ weights is 1. Subsequently, each member of the team gives a perceived score 

to all the specified project requirements based on their expertise and domain knowledge. The team 

members’ scores are called belief structures and are represented linguistically using the rating 

scales described in Section 3.2.3.  

The belief structure can be represented as a single rating (e.g. “Extremely Important”) if there is 

no ambiguity in the team members’ preferences or more frequently as a range when the 

participants are unsure about their particular selection (e.g. “Very Important – Extremely 

Important”). Each linguistic rating is computed using a corresponding numerical representation 

as summarised in Section 3.2.3. The numerical assessment for each of the importance ratings is 

multiplied by a confidence percentage (0%-100%) which describes how confident the participants 

are with their selections. The sum of the team members’ ratings multiplied by their corresponding 

influence weights gives the weighted average ratings for each of the PR. Typically, the weighted 

average ratings would be represented in a numerical range format. The normalised ratings are 

computed last using the average weights calculated previously.  
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- PR and DR Computations 

Belief structures were also used to compute the relationship matrix between the PR and the DR. 

In this case, instead of project team members, a group of structural engineers was responsible for 

the specification of the relationships to ensure that each decision scenario is analysed in detail. 

Similarly to the PR computations, each of the structural engineers is assigned an influence weight 

(from 0 to 1) typically based on their role in the design. The project engineers have more influence 

on design decisions compared to the team of structural engineers that only support the analysis. 

The sum of all relative weights also needs to be equal to 1. All the structural engineers give a 

perceived relationship score using the linguistic expressions described in Section 3.2.3 based on 

their intuition and valuable project experience. After computing the belief structures for all the 

DR and PR relationships, they were then combined for each of the DR by converting them into 

probability masses using the ER algorithms and the PR ratings previously computed. The 

probability masses for each of the two PR were considered as two pieces of evidence and thus 

they needed to be combined. All the probability masses for the DR and PR were combined in a 

recursive process that combined all the pieces of evidence. However, because the weights for the 

PR were typically interval ratings (range between two values), the combination process needed 

to be repeated for all the interval ratings. Once this process was completed, the minimum and 

maximum ratings for each of the DR were generated.  

- DR Interrelationship Computations 

To compute the final DR priorities, the interrelationships between the various design requirements 

were incorporated to ensure the engineering interactions are adequately considered. This step is 

significant as the DR relationships can influence how the final rankings are prioritised. The 

interrelationship matrix is typically developed by an experienced structural engineer using the 

numerical assessment outlined in Section 3.2.3. In this instance, there is no need to include the 

opinions of multiple structural engineers, as the DR interrelationships are based on design 

engineering principles which means there is limited ambiguity on the way the formulas and their 

relationships can be interpreted. Once the detailed DR relationship ratings are recognised for all 

the design requirements, the initial DR importance ratings are multiplied with the 

interrelationship matrix. Once this step is completed, the normalised weighted DR ratings are 

finally computed.  
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3.3. Method Evaluation 

The methodology of the proposed decision-support model was assessed against Ullman’s (2001) 

hierarchy for robust decision-making. Ullman (2001) suggested that decision-making models utilise 

three fundamental categories of information comprising of data, models and knowledge. To obtain 

the knowledge necessary to make a decision the relationships between data are firstly analysed 

through explicit model representations followed by understanding and evaluating the behaviour 

of such models. Specifically, for the development of decision criteria which is the main focus of 

this chapter, Ullman recommended QFD concepts to define and measure the important features 

of a decision problem. The methodology examined in this chapter effectively builds on Ullman’s 

hierarchy: numerical and linguistic data are implemented to identify project and design 

requirements through a participatory QFD model whilst decision insights are obtained through 

the analysis of the QFD model using integrated evidential reasoning algorithms. 

3.4. Method: Decision Experiments 

The design and optimisation of reinforced concrete structures in multi-storey buildings involves 

several design components that are often interrelated. Understanding these relationships can be a 

time-consuming process that requires not only engineering analysis but also the assessment of 

whole building interactions and construction requirements. Material properties, column grids, slab 

thickness, columns sizes and reinforcement detailing are a few of the parameters structural 

engineers should consider whilst liaising with the design team.  

The selected building scenarios recognised in Section 1.2.2, were examined and evaluated by a 

group of experts that were involved in their design before initiating the algorithmic QFD 

procedure. Figure 3.7 shows the two representative building examples that were used in this 

chapter to test the QFD framework but they were also used in the subsequent chapters to perform 

the optimisation and lifecycle analyses. In both cases, the buidings were organised in two main 

blocks that shared the majority of their structural design characteristics and specifications. The 

findings of this study are not limited to the selection of buildings as the participants were asked 

to define generalised design and project characteristics using their expert knowledge and domain 

experience. Similar design procedures should be expected for buildings that fall into the two main 

groups of buildings. In addition, the proposed framework could be adapted to any building context 
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and could be used by any project team. The general design priorities were determined through 

the participatory QFD model to satisfy typical project requirements.  

 

Figure 3.7 Typical RC building scenarios under investigation 

Senior project team members were advised and the background research, briefing, surveying and 

data collection took place in two decision experiments during June and July 2017. Each one lasted 

approximately 2 hours. Detailed programme guidelines for the sessions were sent to the 

participants beforehand without disclosing any specific information for the building scenarios. The 

reason for this was to capture the participants’ spontaneous opinions and preferences. The first 

experiment was organised with a multidisciplinary design team (architects, contractors, etc.) to 

specify the project related characteristics, whereas in the second experiment only structural 

engineers were involved to analyse the engineering design characteristics. During each experiment 

the project (PR) and engineering requirements (DR) were identified first (linguistic assessment) 

followed by the specification of their corresponding weights (numerical assessment) using the BIM 

application. The engangement between the participants and the proposed interface was recorded 

and analysed during the two experiments to improve the functionalities and effectiveness of data 

collection in future versions.  

3.5. Results: Project and Design Requirements Formulation 

3.5.1. Project Requirements 

To investigate project requirements five qualified members of an existing project team were invited 

to participate in the study. The team members included the architect (Team Member 1), the 

client (Team Member 2), the contractor (Team Member 3) and the project manager (Team 

Member 4) and the structural engineer (Team Member 5). A briefing session was organised to 
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answer any questions and explain the motivations of the study. After the briefing session, the 

participants were given access to the BIM application to develop and assess usual project 

requirements based on their expertise in the design and delivery of multi-storey reinforced concrete 

structures similar to the ones shown in Figure 3.7. The project team agreed that for RC building 

structures the most relevant project requirements are associated with time and cost factors.  

Six project requirements were analysed in this study by the project team’s initial time-cost 

hierarchy. These are listed in Table 3.1. Delays in the construction works should be eliminated 

as they can have significant cost implications and interrupt the completion of site works (PR1). 

In addition, for the project to be completed successfully, the structural designs should be 

rationalised (PR6) and the construction processes should be simplified (PR2) as much as possible. 

Complicated and expensive solutions should be avoided unless they are absolutely necessary. At 

the same time, the overall quality of the resulting design should be high to avoid any future 

requirements for maintenance which would add to the total costs of the structure (PR5). The 

successful integration of the structure with other building systems can significantly reduce the 

design development time which means that the construction works could start earlier (PR4). 

Costly design decisions and other relevant design risks could also be effectively managed by a 

project team that has experience in the specific building typology and structural system (PR3).  

Table 3.1 Project requirements (WHATs) specified by the design team 

Project 
Requirements 

Description 

PR1 – 
Construction 
Speed 

It is the time that is required to complete the assembly and the 
construction of the structure on site 

PR2 – Buildability  If the construction complexity of the proposed engineering system 
is reduced the whole construction programme will be faster and 
cheaper 

PR3 – Expertise If the design team is experienced the overall construction and 
design quality can be improved whilst cost could be reduced 

PR4 – Integration 
between disciplines  

The integration between the structure and other systems such as 
architectural layouts and services  

PR5 – Quality  If the overall design and construction delivery is improved the 
quality assurance of the project is increased 

PR6 – Design 
Standardisation  

Rationalisation of design elements help reduce errors, speed up 
the completion of works on site and reduce overall project costs 
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3.5.2. Design Requirements 

To meet the PR presented in the previous step, four structural engineering practitioners of variable 

seniority were asked to specify and assess relevant design requirements using the BIM application. 

Two senior and two project engineers with extensive experience in RC structures participated in 

the study. The structural engineers were asked to draw from their expertise and list design 

parameters related to the superstructure that effectively address the project requirements. The 

parameters could involve any engineering component of the structure that is typically specified at 

this stage of the design development. The participants focused primarily on the structural floors 

and the column supports as according to their feedback “minimal changes can be achieved in the 

design of the structural cores”. Table 3.2 summarises the DRs specified by the four structural 

engineers and a brief description for each one of the DR. As expected all DRs are quantifiable 

components in a typical building structure. This mean that for any given design configuration the 

seven DR can be directly obtained from the structural BIM model which significantly helps the 

post-processing and the final decision assessment. The structural engineers recognised that most 

of the specified design requirements are interconnected and thus detailed interrelationships 

assessment is conducted in Section 3.6.  

Table 3.2 Design requirements (HOWs) specified by the structural engineers associated with 

the main components of the superstructure in RC buildings 

Design 
Requirements 

Description  

DR1– Column  
Grid  

The column grid is given in column spacing. Larger column spacing 
help architects plan the internal layout of the building. However, at 
the same time the decision of a structural grid could make the whole 
structure more inefficient due to larger spans. 

DR2 – Slab  
Thickness  

The slab thickness is normally defined in mm and follows a set of 
discrete options. The selection of slab thickness is related to both the 
column grid and column sizes.  

DR3 – Slab  
Reinforcement  

The reinforcement rate in the slab is given in kg of steel per m3 of 
concrete. The slab thickness and the load cases significantly affect 
the reinforcement rate. 

DR4 – Weight 
of  
Structure  

The total weight of the structural system is given in tonnes. The 
structural weight is a combination of the weight of the concrete and 
the reinforcement. Lighter structure could reduce construction time 
and waste and foundation costs.  
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DR5 – Slab 
Reinforcement  
Spacing  

The spacing of reinforcement is given in mm and it is defined as the 
distance between reinforcement bars in the slab. Engineers try to 
reduce the total number of reinforcement spacing to ease the 
construction process.  

DR6 – 
Structure 
reinforcement  
schedule  

The number of different bar diameters used in the slab and the 
columns significantly influences buildability and detailing efficiency. 
Typically, engineers try to reduce the number of different bar 
diameters in the structure.   

DR7– Column  
Sizes 

The area of the columns can affect the design of the slab. In 
addition, architects try to integrate columns within partitions which 
can create design challenges for the engineers.  

3.6. Results: Numerical Tests 

After the development of the project and design requirements, the numerical assessment is 

peformed in the following sections using the equations and fucntions described in Appendix B. 

The PR importance weights matrix is calculated first (WHATs), followed by the relationship and 

interrelationship matrices (HOWs). 

3.6.1. Importance Weights Matrix Evaluation 

The importance matrix of WHATs is computed in this section. Once all the PRs (WHATs) are 

identified, the corresponding importance weights were computed using the belief structures 

obtained from the five project team members via the BIM application. Table 3.3 demonstrates 

the assessment information for the six PR as obtained from the participants’ data entries. In the 

tested case, it is assumed that all project members have the same relative weight (λ" = 	 λ% = ⋯ =

λ' = 0.2)	which might not be always the case in real projects. For simplicity, the participants 

received equal treatments. The weights could be adjusted based on project specific needs.  

The final normalised ratings were computed and the results are shown in Table 3.3. It is observed 

that the proposed QFD method with ER can effectively compute the ambiguity in the data 

collected from the design team members. All team members except Team Member 5 have provided 

their perceived importance ratings using a range scale. This clearly verifies that the selection of 

the ER in the QFD model was a sensible functionality. The results for the normalised importance 

ratings of the PR suggest that design standardisation is the most important project requirement 

for the structure according to the participants followed by the buildability and systems 

integration. The results are not surprising as these are common constraints that structural 

engineers should address or mitigate when they specify a structural system. These results could 
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be attributed to the opinion that simpler structural systems are easier and cheaper to build. These 

are not findings that can be applied to any structural system but provide a good indication of 

what is perceived as common practice in the case of RC structures.  

Similar observations were also put forward in a study conducted by Moynihan & Allwood (2014) 

where they identified that rationalisation and poor buildability are the main reasons for the low 

structural efficiencies observed in 23 real steel structures they analysed. Finally, the results 

obtained suggest that if structural engineers want to optimise a structural system they should be 

aware of the implications on the buildability of the optimised designs. This could be achieved by 

integrating more constructability constraints in the formulation of optimisation procedures. 

A sensitivity analysis was performed to investigate the impact of different relative importance 

weights (λ-)	of each design team member in the normalised PR importance ratings and to better 

analyse the previous results. This is because for the assessment presented in Table 3.3 equal 

weights (20%) between the five design team members were assumed. To conduct the sensitivity 

analysis, various weight distributions were computed for each of the λ- weights using 5% 

increments with minimum range being 0% and maximum range being 100%. This means that a 

project team member could have no power (0%) in the project decisions or could be entirely in 

charge of the relevant decisions (100%). In total 10,686 weight combinations were identified using 

Python for each of the five λ- and applied in the model to calculate the different PR importance 

ratings using VBA. The lower bound and the  upper bound value of the importance ratings were 

calculated. The results from the sensitivity analysis were used to calculate Pearson correlation (r) 

(Hauke & Kossowski, 2011), which is the covariance of the team weights and the resulting PR 

ratings divided by the product of their standard deviations. 

Figure 3.8 shows the results from the sensitivity analysis of all the six PR ratings showing the 

corresponding positive and negative correlation coefficients for the five λ- weights. It is observed 

that the upper and lower bounds of the PR ratings have different sensitivity to the λ- weights. 

The sensitivity analysis also shows that the construction speed (PR1) is related to the structural 

engineers’, the architects’ and the project managers’ decisions whereas the buildability (PR2) is 

related mainly to the contractors’ decisions. The technical expertise (PR3) required for the effective 

delivery of the project’s structure should be supported by the structural engineers’ experience. 

The system integration (PR4) is a main concern for the architects and the clients, whilst the 

overall project quality (PR5) is important for the client and the project manager. Finally, the 
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design standardisation (PR6) is related to most of the stakeholders as it requires close coordination 

between the different disciplines. 

These findings are clearly associated with the numerical assessment provided by the participants 

in the study (Table 3.3). However, after analysing the results it becomes evident that they could 

be reasonably generalised and effectively used in similar decision procedures in RC projects as 

they offer a sensible method to distribute team roles and priorities amongst the project team 

members.  

(a)  (b)  

(c)  (d)  

(e)  (f)  

Figure 3.8 Sensitivity analysis results for PR importance ratings (a) PR1 Construction 
Speed, (b) PR2 Buildability, (c) PR3 Expertise, (d) PR4 Integration between disciplines, (e) 

PR5 Quality, (f) PR6 Design Standardisation, where λ- are the relative influence weights 
associated with the five members of the design team 
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Table 3.3 Importance ratings for the six project requirements (WHATs) 

 Team 
Member 
1 (20%) 

Team 
Member 
2 (20%) 

Team 
Member 
3 (20%) 

Team 
Member 
4 (20%) 

Team 
Member 
5 (20%) 

Weighted 
average 
ratings 

Normalised 
importance 
ratings 

PR1 
Construction 
Speed 

5:60% 
0-9:40% 

7-9:90% 
0-9:10% 

9:90% 
0-9:10% 

9 1 5.48-6.92 0.145-0.195 

PR2  

Buildability  
7:80% 
0-9:20% 

5-7:85% 
0-9:15% 

9:90% 
0-9:10% 

7 5 5.99-7.14 0.158-0.203 

PR3  

Expertise 
5:50% 
0-9:50% 

5 5 3:50% 
5:50% 

7 4.70-5.60 0.123-0.160 

PR4  

Integration 
between 
disciplines 

9:90% 
0-9:10% 

5 7 7 5 6.42-6.60 0.165-0.193 

PR5  

Quality  
7:80% 
0-9:20% 

7 3 5 3 4.72-5.08 0.122-0.148 

PR6  

Design 
Standardisation 

9:80% 
0-9:20% 

5-7:90% 
0-9:10% 

9:90% 
0-9:10% 

7 7 6.76-7.84 0.177-0.223 



 

 78 

3.6.2. Relationship Matrix Analysis 

In this section, the relationship matrix between WHATs and HOWs is computed. The four 

structural engineers who participated in the study provided the numerical assessment of the 

relationship matrix. The complete assessment of the relationship between DR and PR is shown in 

the Appendix C (Table C.1) using the data the engineers provided through the BIM application. 

In this study, it is assumed that all engineers have equal relative weights (!" = !$ = !% = !& = 

0.25). Similarly to the computation of the project team’s weights presented in the previous section 

the intention here is also to obtain an understanding of the model’s behaviour and its ability to 

compute group behaviour. Key computational processes are described in detail.  

The belief relationships between DR and PR are weighted and subsequently converted into 

probability masses which correspond to the probability of a discrete variable to be exactly equal 

to a prescribed value. This is not to be confused with the probability density which is associated 

with continuous rather than discrete variables. Figure C.1 and Figure C.2 (Appendix C) show 

how the model combines probability masses from the six pieces of evidence (PR) to create joint 

probability masses. The process implemented in the research follows Xu, et al.’s (2006) method 

for the effective aggregation of probability masses. 

Because the obtained importance ratings PR are interval numbers (ranges) the importance ratings 

for the DR cannot be uniquely identified from these ranges. To improve this condition, the two 

optimisation models described with equations B.15 and B.16 (Appendix B) are implemented. The 

first model searches for the combination of PR ratings from Figure C.1 for which the DR 

importance ratings are minimised. On the other hand, the second model identifies the PR ratings 

combinations that maximise the DR importance ratings. This means that 14 optimisation 

simulations were performed (2 for each of the DR) to obtain the lower and the upper bounds of 

the initial DR importance ratings. They are called initial importance ratings because the 

interrelationships between the DR are not incorporated yet. 

Figure 3.9 shows an example of how the optimisation model results are computed for the of DR1. 

The resulting lower bound is 6.11 and it was calculated using the following combination of PR 

weights as represented in the Inf curve {w1=0.185, w2=0.203, w3=0.123, w4=0.165, w5=0.148, 

w6=0.177}, whereas the upper bound is 7.23 with corresponding weights in the Sup curve 

{w1=0.145, w2=0.158, w3=0.160, w4=0.193, w5=0.122, w6=0.223}. It is observed that the 
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computations are sensitive to the normalised PR importance ratings as small changes in their 

weights can significantly change the results for the DR. The results also validate the initial 

hypothesis as the DR1 upper bound for the weights in the Inf curve is 7 which is not the maximum 

value whereas the DR1 lower bound for the weights in the Sup curve is 6.53 which is not the 

minimum value either. The lower and upper bounds for the rest of the DR are computed in a 

similar manner (Figure C.3). The results for the initial importance ratings from the entire 

optimisation procedure are summarised in Table 3.5. 

 

Figure 3.9 Optimisation results obtained from equations B.15 and B.16 for DR1 
importance ratings 

Table 3.4 Importance ratings for DR (HOWs) excluding the correlation matrix 

 DR1 DR2 DR3 DR4 DR5 DR6 DR7 
Lower 
bound 

6.108 4.992 2.066 3.516 4.059 4.298 5.380 

Upper 
bound 

7.226 7.032 3.22 4.873 5.041 5.254 5.908 

Normalised 
Lower 
bound 

0.1631 0.1367 0.0553 0.0945 0.1080 0.1143 0.1415 

Normalised 
Upper 
bound 

0.2291 0.2166 0.1020 0.1534 0.1605 0.1675 0.1909 

Average 0.1961 0.1767 0.0787 0.1239 0.1343 0.1409 0.1662 
Ranking 1 2 7 6 5 4 3 
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The initial results from the numerical assessment of the importance ratings indicate that the 

column grid (DR1), the slab thickness (DR2) and the column sizes (DR7) are the three most 

significant design parameters. On the other hand, the slab reinforcement (DR3) and the weight 

of the structure (DR4) are the two least important engineering design parameters. Even though 

these results offer the first insights about the behaviour of the decision model, they cannot be 

conclusive. This is because the specified engineering design characteristics are interrelated. For 

example, the number of columns (DR1) influences the thickness of the slab (DR2) or the slab 

reinforcement (DR3) can affect the total weight of the structure (DR4), etc.  

3.6.3. Interrelationships Matrix 

The internal relationships of HOWs are calculated herein. As previously observed there are certain 

interactions between the design requirements and therefore it is necessary to consider these 

interactions in the final computations of the importance rankings. For that reason, an additional 

assessment of the interrelationship matrix was calculated herein using the domain knowledge from 

the participants structural engineers. To compute the final importance DR ratings and to ensure 

their robustness, the interrelationship matrix is integrated in the results from Table 3.4. The 

information assessment for the interrelationships between DR is shown in Table C.3. The 

engineers’ numerical assessment for the interrelationships is weighted and averaged and the results 

are used as the transformed correlation matrix which is summarised in Table 3.5. The correlation 

matrix from Table 3.5 is used to calculate and normalise the final importance ratings of DR. 

The final normalised importance ratings and rankings are shown in Table 3.6 and visualised in 

Figure 3.10 (a) showing the average as well as the upper and lower bounds ratings. 

Using the probability scheme from equation (B.21) the final degree of preference for the DR is 

calculated. The results from the numerical assessment of this decision scenario suggest that the 

column grid (DR1) and slab thickness (DR2) are the most important decision parameters. On the 

other hand, the design requirements that received the lowest rankings are the reinforcement 

spacing (DR5) and the reinforcement bars (DR6). Comparing the final results with the previous 

analysis without the interrelationship in Figure 3.10 (b) it can be seen how necessary is to 

consider the interrelationship matrix, especially for the importance ratings of DR3, DR4, DR5 and 

DR6 where the largest discrepancies were observed.  
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(a)

 

(b)

 

Figure 3.10 (a) Final rating of the engineering design requirements - HOWs (average values 

with lower and upper boundaries), (b) comparison of normalised importance ratings with and 

without the interrelationship matrix  

A significant advantage of the proposed decision-support model is that it effectively captures the 

most important perceived parameters from an engineering specification standpoint as both the 

structural grid and the slab thickness are design components that are specified early in RC projects 

according to the participant engineers. The results can also be organised into two main categories:  

• The first one involves the design parameters that received higher rankings and are 

associated with the main sizing elements of the structure such as the structural grid, the 

slab thickness, the columns area.  

• On the other hand, parameters associated with structural detailing such as the 

reinforcement parameters of the slab and the columns comprise the second category that 

received the lowest rankings in the model.  

These findings provide a good indication of how the design development occurs is such structures 

and it can ultimately help structural engineers identify optimisation opportunities within these 

two categories. 
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Table 3.5 Correlation matrix of DR after Table C.4 

 DR1  DR2 DR3 DR4 DR5 DR6 DR7 
DR1 9 8.9-9 8.1625-

9 
7.95-8.9 0 0 8.05 

DR2 8.9-9 9 8.55-9 8.775-9 0 0 4.625-5.3 
DR3 8.1625-9 8.55-9 9 0.725-1.2 0 0 0.45-1.4 
DR4 7.95-8.9 8.775-9 0.725-

1.2 
9 0 0 7.1-7.6 

DR5 0 0 0 0 9 0 0 
DR6 0 0 0 0 0 9 0 
DR7 8.05 4.625-5.3 0.45-1.4 7.1-7.6 0 0 9 

Table 3.6 Final importance ratings and ranking order 

  DR1 
Column 
Grid 

DR2 
Slab 
Thickness 

DR3 

Slab 
Reinforce
ment 

DR4 

Weight 
of 
Structure 

DR5  

Slab 
Reinforceme
nt Spacing 

DR6 

Structure 
Reinforceme
nt Schedule 

DR7 
Column 
Sizes 

Importance 
Ratings 

Lower Bound 187.546 172.708 116.115 163.717 36.538 38.683 146.584 

 Upper Bound 248.271 232.509 171.451 220.243 36.538 38.683 190.174 
Normalised 
Importance 
Ratings 

Lower Bound 0.1741 0.1602 0.1073 0.1514 0.0321 0.0339 0.1339 

 Upper Bound 0.2691 0.2523 0.1869 0.2398 0.0424 0.0449 0.2100 

 Average 0.2216 0.2062 0.1471 0.1956 0.0373 0.0394 0.1720 

Ranking   1 2 5 3 7 6 4 
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3.6.4. Evaluation 

The numerical tests in the preceeding sections demonstrated how project-specific decision criteria 

could be computed using the proposed BIM-integrated QFD. A key question emerges from this 

analysis “How this numerical data can be used in practical terms by structural engineers to conduct 

more informed design decisions?”.  

The answer can be found from the examination of Figure 3.2 (pg 62). The obtained design 

requirements (DR) represent quantitative qualities or parameters of a structure that can be 

identified by the structural engineers from the corresponding BIM structural models. For instance, 

the total weight of the structure and the reinforcement rates can be obtained directly from the 

material schedules (BIM quantity take-offs) whilst the rest of the sizing parameters such as slab 

thicknesses, column areas, column grids are found in the BIM families’ properties. This is 

significant for the post-processing of the QFD results as the DR normalised importance ratings 

can be directly used within a MCDM workflow for the assessment of different structural design 

alternatives.  

The numerical example presented in the previous section exhibited how the decision support model 

could be implemented in real optimisation occurrences in the context of RC structures. The results 

from the study clearly indicated that the decision-makers value buildability and constructability 

as the most important parameters for the structural systems. This is significant as it can inform 

future policies on structural optimisation procedures. New decision-based optimisation models 

could be formulated to incorporate decision-makers’ feedback. The underlying principle of such 

models will be openess and engagement between the various teams of a project. This chapter 

verified that the latter is rather important and can greatly influence how different design priorities 

are recognised and quantified in a given project brief. 

In addition, new computational paradigms that incorporate constructability functions as 

algorithmic constraints would be required to increase the adoption of structural optimisation 

procedures in practical design problems. BIM-enabled structural optimisation frameworks would 

have a primary role in the development of decision-based optimisation models as they can be 

directly integrated in a decision workflow as the one shown in Figure 3.2 (pg 62) to generate 

structural optimised alternatives. In that way, every aspect associated with the decision making 

of building structures will be facilitated and managed with BIM related applications. 
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3.7. Lessons Learnt: Decision-making 

Key lessons from the decision expertiments described in this chapter are summarised here: 

1. A follow up session with the project team took place and the results obtained from the 

analysis of the QFD model were presented whilst future guidelines were also reviewed. 

After analysing the results all participants agreed that the proposed method have 

significantly helped them synthesise the main project priorities associated with the 

buildings structure. Furthermore, the structural engineers verified that through the QFD 

approach they managed to get a better understanding of what is important for the project 

team. Both these observations are particularly useful as domain knowledge can be 

effectively shared with the QFD model allowing a formal and systematic decision 

structure.  

2. In addition, this suggests that decision-makers may be receptive to new decision 

hierarchies that help them create a shared understanding of the decision problem, whilst 

collectively establish domain knowledge necessary for the final decision-making. Generally, 

shared domain knowledge makes the whole decision process and design development more 

efficient. Finally, a few recommendations for further development of the method were also 

provided by the participants: BIM interfaces that visualise the results from the QFD 

model could further engage the design team and help them assess the outputs from the 

whole process.  

3. Extending the capabilities of BIM applications to further integrate them with the decision-

making processes and enhance the communication amongst the project team members 

especially during the early stages of the design development was perceived as a positive 

transformation by the participants who contributed in the decision experiments. BIM 

applications generate interactions between structural optimisation, decision-making 

procedures and project teams. This is particularly important as the adoption of such 

decision support models is expected to enhance the collaboration of the decision-makers 

through interactive BIM applications and possibly BIM-based visualisation interfaces.  

4. Overall, the design integration opportunities were recognised as the main advantage of 

the proposed participatory decision process against conventional practices by the 

participants of the study. An illustrative design situation was highlighted during the 

experiment: on most instances the column grids are specified by the architects to 
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accommodate room layouts and planning requirements. This leaves structural engineers 

with limited options when it comes to the optimisation of the column grid. This approach 

could restrict the design efficiency or even worse could result in uneconomic structural 

solutions.  

5. Following on from the decision experiments the architect seemed to be open to more 

explicit structural engineering advice especially during the early design stages when the 

selection of column grid takes place. Similar design integration opportunities with the 

structural systems could be enabled via the proposed BIM application. Decision priorities 

that are collectively planned and identified by the project team are translated in detailed 

design characteristics which are subsequently can be stored in the shared BIM models. 

Individual team members access these design priorities and review whether trade-off 

solutions that improve design efficiencies can be obtained. Potential synergies could be 

identified between structural engineers and architects (column grids and element sizes), 

structural engineers and contractors (construction sequencing), structural engineers and 

M&E engineers (services-structures integration).  

3.8. Summary 

The design optimisation and decision-making analysis of building structures could be complicated 

due to the plethora of stakeholders that often have conflicting requirements. This could inherently 

create a lot of inefficient designs as structural engineers cannot easily specify key design 

optimisation parameters in a project brief. To address this drawback, a novel decision support 

model that assists structural engineers and other stakeholders prioritise design criteria based on 

project specific requirements was proposed in this chapter as part of a comprehensive decision-

based optimisation model. The different project and design requirements are modeled using a 

participatory QFD method which was adapted for this purpose. Active stakeholder involvement 

is facilitated via a custom BIM application which is used to collect data relevant to the QFD 

model. Evidential reasoning algorithms under uncertainty were implemented within the QFD 

model to effectively process the data collected from the BIM application and create the final 

numerical assessment of the engineering design priorities. The proposed decision support model 

was tested and verified in decision experiments analysing the interactions of real design teams.  

The decision experiments in this chapter provided new insights and suggestions on how the 

proposed participatory decision model can be practically used as an effective design prioritisation 
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framework and optimisation guidance in the context of building structures by recognising and 

computing project and design engineering requirements. By enabling knowledge and information 

transfer between disciplines decision-making practices could effectively capture domain knowledge 

and offer more integrated solutions to complex structural design optimisation problems. Therefore, 

by identifying the decision priorities for the structural system early in the project development, it 

is anticipated that structural engineers would be able to effectively use them when assessing 

designs obtained from optimisation procedures.  

The engineering design priorities recognised in this chapter are used as input data in a systematic 

MDCM workflow for the assessment of optimised structural designs generated in the following 

chapters. The structural optimisation methods developed in this research are examined in the next 

chapter, including detailed application examples. The optimisation problems were organised 

around cost and embodied carbon objectives functions. Furthermore, in the development of the 

optimisation models, significant attention was given to the buildability, the constructability and 

the rationalisation functionalities of the structure as these have been recognised as a significant 

project priorities in the current chapter.  
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4. STRUCTURAL DESIGN OPTIMISATION 

This chapter covers the second part (Part 2) of the proposed framework which includes design 

optimisation. Specifically, it explores a multi-objective optimisation methodology for the cost and 

embodied carbon analysis of reinforced concrete structures with flat slabs and columns. A FEM 

structural optimisation engine using BIM and a heuristic multi-objective optimisation algorithm 

– Non-dominated Sorting Genetic Algorithm II (NSGA-II) was developed for that purpose.  

Based on the literature findings and the results from the previous chapter, to achieve a 

comprehensive optimisation for the entire structure of an RC building, a multilevel computational 

method was developed that involved: (1) structural grid layout, (2) slab and columns sizing, and 

(3) slab and columns reinforcement.  

To verify the efficiency of the computational model two sets of studies were investigated: 

1. The first involves a preliminary analysis of the constructability functions focusing 

especially on the slab detailing algorithms to ensure that realistic design configurations 

can be produced by the proposed automated model. A simplified notional building case 

was implemented to test theses algorithms.  

2. In the second set of studies the performance of the combined cost and carbon optimisation 

methodology was analysed using the two building scenarios described in Section 1.2.2. 

The numerical examples in the second set of studies includes two parts: 

a. First, the analysis of the conventional designs, which reviews the cost and embodied 

carbon performance of the buildings as developed by engineering practitioners.  

b. The second part analyses the optimised designs, which are developed using the 

proposed cost and carbon optimisation model.  

The rationale behind this analysis is not only to create a direct comparison between the 

conventional and the optimised designs but also to investigate the cost and embodied carbon 

relationships within the optimum solutions.  

4.1. Introduction 

Previous studies have explored the relationship between carbon and cost optimum designs in 

different RC structural systems. In Camp & Assadollahi (2013), carbon optimum solutions are 
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only 2.5% more expensive than the cost optimum designs. In Camp & Huq’s (2013) and in Paya-

Zaforteza et al.’s (2009) study of RC frames carbon optimum solutions cost 2% and 2.8% 

respectively more than the low-cost options. Yepes et al. (2012) have reported an increase of 1.3% 

in cost of the carbon optimum solution. Finally, Martinez-Martin et al. (2012) have found an 

almost linear relation between cost and carbon objectives in their optimisation analysis of 

reinforced concrete bridge piers.  

Overall, it was observed that only small trade-offs between cost and carbon optimum designs were 

identified in the tested structural systems. To our best knowledge similar investigations of cost 

and carbon relationships have not been reported for reinforced concrete flat slabs. Flat slab 

systems are widely used by practitioners and thus understanding cost and carbon relationships 

could offer new ways to increase the adoption of heuristic optimisation techniques in practice.  

Most of the studies on flat slab optimisation have focused on cost optimisation (Sahab, et al., 

2005) or cost and layout optimisation (Sharafi, et al., 2012) using the Equivalent Frame Method 

(EFM). Only recently Aldwaik & Adeli (2016) have suggested a Finite Element Model (FEM)-

based cost optimisation of flat slabs without looking at the carbon implications or layout 

optimisation. In addition, the capabilities of BIM technologies have not been appropriately utilised 

in the optimisation of reinforced flat slabs even though BIM-enabled optimisation methods have 

been introduced for other structural material such as steel in the past (Eleftheriadis, et al., 2015).  

Foraboschi et al. (2014) have studied the impacts of floor selection on the total embodied energy 

in tall building structures with more than 20 storeys. The implementation of lightweight floors 

does not necessarily mean less embodied emissions but depending on the architectural 

requirements the overall number of columns could significantly reduce the material used in floors 

and beams. Fernandez-Ceniceros et al. (2013) have introduced a decision support model based on 

three decision trees for the design of one-way floor slabs for a case study in Spain. To find 

environmentally friendly and cost-effective solutions their model considers both embodied carbon 

and total initial slab costs. For floor spans of 6-7m they observed that up to 20% reductions in 

CO2 could be achieved with a corresponding cost increase of less than 6%. 

It can be concluded that previous optimisation efforts in RC building structures focused on either 

columns, or beams or frames or floor optimisation independently. However, the singular analysis 

approach could limit the understanding of the whole structural system’s behaviour. The use of 
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BIM by practitioners acts as a driver for new optimisation paradigms that deliver more integrated 

structural optimisation approaches offering a better understanding of the interactions between the 

structural components and the rest of the building systems. 

4.2. Method: Wokflow 

The optimisation procedure starts from an early stage BIM model which involves basic geometric 

information about the building. The notion is that the development of the structural solution will 

be developed collectively by the structural engineers using the proposed optimisation model and 

the rest of the design team who will assess the optimised designs directly in BIM. The BIM model 

is used to create the geometric boundaries of the structural floors which are computed in FEM. 

Data relevant to the structural analysis such as load cases, material properties and code limits are 

also incorporated at this stage.  

The input parameters for the optimisation algorithm describe the boundaries of the solution space. 

The optimisation input parameters are identified by structural engineers based on project specific 

information using a simple Graphic User Interface (GUI) which was developed for that purpose. 

This interactive approach effectively restricts the solution space in the areas where the engineers 

find more suitable for the project based on their previous experience. For example, the available 

span lengths or slab thicknesses are identified by the structural engineering practitioners prior to 

the optimisation simulations.  

Design and detailing data ranges for the seven optimisation input parameters (genes) are provided 

by the GUI and include 1) Slab thickness, 2) Column width, 3) Column height, 4) Number and 

length of column grid in X direction, 5) Number and length of column grid in Y direction, 6) 

Number of bars in columns’ width, 7) Number of bars in columns’ height. The algorithm assigns 

a random value to every input parameter from a predefined list to individuals in the population, 

which represent a structural design configuration.  

The population consists of several individual that are evaluated based on specific cost and 

embodied carbon objective functions. Under-performing individuals are removed from the 

population as it evolves. Well-performing individuals receive higher ranking and climb the 

population list and ensure their genes are transferred in future generations. Crossover and 

mutation operators are used in the NSGA II to evolve the population. The structural system that 

is created based on the input parameters is then evaluated using FEM and the material listings 
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of the structure are obtained for concrete, reinforcing steel and formworks. The classification of 

material quantities is organised based on the different BIM object families. In this study the 

structural functional unit includes floors and columns and thus they have a dedicated material 

quantity type.  

An essential step in the process is the verification with the national or international structural 

code. In this study the Eurocode (EC2) has been used to validate the structural performance. The 

prescribed loads in the structure are also identified through the GUI by the structural engineers. 

If the verification of the structure does not comply with EC2 limit states (e.g. deflections) or other 

constructability restrictions which are identified by the structural engineers using the GUI the 

solution receives a penalty function. The penalisation step ensures the algorithm eliminates designs 

from the population that are not complying with the structural or constructability constraints. 

Models from (Smith & Coit, 1997) were implemented to ensure the effective tuning and 

implementation of the penalty function in the optimisation procedure which is a minimisation 

problem with m constraints.  

Using the material listings and the penalty functions, both the cost and carbon objective functions 

are then calculated. Conversion factors were incorporated in the objective functions to calculate 

the final cost and embodied carbon of the structure and its components. Cost and carbon data 

from literature were used for the conversion. The cost and carbon performance of each individual 

is then used to update the population information on each generation until the maximum number 

of allowable generations set by the user is reached. The optimisation process ends with the 

generation of the non-dominated structural design solutions when none of the objective functions 

can be further improved without compromising the other objective function.  

After the optimisation results are evaluated by the structural engineers the design and detailing 

components are transferred back into the structural BIM model. A body of work examining the 

consequential effects of optimised structural designs in the entire building lifecycle performance 

within BIM is planned in the subsequent chapter. The BIM-based optimisation will contribute 

towards these studies as comprehensive lifecycle analysis could be effectively delivered using the 

results obtained from this integrated optimisation module. The flow diagram of the proposed 

optimisation is shown in Figure 4.1.  
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Figure 4.1 Flow diagram of the optimisation and its main components 

4.2.1. BIM Integration 

The interoperability between FEM and BIM is an important parameter for the computation and 

delivery of the proposed optimisation process. With regards to BIM architecture, Autodesk Revit 
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2016 was used and Autodesk Robot (RSA) 2016 was selected as the FEM engine, due to their 

wide applications in industrial and academic projects. There is a direct interoperability function 

between BIM and FEM which allows design elements, geometric layouts and material properties 

to be transferred from BIM to FEM and vice versa. The default data exchange capabilities between 

RSA and Revit are further amplified by accessing the API of Revit and RSA for customised data 

processing. This indirect BIM/FEM interoperability was implemented in more complex data 

structures which are generated by the FEM computations. In this research, C# was used to access 

the .NET framework of RSA and Revit APIs using Visual Studio 2013. The API provided control 

over the following attributes of the structural analysis (Fisher & Sharma, 2010): geometry 

generation and manipulations, model structural analysis, structural sizing and property 

assignment, analysis runs (linear, nonlinear) and result evaluation (stresses, deflections, member 

forces) and code verification.  

Two BIM-enabled functionalities are implemented in the proposed optimisation model: (1) Data 

required for the optimisation of the structure have been obtained from BIM (Downstream), (2) 

Data obtained from the cost and carbon optimisation of the structure are returned in BIM 

(Upstream). Downstream the topology of the floor is directly imported from BIM and transferred 

into the structural analysis component (FEM) where all coordinates, dimensions and material 

properties are recognised and translated into structural components. At that stage the 

optimisation algorithm begins its operations.  

The optimisation procedure takes place as shown in Figure 4.1. At the end of the optimisation 

the obtained structural designs are evaluated by the structural engineers. Selected alternatives are 

returned into BIM for further analysis at building level from the design team. Upstream the 

information transferred back in the BIM model involves two main components: 1) Geometric or 

design elements of the structure such as slab thickness, columns sizes and grids using the direct 

interoperability functions, 2) Detailed reinforcement schedules and quantities using the indirect 

interoperability functions based on .csv data exchange. The indirect interoperability process was 

made possible through the detailed implementation of the API functionalities of RSA and Revit. 

Once the optimisation computations are completed, reinforcement data relevant to each design 

configuration of the Pareto front are temporarily stored in csv files using RSA’s API. The bar 

diameters sizes (ø10, ø12, ø16, ø20, etc.) and their frequency of occurrence in the different building 

elements (total number for each bar size), are organised using the relevant BIM element fields 
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and levels. For each of the reinforcement options, the mass summaries (in kg) are used directly as 

calculated from the optimisation analysis. The data from the output csv file are then read using 

the Revit API to modify the material schedules for the reinforcement quantities in the BIM model. 

At this stage of the research the reinforcement data are used only as schedules and not as a new 

design element (reinforcement topology) in the BIM model. 

4.2.2. Formulation of Optimisation Algorithm  

A modified NSGA-II algorithm developed in C# is implemented herein to analyse both cost and 

carbon objective functions embedding the FEM engine. The aim of the multi-objective solver is 

to find the relationships between the cost and carbon objective functions to inform early design 

decisions associated with the RC structure.  

- NSGA-II algorithm  

The set of trade-off solutions is known as the set of non-dominated Pareto optimal solutions. 

NSGA-II was introduced by Deb et al (2002) and is considered as one of the most powerful and 

widely used multi-objective optimisation methods (Vo-Duy, et al., 2017) that effectively 

approximates the Pareto front in computationally intense problems such as structural 

optimisation problems that involve FEM analyses. For the purposes of this study the NSGA-II 

algorithm was modified in C# using the API of RSA to accept FEM data and it is based on two 

objective functions that involve embodied carbon emissions and cost of the structure. 

- Objective functions 

In the carbon optimisation module, the embodied carbon of the structural system is minimised: 

in the function fec: E → R from some set E, the algorithm is searching for the element x0 in E such 

that fec(x0) ≤ fec(x) for all x in E. The objective function is constructed to include the embodied 

carbon of the structural elements.  
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(4.1) 

where qi is the quantities obtained from the FEM structural analysis and ei is the carbon factors 

for the concrete, reinforcement and formwork components. The carbon factors are based on 

CEN/TC350 framework. CEN/TC350 is responsible for the development of standardised methods 
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for the assessment of the Life Cycle Assessment (LCA) aspects of new and existing construction 

works (buildings and civil engineering works), including horizontal core rules for the development 

of Environmental Product Declaration (EPD). Because most of the lifecycle carbon emissions of 

building structures are associated with the initial embodied carbon (De Wolf, 2017), in this 

optimisation study data from the material and product stage (A1 - A3) were used in the carbon 

factors of the concrete, reinforcement and formworks as these are the most relevant parameters 

in early design stages. Stages A4 - 5, Use stage B, C and the benefits and loads beyond the system 

boundary (Stage D) are not included in the scope of this study considering the well recorded 

limitations of embodied carbon (Pomponi & Moncaster, 2017) and lifecycle (Chau, et al., 2015) 

assessments. The final carbon results are calculated in kgCO2e/m2 using the gross floor area of 

the building.  

Even though priority was given to EPD data, evaluating the uncertainty of the obtained data was 

necessary to ensure the robustness of the performed analysis. According to Webster et al. (2012), 

the uncertainty in the embodied carbon factors can be caused by the quality (consistency, 

geography, etc.) or the variability (production, material specification, etc.) of the obtained data. 

Herein, Gregory et al’s (2016) method for robust comparative LCA was considered for the 

evaluation of the embodied carbon factors uncertainties. After reviewing databases such as ICE, 

GaBi, EcoInvent and Athena, the following variations were identified for the main structural 

materials: 1) Concrete 0.08 to 0.22 kgCO2e/kg, 2) Rebar 0.59 to 1.70 kgCO2e/kg (De Wolf, 2017).  

In the cost optimisation module, the construction cost of the structural system is minimised: in 

the function fc: E → R from some set E the algorithm is searching for the element x0 in E such 

that fc(x0) ≤  fc(x) for all x in E. The objective function is defined to include the construction costs 

which incorporate material and labour costs of the structural elements:  

!# $ = 	 '(-(
*

(+,
 , 

(4.2) 

where qi are the quantities obtained from the FEM structural analysis and ci is the cost factors 

for concrete, reinforcement and formwork. The construction cost is calculated by multiplying the 

cost factors for the different material with their corresponding quantities. All cost data are 

collected from Spon’s Architects’ and Builders’ Price Book 2017 (AECOM, 2016). As the cost 

factors have different units, appropriate conversion factors were used in the algorithm. For the 
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calculation of the total costs the individual components are added together and divided by the 

total floor area (£/m2). 

4.3. Method: Optimisation Model Functionalities 

In this study, the optimisation procedure occurs in three levels that are associated with the:  

a. Structural grid topology 

b. Columns and slabs sizing 

c. Columns and slabs reinforcement  

The integration of these three levels into a single optimisation procedure is significant as it offers 

a comprehensive design analysis procedure for early design development. In addition, it provides 

an overview of the impacts from the different structural components in both cost and embodied 

carbon. Figure 4.2 shows a representation of a general structural system with the corresponding 

design variables used in the optimisation procedure. These involve t = slab thickness, As = 

columns reinforcement, {Atx, Aty} = Additional top reinforcement in the slab, {Abx, Aby} = 

additional bottom reinforcement in the slab, {Xi, Yj} = bay lengths, {Cx, Cy} = columns sizes 

under investigation. Structural cores were included in the algorithm for lateral stability and 

vertical support but they were not optimised. It is assumed that the building’s lateral stability is 

provided by the RC core system. 

 

Figure 4.2 Demonstration of structural optimisation levels in a notional slab component 
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The optimisation algorithms developed in this research use these highlighted parameters as inputs 

to define the design solution space. Discrete variable ranges have been used throughout to 

represent the optimisation input parameters. To increase the feasibility of the solution space the 

selection of optimisation parameters utilises an expert input approach which involves the 

preferences from engineering practitioners based on project specific requirements. For example, 

the slab thickness could typically take any value between 200mm to 300mm for common buildings 

but in reality, structural engineers will choose from a limited number of slab options (2 or 3) 

depending of the building type and conditions. Similar filtering procedures apply in the rest of the 

design optimisation parameters. This is a main motivation behind the proposed computational 

framework which synthesises design inputs by structural engineers to improve the quality of the 

optimisation search. This is beneficial for three reasons:  

1. The design solutions are actual design configurations the structural engineers could test 

and use in practice for validation or comparison purposes,  

2. The design search can be more focused and efficient based on structural engineers’ 

preferences without the need to investigate large design spaces,  

3. The project engineers are actively involved in the optimisation procedure as they can 

directly influence its outputs.  

Several customised algorithms have been developed to perform these computations, which are 

elaborated in the subsequent sections. 

4.3.1. Structural Grid Topology 

The structural layout (Xi, Yj) is a critical design parameter that is normally defined early in the 

process. The complexity or rationalisation of the column grid is greatly influenced by the building 

use. Early decisions on the grid have major impacts on the detailed design of the slab and columns. 

A computational module was developed to enable automatic generation and optimisation of the 

structural column grids. The algorithm reads the relevant floor boundary lengths obtained from 

the BIM model and uses them to compute all possible configurations of the structural grid on x- 

and y- directions within a finite discrete set. This approach can be implemented in any floor layout 

geometry from the BIM model which increases the application potential of the model. 

The algorithm uses combination and permutation components to find the necessary column 

configurations. To resemble realistic conditions, structural engineers assign possible span lengths 

that they want to investigate. Common spans for RC flat slab systems vary between 5m and 9m. 
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The proposed algorithm any length increments the structural engineers deem necessary. Once the 

allowable span lengths have been assigned by the user, the recursive algorithm computes all 

possible number of bays and bay length combinations that match the boundaries of the slab. The 

resulting combination lists are used as input data in the permutation algorithm which computes 

all possible configurations based on the generated span lengths. For the example in Figure 4.3 

assuming xtotal = 35m more than 2000 structural grid configurations are generated from the 

algorithm ranging from 4-bay options {9m, 9m, 9m, 8m} to 5-bay {5m, 5.5m, 7m, 8.5m, 9m}. The 

results from the algorithm are stored in a temporary two-dimensional list and accessed by the 

algorithm when searching for the optimum grid configuration.  

 

Figure 4.3 Representation of the computations for the development of structural layout 

configurations 

4.3.2. Columns and Slabs Sizing 

The design variables for the slab depth (t) dimensions are discrete variables based on 

constructability limitations which are defined by the structural engineers. The data are encoded 

into input arrays and the algorithm randomly selects a component of the list during each FEM 

iteration. Furthermore, discrete variables are used for the sizing optimisation of the RC columns 

(Cx, Cy). A penalty function was used to ensure the columns width-to-depth ratios are constrained 

to 4:1. Other sizing restrictions could be implemented in the algorithm depending on project-

specific conditions. For example, to ensure that the columns are effectively integrated within the 

walls their width could also be limited to the wall thickness which is provided by the architects 
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Overall, all variables used in the sizing optimisation module could be adjusted to user specified 

limits.  

4.3.3. Columns and Slabs Reinforcement  

This section described the way the structural reinforcement calculations were performed in the 

optimisation process. At the detailing level of the optimisation the reinforcement quantities in the 

slab and columns are computed. The slab reinforcement consists of the basic mesh that is applied 

everywhere and additional top (Atx, Aty) and bottom (Abx, Aby) reinforcement bars only in the 

zones that are necessary. For the columns bending reinforcement (As) is calculated. All designs 

are compliant with the Eurocode’s requirements. This module does not only provide general 

reinforcement rates but establishes detailed reinforcement schedules and layouts which can 

significantly reduce analysis time in real projects. This set of analysis consists of several 

algorithmic components that help automate the design of the structure.  

- Slab reinforcement computations 

The proposed automated design process comprises three main stages:  

1.  Processing data from BIM so that the floor system can be analysed with a finite element 

(FE) program, 

2. Generating refined reinforcement maps that match the mesh size of the finite element 

model, 

3. Simplification and smoothing of the refined mesh to ensure it is practical to build.  

The overall structure of the proposed reinforcement specification is shown in Figure 4.4. 

 

Figure 4.4 Structure of the proposed computational process with the required BIM and FEM 

data 
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Once the floor structure structural model is established in RSA, the calculations leading to the 

estimation of the slab reinforcement begin. Firstly, detailed required reinforcement maps are 

calculated at the resolution of the finite element mesh size. These refined maps are then smoothed 

out and simplified into practical reinforcement bar specifications. At the end of this process, the 

reinforcement schedule as well as the detailed reinforcement weight of the slab are obtained. 

Figure 4.5 shows the general computational workflow including the necessary processes for the 

calculation of the required and the specified reinforcement. 

Using the FEM output, the required reinforcement is calculated as an area of steel per unit length 

for top and bottom reinforcement in both directions at each node of the finite element mesh. An 

example of map showing this required reinforcement on one of the two reinforcement directions is 

presented in Figure 4.6 for a generic slab component. This map highlights the areas where no 

reinforcement is required as well as the areas where reinforcement is needed based on the code 

restrictions. As the reinforcement follows the FE mesh, this map represents the smallest amount 

of steel that must be provided for a given FE mesh size. The computational component for the 

punching shear reinforcement was developed, but, because it is rarely specified during the early 

design stages of a project, it was not included in the analysis as it is usually estimated at a later 

stage of the design. 

Coons’ (1967) method was used to generate the shell mesh in the slab, and the Wood & Armer 

method (Wood, 1968; Wood, et al., 1968) is used in the calculation of the moment for the required 

reinforcement in the slab. The finite element mesh size can be adjusted by the user based on the 

project requirements. Here it was set to 0.50m which is the value the engineers used in the tested 

building scenarios under examination. This allowed a direct comparison and assessment of the 

conventional designs with the computer-generated scenarios presented in Section 4.4.  
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Figure 4.5 Detailed computations flowchart for the specification of the basic and the additional reinforcement schedules in the slab  
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Figure 4.6 Example of fine reinforcement map (bottom reinforcement on Y direction) in a slab 

component for a single reinforcement direction – Similar maps are used for the top and bottom 

reinforcement on both directions 

These required reinforcement maps are used to compute the minimum and maximum values of 

required reinforcement for each element (hereafter called cell) in the FE model. For either top or 

bottom and for a given direction, the minimum value from all the FE cells are used to estimate 

the basic reinforcement mesh across the slab whilst the difference between the maximum and the 

minimum values is used to calculate the additional reinforcement in the zones where it is necessary 

(typically above the columns or mid-span areas). 

An additional function was incorporated in the proposed computational process to reduce the 

peak bending moments obtained from the FEM that typically appear over column supports. This 

function decreases the risk of reinforcement overestimation in the slab using the column strip 

approach based on Annex I EC2 (Brooker, 2006). A section is taken across the bending moment 

diagram (i.e. in the y direction for moments in the x direction) at the face of the column. 

Once the required reinforcement maps are calculated the reinforcement bar specification is 

computed using a database of reinforcement options. The database is encoded using a text file 

which includes information about the diameters of the bars, the spacing between bars, the 

reinforcement areas and the steel weight. The ultimate output from this process will be the 
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specified reinforcement which will almost always be higher than the required reinforcement 

produced by the first stage.  

The assignment process for the specified reinforcement is executed using the RSA API and the 

FEM results from the required reinforcement calculations. A custom algorithm queries the text 

file and identifies the option that matches more closely the minimum required reinforcement 

values. The aim of this recursive procedure is to minimise the absolute difference between the 

required reinforcement area values at every finite element node and the reinforcement area value 

of the data points in the text file with the reinforcement options.  

This process is repeated for all the finite element nodes in the slab. The same specification process 

is carried out for the assignment of the reinforcement in the basic steel mesh as well as the 

additional reinforcement mesh. The detailed functionalities associated with the computation of 

the basic and the additional reinforcement (spacing and zoning) are presented in the subsequent 

sections. 

An example of the assignment algorithm is shown in Figure 4.7. In a floor plate with required 

reinforcement of 322 mm2/m, the algorithm finds that ø10 at 225mm (349 mm2/m) would be the 

most suitable reinforcement option as it minimises the difference between the required 

reinforcement area given in mm2/m and the available options in the database. To ensure that the 

specified reinforcement is safe the computed difference needs to be a positive number (>0). Once 

an appropriate reinforcement option is found the algorithm stores the corresponding bar spacing 

as it is used in the spacing function of the additional reinforcement. Finally, the total weight of 

the basic mesh is calculated multiplying the mass factors integrated within the database given in 

kg/m2 and the entire slab area in m2. 
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Figure 4.7 Automated reinforcement assignment process. The required reinforcement area 

(mm2/m) obtained from the FEM analysis is used to find the most appropriate reinforcement 

specification from the available reinforcement database based on a set of constraints.  

A similar reinforcement assignment process is implemented for the estimation of the additional 

reinforcement. Figure 4.8 shows the one-to-one weight mapping of additional reinforcement for 

a simplified slab component in all reinforcement directions top and bottom. The number shown 

on each cell correspond to the weight factors obtained from the reinforcement database and 

presented in the previous section. For example, the value 3.6 kg/m2 corresponds to ø12 at 250mm 

or the value of weight factor 2.5 kg/m2 corresponds to ø10 at 250mm. The algorithm assigns a 

value of 0 where no additional reinforcement is needed. The total weight of the reinforcement in 

the slab is computed by multiplying the obtained weight factors with the cell areas and finally by 

adding all the cell weights together. The same maps are also generated for the basic reinforcement 

mesh but with only one reinforcement type applied in all the cells. 
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Figure 4.8 One-to-one mapping of additional reinforcement with weight factors given in kg/m2 

(cell sizes 0.5mx0.5m) 

Two constructability constraints have been implemented in the proposed approach to enhance the 

practical applicability of the computational solutions: 1) spacing requirement, and 2) zoning 

requirement. The spacing function ensures that the additional reinforcement bars are placed 

between the bars of the basic mesh by preserving equal distances. This functionality can 

significantly reduce the fitting time of the reinforcement on site. In the spacing function, the bar 

spacing specified for the computations of the basic mesh is maintained and re-used in the 

additional reinforcement calculations. The algorithm checks the reinforcement database for the 

combination options with the defined spacing and then identifies the smallest safe reinforcement 

option. Figure 4.9 shows the implementation of the spacing requirement in a notional slab panel. 

Maintaining the same spacing (dadd = dbasic) allows the additional bars (in red) to be placed at the 
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same interval as the basic mesh bars shown in black, ensuring consistent spacing throughout the 

slab.  

 

Figure 4.9 Spacing function to adjust the distance between the additional reinforcement bars 

The zoning constraint simplifies the one-to-one mapping for the additional reinforcement by 

altering the selection of bars in adjacent FE cells to reduce short length bars that often complicate 

reinforcement fixing on site. Figure 4.10 illustrates how the zoning algorithm is implemented on 

an example slab component based on a horizontal direction of reinforcement. A representative 

scenario is shown for the highlighted cells of row 10. All the cells in columns 9-16 are analysed to 

proceed with the cell adjustments. For example, in the entire column 9 no reinforcement is 

necessary, and thus, this cell is not altered. For cells 10-16, the maximum value is obtained (6.32 

which corresponds to ø16 at 250mm of reinforcement) and the neighbouring cells are assessed 

against that value. If the value in the remaining cells are different from the maximum value, then 

they are updated accordingly. The same process is applied in the X and Y directions, top and 

bottom reinforcement.  
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Figure 4.10 Example showing how the zoning algorithm is implemented in the computations of 

the additional reinforcement  

- Column reinforcement computations 

For the calculation of the bending reinforcement in the columns another algorithmic component 

is implemented. This component uses forces (reaction loads), geometric (column cross section, 

storey height) and material data from the structural model in RSA. It then transfers that data 

into a custom Excel spreadsheet where the compliance checks take place and the suitability of 

each section is verified. If all checks are accepted, then the approved reinforcement is obtained 

from the calculation spreadsheet and the material quantities for the columns are updated in the 

objective function of the optimisation. Due to the relatively simple computations associated with 

the specification of the columns reinforcement, only the constructability functions for the slab are 

assessed in the subsequent section.  

4.4. Results: Constructability Functions Testing 

The general performance of the constructability functions were analysed in this section and 

particularly the functions associated with the slab reinforcement detailing which involved a high 

degree of complexity in the automated design functions. For the purposes of the study, a 
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speculative five-storey office building in London, UK was tested and analysed. Figure 4.11 shows 

the general floor layout and the BIM model of the structural system. Six optimised reinforcement 

designs were generated by the computational process following six design scenarios involving 

various constructability constraints but the same building. These were analysed and compared to 

a conventional design produced by practicing engineers (without automation or any formal 

optimisation). The computational method utilises the same geometric properties and the same 

project constraints for the structural system as the conventional design.  

         

Figure 4.11 Structural BIM model and slab layout of the tested building 

4.4.1. Computational Scenarios 

Different simulation cases were analysed to evaluate the behaviour of the computational 

constraints. Table 4.1 summarises the six different simulation scenarios that were tested in this 

study to assess how well the computational model performs against conventional practice. All six 

scenarios are evaluated by computing the total reinforcement weight in the slab. The classification 

of the scenarios is based on two reinforcement databases (D1, D2) and spacing along with zoning 

functions previously described. All the simulation scenarios are tested on the same buiding shown 

in Figure 4.11. 

Table 4.1 Simulation scenarios summary 

 1 2 3 4 5 6 
Reinforcement database  D1 D2 D1 D2 D1 D2 
Spacing constraint      ü ü 
Peak reduction  ü ü ü ü ü ü 
Zoning constraint   ü ü ü ü 



 

 108 

Database D1 consists of 24 reinforcement options using discrete sets of inputs for the bar sizes 

and the reinforcement spacing. In this database (D1), the bar sizes vary from ø10mm to ø32mm 

and the spacing between bars varies from 175mm to 250mm with 25mm increments. The intention 

behind this classification is to help the algorithm identify reinforcement combinations that are 

closer to what practicing engineers would use in actual projects.  

To investigate how much these common spacing variables affect the calculation results a more 

refined databased (D2) of 138 reinforcement options is also developed. D2 includes the same bar 

diameters as D1, but with more spacing options, varying from 50mm to 250mm with 10mm 

increments. It was assumed that D2 could yield more efficient results as the distance between the 

actual reinforcement option and the required reinforcement could be further minimised. The 

following parameters are encoded in both databases for all the reinforcement options: 1) 

Reinforcement diameter (mm), 2) Reinforcement bar spacing (mm) and 3) Sectional area per 

metre width of reinforcement (mm2/m). Figure 4.12 shows the number of reinforcement options 

for both databases with their corresponding areas of reinforcement. It can be observed that five 

times more reinforcement options are available in D2 when compared to D1’s maximum capacity 

(4596 mm2/m).  

 

Figure 4.12 Reinforcement data points for D1 and D2 databases 

In scenarios 1 and 2, the spacing and zoning functions are switched off which means that the 

computation of the reinforcement would be the most optimum in terms of weight as no 

constructability constraints are utilised. These scenarios would be better suited for automated 

construction and fabrication processes such as reinforcement mats, which allow variable spacing 
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and bars to be used. Scenarios 3 and 4 utilise the zoning function, which allows the bars for the 

additional reinforcement to be organised based on constructability rules but not the spacing 

constraint. Finally, scenarios 5 and 6 utilise both the spacing and zoning functions. The results 

are expected to be close to the results obtained from the conventional design. 

4.4.2. Conventional Design 

The conventional design is an actual case as specified by a structural engineering practitioner. 

The structure comprises 275mm flat slabs with a 250mm thick central core. The column grid 

consists of variable 3mx3m bay configurations on both directions. In the X-direction, the grid 

includes 6.5m, 5m and 4.5m spans, whereas in the Y-direction, the spans are 5m, 4m and 6m. The 

columns are designed by the project engineers, and they are 400x400mm. The combined dead load 

of the structure (DL), superimposed load (SDL) on the slab is 2.5 kN/m2 and imposed load (IL) 

is 7.5 kN/m2. Concrete strength of C32/40 and C50 were chosen for the slab and columns 

respectively, whereas steel grade of B500 was used for the reinforcement bars. 

The plans in Figure 4.13 show the top and bottom required reinforcement maps in both 

directions for the slab of the tested building. Figure 4.13 a, b are the maps for the bottom 

reinforcement. Figure 4.13 c, d show the top reinforcement. The areas highlighted in red 

represent the zones with higher reinforcement requirements compared to the areas highlighted in 

orange or yellow. The required reinforcement maps from the FEM are used to estimate the actual 

reinforcement in the slab. The large peaks observed above the columns shown in Figure 4.13 c, 

d are distributed across a larger area of column strips by averaging the bending moments as 

explained in Chapter 4.3.3. 

(a) 

 

(b) 
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(c) 

 

(d) 

 

Figure 4.13 Required reinforcement maps obtained from the FEM model – Results displayed in 

mm2/m 

The reinforcement specified by the project engineers is summarised in Table 4.2. The basic mesh 

for the top and the bottom reinforcement is ø10 at 200 mm, whereas the additional top 

reinforcement is ø16 at 200 mm and the additional bottom reinforcement is ø10 at 200 mm. The 

total weight of the reinforcement in the slab is 4502 kg excluding any laps. The conventional 

design includes spacing of 200 mm, which is commonly used in practice, and it contains only 2 

different bar diameters (ø10, ø16). The number of different bars is used in this study as a measure 

of design complexity when assessing the optimised design options. 

Figure 4.14 highlights the zoning strategy of the reinforcement in the conventional design. A 

basic mesh is applied both to top and bottom reinforcement, and additional bars are added where 

more reinforcement is required. 

Table 4.2 Conventional reinforcement quantities 

 Bottom 
Reinforcement 

Top 
Reinforcement 

 

Basic Mesh Ø10 at 200 mm Ø10 at 200 mm  
Weight Factors (kg/m2) 3.085 3.085  
Weight (kg) 1357 1357 2714 
Additional Bars Ø10 at 200 mm Ø16 at 200 mm  
Weight Factors (kg/m2) 3.085 7.9  
Weight (kg) 777 1011 1788 
Total Weight (kg)   4502 
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Figure 4.14 Top and bottom reinforcement layouts for the conventional design. Blue and 

red lines are used to show the reinforcement bars on X- and Y-directions respectively 

4.4.3. Verification Checks 

- Weight Assessment  

A simple check was carried out to ensure the feasibility of the computational process outputs. 

This was carried out by comparing the reinforcement weight and layout for the conventional 

design to that produced by the automated process imposing constraints on bar diameters and 

spacing. A simplified reinforcement database with 6 available bar diameters (ø10, ø12, ø16, ø20, 

ø25, ø32) and fixed spacing between bars (200mm) was imposed as these are the alternatives the 

project engineers used in their actual design proposal. The reinforcement in the slab was calculated 

using the computational process. The total weight of reinforcement from the computational 

method for this simplified database is 4517kg which is a very close match (»100%) to that of the 

conventional design. The reinforcement layouts produced by the computational design were also 

assessed against the conventional design. Figure 4.15 shows an example of that comparison for 

the bottom reinforcement in the X direction.  
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Figure 4.15 Comparison of reinforcement layout (Bottom X) between the computational and 

the conventional design 

The reinforcement layout of the computational design (left) matches exactly the one the engineers 

specified in the conventional design (right). In both designs the basic mesh consists of ø10 bas at 

200mm spacing but with a few differences in the additional bar diameters as highlighted in Figure 

4.15. The conventional design uses only ø10 bars (lines in blue) for the additional reinforcement 

but in the computational design 83% of the additional bars is ø10 with the remaining bars being 

ø12 (lines in green) and ø16 (lines in purple). This difference is mainly attributed to the accurate 

representation of the bending moments in the slab. This is also a good example to demonstrate 

how the engineering practitioners often rationalise the specification of reinforcement across the 

entire slab. Similar behaviour of the computational process was observed for the reinforcement 

specification on the rest of the reinforcement layouts (top and bottom). Overall, it can be observed 

that the computational design can effectively create a very close approximation of realistic 

reinforcement schedules and layouts.  

- Peak reduction  

Figure 4.16 shows the peaks that appeared particularly in the top and bottom reinforcement 

meshes on both direction for the tested building when the bending moment peaks are not reduced. 

For example, if the bending moment peaks above the column supports are not effectively treated 

the bars in the top reinforcement can reach up to 25mm in diameter, which is obviously a 
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conservative and non-realistic solution. To eliminate these situations, the peak reduction 

subroutine described in Section 4.4.3 was implemented to reduce the peak moments on the 

column by evenly distributing them on the column strip zones.  

 

Figure 4.16 Summary of reinforcement options without peak reductions for top and bottom 

reinforcement in both directions 

The resulting conditions for the top reinforcement bars and the adjusted peak reinforcement 

requirements are shown in Figure 4.17. Using this approach, the largest bar diameter is reduced 

from 25mm to 20mm, which is a more realistic solution for the given building. Regarding the 

reinforcement weight, the option with the peak reduction function weighs approximately 3-4% 

more when compared to the option without the peak function. This finding was anticipated as the 

zones around the columns receive higher moments when the peak function is activated. In all the 

tested scenarios of Table 4.1 the peak function was activated to ensure it does not influence the 

comparative weight analysis.  
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Figure 4.17 Peak reduction for top reinforcement in both directions 

4.4.4. Simulation Results 

- Material Use  

Figure 4.18 summarises the total weight of the reinforcement in the slab for the six scenarios as 

obtained from the computational process against the conventional design. Results show that the 

selection of reinforcement database has a small impact on the weight for the same constructability 

constraints (scenario 1 with 2, scenario 3 with 4, and scenario 5 with 6). This means that the 

database with more detailed reinforcement options (D2) can yield more optimised designs by only 

2% when compared to the more limited database D1. 

Figure 4.19 shows an example of this application considering the required reinforcement data 

from all the FE cells in the slab for the bottom reinforcement (X direction). It was observed that 

database D2 more accurately mapped the required reinforcement compared to D1, as its profile 

closer matches the profile of the required reinforcement. This behaviour was expected due to the 

larger number of available reinforcement options in D2 against D1. However, it was also observed 

that the better mapping of the required reinforcement profile in D2 does not result in significant 

weight savings (2%). These findings suggest that there is no strong evidence to support the use of 

more complex reinforcement databases like D2 for the calculation of slab reinforcement in practical 

cases. The study showed that a comprehensive database like D1 would be sufficient for the 
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computation of material efficient reinforcement designs. For that reason, the remainder of the 

research utilised D1 for the cost and carbon optimisation analyses shown in Section 4.4.  

 
 

Figure 4.18 Total reinforcement weight in 

kg for the different tested scenarios  

Figure 4.19 Discrepancies between D1 and 

D2 databases in the mapping of required 

reinforcement for bottom reinforcement in X 

direction 

The most material-efficient options emerged in the scenarios where the constructability functions 

were disabled (in scenarios 1 and 2). The results show significant material savings, which is caused 

by the algorithm’s one-to-one mapping of the required reinforcement. The scenario using the D1 

database reduces the total weight of reinforcement in the slab by 21% when compared to the 

conventional design and by 23% when using the D2 database. These findings showcase what the 

potential improvements in the material efficiency of the slab reinforcement could be in the future 

when more automated construction processes become available. Currently, a degree of design 

rationalisation is expected to ensure that structural designs can be delivered with the current 

construction processes without siginificant cost penalties. Furthermore, in scenarios 3 and 4 the 

total reinforcement weight is higher than in scenarios 1 and 2 by approximately 12% due to the 

rationalisation of reinforcement by the zoning function. On the other hand, scenarios 5 and 6 

closely match the weight estimations for the conventional design by 3% and 5% respectively. This 

suggests that the zoning and spacing algorithms are effective at generating practical reinforcement 

designs that are close to those obtained through conventional practice.  
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- Design Complexity  

The design complexity of the scenarios tested is assessed using a measure of the total number of 

the different reinforcement types implemented in each design. Currently engineering practitioners 

try to minimise the number of different bars and spacing used to ease fabrication on site. It is 

expected that a greater number of reinforcement types would yield more optimised designs because 

more accurate articulation of the required reinforcement could be achieved. Figure 4.20 shows 

the total reinforcement weight for the six scenarios in ascending weight order against their 

corresponding number of reinforcement types.  

Restricting the database of available reinforcement to commonly used diameters and arrangements 

is crucial. Scenario 2, which is the most optimum configuration in regards to the reinforcement 

weight uses 35 different reinforcement types. Instead, scenario 1 achieves slightly worse 

performance by approximately 2% using significantly fewer reinforcement types (13 in total). A 

similar behavior in the model is observed in scenarios 3 and 4 which implies the importance of the 

spacing function for the reduction of the design complexity of the reinforcement design. On the 

other hand, in scenarios 5 and 6, the constraints imposed by the zoning and spacing functions 

seem not to affect the total number of reinforcement types used in the slab. Overall, it can be 

observed that more complex designs result in more material-efficient solutions. Therefore, 

understanding the design requirements and building conditions is necessary when setting up the 

model.  

The applications of the cost and carbon optimisation algorithm in the actual buildings presented 

in the subsequent section incorporate the spacing and zoning constraints, the peak reduction 

function and D1 database which yield the most realistic design configurations. This allows direct 

comparison of the designs generated by the algorithm and the conventional designs specified by 

the engineering practitioners. Evidently, enhanced optimisation solutions could be identified if the 

complexity of the slab reinforcement is increased as described in this section.  
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Figure 4.20 Relationship between total reinforcement weight and design complexity 

4.5. Lessons Learnt: Automated Constructability Functions 

In the preceding section, the detailed constructability functions for the computation of the slab 

reinforcement were tested and verified. The analysis showed that through these functions practical 

designs alternatives could be established. Significant role in this behaviour of the model play the 

zoning and spacing functions of the proposed that ensure that realistic reinforcement 

configurations without significant trade-offs in the design complexity could be generated.  

This is particularly useful finding as, the rapid specification of the required reinforcement in the 

slab can assist engineering practitioners in the early stages of the design development to analyse 

various slab configurations in a short time. This is because, structural engineers rarely develop 

detailed reinforcement maps for the flat slabs during the early design stages due to time constraints 

and thus they provide a generic reinforcement rate (kg/m3). This can inherently create embedded 

inefficiencies during detailed design stages. However, the automated mechanisms from this study 

could significantly reduce design and assessment time particularly when multiple design 

confiurations are tested. The time savings associated with the reinforcement analysis are expected 

to be considerable as manual data processing is not needed in the proposed system.  

It was also shown that the slab reinforcement optimisation can significantly improve the material 

efficiencies of the structure. In certain occasions, the material savings can reach up to 23%. 

Furthermore, it was also demonstrated that a thorough reinforcement database (D1) would be 
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sufficient for the purposes of this study, as the detailed reinforcement database (D2) does not 

yield significant additional savings (~2%). At the same time, D2 drastically increases the 

complexity of the reinforcement design which would limit the practical applications of such system 

using the current construction processes.  

4.6. Results: Cost and Carbon Optimisation 

In this section, the building scenarios described in Section 1.2.2 were used to verify the 

aforementioned optimisation framework. The selection was based on their aspect ratio in order to 

investigate the influence of the building form in the optimisation results and particularly in the 

relationships between the cost and carbon performance of the different structural components. 

Two representative building scenarios were analysed herein. Case Study 1 (CS1) has an aspect 

ratio in plan of 2:1 whereas Case Study 2 (CS2) has an aspect ratio of 1:1. The details of the case 

studies are provided in the subsequent sections and the typical building layouts are shown in 

Figure 4.21.  

(a)  (b)  

 

 

Figure 4.21 Plan and 3D views of a) Case Study 1 which includes the taller tower of the development 
with the symmetrical wings (only one was tested for simplicity) b) Case Study 2 which includes the 

shorter tower of the development 
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In both instances, the structural core was in the centre of the building which is representative for 

multi-storey residential buildings as it provides the space for vertical circulation. Nonetheless, 

other core layout configurations could also be analysed without significantly altering the 

computational components of the optimisation model. The numerical examples include two main 

parts. Firstly, the conventional designs as proposed by the project engineers are analysed by 

reviewing their cost and carbon performance. The second part presents an analysis of the optimised 

designs developed by the cost and carbon optimisation framework. The intention of this analysis 

is not only to create a direct comparison between the conventional and the optimised designs but 

to use the optimised solutions as cost and carbon benchmarks for the given set of design 

parameters. Even though the numerical assessment of the results is relevant to the case studies, 

the proposed optimisation method can easily be generalised as it can be applied in any BIM 

structural model. 

4.6.1. Building Description 

- Case Study 1 

CS1 is part of a larger residential apartment block in London, UK ranging between 9 and 17 

storeys. The proposed superstructure is a reinforced concrete frame with stability provided by RC 

shear walls. The cores have been designed to support the full lateral load with no contribution 

from the blade columns. The structural floor is a flat slab with 250 mm in thickness. The load 

cases in this building include superimposed dead loads (SDL), live loads (IL) and dead load. For 

the residential areas, it is assumed SDL = 1.6 kN/m2 and IL = 1.5 kN/m2 uniformly distributed 

on the whole floor. In addition, the cladding load on the edges of the slab is SDL= 1.5kN/m and 

for the balconies it is assumed SDL = 3.7 kN/m and IL = 5 kN/m.  

- Case Study 2 

CS2 is a 10-storey residential tower in London, UK. The column grid proposed by the project 

engineer is 7.5m generally to match the architectural grid. The cladding of the building is masonry, 

with lightweight metal studwork to the inner skin of the cavity walls. The structural floor is a flat 

slab with 275 mm in thickness. The structural loads are 2.45 kN/m2 and 2.5 kN/m2 for imposed 

dead and live loads respectively. The following load combination cases according to the Eurocode 

were considered in the analysis of both cases studies from the engineers: ULS = 1.35G+1.5Q and 



 

 120 

SLS = G+Q, SLS = G+0.3Q. All vertical elements and slabs in both buildings are C32/40 with 

columns to be C50/60. In both building scenarios the slab deflections were limited to 30mm. 

4.6.2. Conventional Design Results 

The conventional designs are the ones that the projects’ structural engineers developed to be built 

in practice.  

- Assumptions  

The cost and carbon of the slab and the columns are estimated utilising the cost and carbon 

functions presented in Section 4.1.3 and the material schedules obtained from BIM data models. 

Detailed reinforcement layouts were used to calculate accurate tonnage of steel in the slabs and 

columns. The material specifications from the actual projects were advised where possible to define 

the relevant cost and carbon factors.  

The carbon factors (Stages A1-A3) for the concrete are C40 = 130 kgCO2e/t, C50 = 170 kgCO2e/t 

(SteelConstruction.info, 2017) and the steel reinforcement 1270 kgCO2e/t (SteelConstruction.info, 

2017). Virgin steel rebar was specified in the actual projects and thus the same assumption was 

made in the analysis. In addition, the carbon factor for the columns formwork is assumed 8.9 

kgCO2e/m2 (Camp & Huq, 2013) and for the slabs 3.14 kgCO2e/m2 (WoodforGood, 2014). If 

project specific carbon data are not available, then assumptions about the origin and the 

uncertainties of material databases would be necessary. A comprehensive review on this topic can 

be found in (Pomponi & Moncaster, 2017).  

- Design Analysis 

In CS1 the reinforcement rate in the slab is approximately 112 kg/m3. The slab reinforcement 

consists of ø12 bars (13.3 tonnes) and ø16 bars (3.2 tonnes) which are common bar diameters used 

in practice. With regards to the structural elements dimensions, the slab thickness is fixed to 

250mm and the lengths of the columns (20 in total) vary from 700mm to 1500mm. The thickness 

of the columns is governed by the thickness of the walls which is limited to 220mm in most cases. 

Reinforcement bars of 16mm and 20mm in diameter were used in this analysis for the typical 

columns case. In CS2, the slab reinforcement rate is 157 kg/m3 and the bars are also ø12 (4.5 

tonnes) and ø16 (14.6 tonnes). The upper level slabs are 275mm thick and the dimensions of the 
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twelve columns are 200mmx800mm. The reinforcement in the twelve columns includes 16mm bars 

in diameter only.  

- Cost and Carbon Assessment 

The carbon and cost distribution in the entire structure for both case studies are shown in Figure 

4.22 (a) and (b) respectively. The results for the CS1 indicate that the floor is responsible for 83% 

of the total costs of the structure when only 17% can be attributed to the costs of the columns. 

The carbon analysis shows that 87% of the total embodied carbon in the structure is due to the 

slab impacts whereas the columns are responsible for only 13% of the total carbon.  

On the other hand, in CS2 the floor is responsible for the 93% of the total costs and the remaining 

7% is attributed to the columns. Similarly, the slabs comprise 95% of the total carbon when the 

columns are responsible for only 5%. In both instances the results are not surprising as the slab 

covers a large proportion of the structures volume which thus affects the final cost and carbon 

rates. However, it was observed that there is a 10% difference in the cost and carbon distribution 

between the slabs and the columns of CS1 and CS2 which can be attributed to the buildings aspect 

ratio. In CS2 the slab appears to govern the results as it covers the largest proportion of structure. 

In CS1 where larger and more columns were used the influence of the slab in the total cost and 

carbon is reduced. 

This suggests that the column grid topology has a significant impact in the optimisation results 

as it can affect the cost and carbon balance between the slab and the columns. The quantitative 

analysis in this section highlights a useful synergy between the optimisation model and the group 

decision-making described in Chapter 3. Reflecting back on the findings from the QFD analysis, 

it can be observed that the number of columns was perceived as the most important design 

parameter. This implies that optimised designs generated from the proposed automated model 

could be accepted by the structural engineers. 

Similar patterns in cost and carbon distribution of flat slab structures were also found in previous 

studies (Medeiros & Kripka, 2014; Sahab, et al., 2005; Eleftheriadis, et al., 2017). The comparison 

of the results is shown in Table 4.3. An interesting finding from the analysis of the conventional 

scenarios is that in both the slab and the columns, the concrete is responsible for almost 2/3 of 

the total carbon impacts when the steel reinforcement is responsible for only 1/3. This potentially 

means that thicker slabs and slender columns could result in more efficient carbon structures as 
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small reductions in the carbon of the concrete would reduce the total carbon of the structure. This 

hypothesis assumes a ratio for the carbon factor of the concrete to the steel between 1/7 to 1/9.  

On the other hand, there is a distinct difference in the way cost impacts are distributed between 

the slab and the columns in the conventional designs. In the columns, the formwork holds the 

largest proportion of the costs, almost reaching 60% of their total cost. In the slab the situation 

is more balanced with an equal distribution of the cost between the concrete, reinforcement and 

formwork costs. These results strongly depend on the cost factors assumed for the formworks: in 

the columns, the assumption is 4.52 £/m2 and 35.18 £/m2 for the material and the labour 

respectively when in the slab is 5.32 £/m2 and 27.58 £/m2 resulting in almost 17% more expensive 

cost factor for the columns. This suggests that potential trade-offs between the cost and the carbon 

performance of the structural elements could occur as the cost computations are not only based 

on the materials cost but they also include a factor for the associated labour costs. 

(a)

 

(b)

 

Figure 4.22 Carbon (a) and Cost (b) distribution in the case studies 
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Table 4.3. Cost and carbon results for the conventional design scenario 

    Total 
Cost 

   Total Carbon  

    £/m2    kgCO2e/m2 
CS1 115.6    135.0 
CS2 125.3    153.4 
Contribution of columns in CS1 total cost 17% Contribution of columns in CS1 total carbon 13% 
Contribution of columns in CS2 total cost 7% Contribution of columns in CS2 total carbon 5% 

Contribution of columns in total structure’s cost (Eleftheriadis, et al., 2017) 9% Contribution of columns in total structure’s 
carbon (Eleftheriadis, et al., 2017) 23% 

Contribution of columns in total structure’s cost (Sahab, et al., 2005) 11%   
Contribution of slab in CS1 total cost 83% Contribution of slab in CS1 total carbon 87% 
Contribution of slab in CS2 total cost 93% Contribution of slab in CS2 total carbon 95% 

Contribution of slab in total structure’s cost (Eleftheriadis, et al., 2017) 91% Contribution of slab in total structure’s 
carbon (Eleftheriadis, et al., 2017) 77% 

Contribution of slab in total structure’s cost (Sahab, et al., 2005) 89%   

 Concret
e Cost 

Reinforcemen
t Cost 

Formwor
k Cost  Concrete 

Carbon 
Reinforceme
nt Carbon  

Formwork 
Carbon  

Cost/Carbon Distribution in CS1 
Columns  25% 16% 59%  65% 21% 14%  

Cost/Carbon Distribution in CS2 
Columns  22% 14% 64%  64% 19% 17%  

Study by (Sahab, et al., 2005) 28% 28% 44%  - - -  
Study by (Medeiros & Kripka, 
2014) 29% 20% 51%  53% 25% 23%  

Cost/Carbon Distribution in CS1 
Slab  32% 33% 35%  68% 29% 3%  

Cost/Carbon Distribution in CS2 
Slab 29% 41% 30%  60% 38% 2%  

Study by (Sahab, et al., 2005) 35% 27% 38%  - - -  
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4.6.3. Optimisation Analysis  

In this section the optimisation results for two building scenarios were presented. In each scenario, 

the solution space is computed based on different design constraint conditions. In the first scenario, 

the constraints are related to the column grid topology whereas scenario 2 was analysed without 

any grid constraints. Small service voids in the slab and other slab setbacks were ignored as they 

are not expected to have a large influence on the outputs. Design assumptions, material properties, 

code requirements and load cases are the same as the actual design scenario. The cost and carbon 

performance of selected designs were then evaluated against the actual building design.  

- Algorithmic input  

To identify the algorithmic inputs, project engineers were invited to participate in the study via 

a custom GUI (Figure 4.23).  

  

Figure 4.23 GUI by structural engineers to specify optimisation input parameters and 

launching option through the RSA menu 

As the same design assumptions with the actual buildings were used the project engineers were 

asked to provide design inputs that are the most relevant to each design scenario. If the model is 

used for the optimisation of speculative or notional building structures where no specific design 

parameters are classified, then detailed design of experiments would be necessary to recognise the 

design space for the optimisation process. The seven genes used in this NSGA-II algorithm search 

and their corresponding ranges correspond to the optimisation levels described in Section 4.3 

and are summarised in Table 4.4.  

Genes 1, 2, 3 are related to sizing parameters of the slab and columns whereas Genes 4, 5 include 

data for the column grids on X-, Y- directions. Finally, the number of bars needed in the columns 
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is computed using Genes 6, 7. After computing the available grid topologies it is observed that 

the total number of available design combinations is not the same for the tested scenarios which 

proves that the optimisation search space in each building will vary depending on the engineers’ 

preferences or other project specific limitations. The initialisation and genes selection of the 

optimisation follows a randomised distribution solver. The population size used in the optimisation 

is 50 and the maximum number of iterations was set to 100. It could be argued that in cases like 

CS1 the use of NSGA-II might not be fully justifiable as the design space is relatively small and 

more instances than necessary are computed. However, in cases like CS2 with large design spaces 

the use of NSGA-II becomes very relevant. Additionally, if in the future continuous variables are 

used for the description of the optimisation genes, then very large spaces should be expected. 

Thus, the implementation of the NSGA-II algorithm was done for scalability reasons. In CS1 each 

iteration takes approximately 60 seconds to complete whereas this time is reduced by 

approximately 35%-40% in CS2 because of the smaller building size. The computational time also 

includes the time required to run the FEM model, and obtain detailed material and reinforcement 

schedules and layouts.  

Thus, based on the structural outputs from each iteration the algorithmic procedure is considered 

reasonably efficient as it can significantly reduce the time required for post processing of the 

optimisation data. However, if necessary the computational time could be further reduced using 

parallel computing simulations. A sensitivity analysis demonstrated that the computational time 

is mainly affected by the size of the finite element (FE) meshes. In the tested scenarios, the mesh 

consists of 0.5 m sized elements, which also matches the mesh sizes the project engineers used in 

their actual analysis. In this way, the results could be directly compared. It was also found that 

denser FE meshes increase the computational time but could yield more accurate structural 

calculations. Overall, the selection of FE mesh (0.5 m) is considered as a good trade-off between 

the computational and numerical efficiencies. In the future, improvements in computer power and 

efficiency would allow denser FE mesh sizes to be widely used in practice. In this research, all 

computations were performed in a desktop computer using an Intel Core i5-4570 at 3.2GHz 

processor with 8GB RAM.  
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Table 4.4. Input data for NSGA-II algorithm 

Gene Type Number 
of options 
CS1 

Design Ranges 
CS1 

Number of 
options 
CS2 

Design 
Ranges CS2 

Units 

1 Slab thickness 3 225, 250, 275 3 225, 250, 275 mm 
2 Column Width 2 225, 250 2 350, 400 mm 
3 Column Length 5 800, 850, 900, 950, 

1000 
3 1200, 1300, 

1400 
mm 

4 Bays X 2* 5, 8 19* 5, 6, 7, 8, 7.5 m 
5 Bays Y 8* 5, 6,7, 7.5, 8, 8.5, 

9  
19* 5, 6, 7, 8, 7.5 m 

6 Bars per column 
Width 

2 2, 3  2 3, 4 Number of 
bars 

7 Bars per column 
Length 

4 4, 5, 6, 8  3 6,7, 8 Number of 
bars 

Available Design Combinations 3,840  38,988   

*As computed from the structural layout algorithm  
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4.6.4. Whole Structure Optimisation  

In both building scenarios, the entire structural system is optimised using the input data presented 

in Table 4.4. The purpose of this analysis it to identify cost and carbon optimum designs and 

evaluate their performance against the conventional designs. The optimisation routine was 

repeated at least ten times to ensure the robustness of the results and the consistency of the 

convergence. In both scenarios, the optimisation algorithm found realistic design alternatives that 

improve the cost and the carbon performance of the entire structure. In CS1 the cost and carbon 

optimum designs are more efficient than the conventional design by 13.7% and 17.1% respectively. 

On the other hand, the cost and carbon performance of CS2 could be improved by 11.3% and 

13.9% respectively against the conventional design. The results from the optimised cost and carbon 

functions are plotted in Figure 4.24 against the conventional designs. The distribution of the 

design space for the two building scenarios vary. Despite the larger available design combinations 

in CS2 compared to CS1, the optimised solution space appears to be more uniform in terms of cost 

and carbon results which was also validated by analysing their standard deviations. This can be 

credited to the smaller structural layout variations (3 uniform configurations in CS2 compared to 

4 variable configurations in CS1).  

 

Figure 4.24 Optimisation results for the entire CS1  and CS2 (CS1 cost s=5, CS1 carbon s = 

10.4, CS2 cost s=1.8, CS2 carbon s=2.2) 
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Figure 4.25 demonstrates how the cost and the carbon of the structural floors and columns are 

distributed in the cost and carbon optimum designs. The distributions of the conventional designs 

are also plotted for reference. It appears that in CS1, the distribution in the optimum designs 

closely matches the conventional design whereas in CS2 large discrepancies are recognised, which 

could suggest that CS2 is more sensitive to the changes in the slab to columns ratio. In the 

conventional design of CS1, 83% of the structural costs and 87% of the embodied carbon emissions 

are attributed to the slabs, whereas only 17% of the costs and 13% of the carbon are distributed 

to the columns. On the other hand, in CS2 the slabs cost and carbon contributions increase to 

93% and 95% respectively, whilst the columns cost and carbon distributions decrease to 7% and 

5%. In the cost optimum solution of CS1, the distribution between the slabs and columns is 81% 

and 19% respectively, whereas in the carbon optimum is 86% and 14%. Similar behaviour was 

observed in the cost and carbon optimum of CS2 with 84% and 16%. The obtained results can be 

related to the aspect ratio of the building which consequently affects how the number of columns 

(structural layout) and slab thickness influence the optimisation results. This is important as in 

principle it was observed that the optimisation algorithm attempts to find structural solutions 

with denser grid layouts and thinner slabs in both buildings as they yield more efficient designs 

that make more efficient use of their structural material.  

 

Figure 4.25 Cost and carbon distribution in the structure for optimised designs and the 

conventional designs 
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Regarding the relationships between the cost and carbon performance of the entire structure a 

small Pareto front was computed, which means that there is only a small trade-off between the 

cost and carbon solutions for the given design constraints. We found that solutions with minimum 

carbon and minimum cost vary only by approximately 1-1.5%. Even though this behaviour 

depends on the genes granularity and the available input ranges due to the constructability 

constraints that were applied in the algorithm, the general behaviour of the model suggests that 

carbon efficient structural configurations could be achieved with small cost increases. In practice, 

these results could be used by structural engineers to promote more sustainable designs with 

significant cost penalties. These findings highlight a significant difference in the the behaviour 

between RC structures and other structural systems like steel frames where large trade-offs exist 

between the cost and embodied carbon performance (Eleftheriadis, et al., 2017a). These differences 

can be attributed on the impact of the labour costs which in the case of the steel structures could 

cover a significant proportion of the structural costs.  

In CS1 both the cost and carbon optimum designs are comparable, comprising 225mm thick slab 

and the same 8x3 bay configuration (uniform 5m bays in the X direction and 5m, 6m, 5m bays in 

the Y direction). However, the columns sizes are different with 800mmx250mm (30 in total) in 

the cost optimum and 800mmx225mm (30 in total) in the carbon optimum design. On the other 

hand, in CS2 the carbon optimum design comprises a 4x3 bay configuration with 5m, 6m, 5m, 6m 

spans on the X direction and 7m, 8m, 7m spans on the Y direction, 250mm slab and 

1200mmx350mm columns (14 in total). The cost optimum design in CS2 comprises a 3x3 bay 

configuration with 7.5m, 7m, 7.5m on both X and Y directions and the same columns (12 in total) 

and slab sizes with the carbon optimum design.  

As a general observation, it can be seen that in CS2 larger variations between the optimum designs 

occur compared to CS1. The building form in CS2 appears to play a more significant role in the 

relationship between cost and carbon optimum designs. Besides the obvious differences in the 

column grids of the optimised designs over the conventional designs the slab thicknesses also 

appear to vary considerably (250mm against 225mm in CS1 and 250mm against 275mm in CS2). 

This is a major design decision that not only influences the structural design and the detailing of 

the floor but can also influence other decisions related to the architectural (floor finishes and 

partitions) or M&E (service integration) strategies.  
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The previous results could be partially justified by the close connection between the structural 

weight and the cost and carbon objective functions. However, solutions with the least total amount 

of material are not necessarily the optimum ones in terms of cost or carbon. The ratio between 

the concrete and the reinforcement weights as well as the structural constraints (e.g. slab 

deflections) are critical to obtain the optimal solutions. An illustrative example is shown in Figure 

4.26 for two feasible design options in CS2. The structural layout, the column sizes and column 

reinforcement are fixed whereas two slab options are considered, one with 225mm slab depth and 

one with 250mm. One would expect that the option with the 225mm thick slab would be optimum 

as it lighter (286.5 tonnes against 309.7 tonnes). However, Figure 4.26 shows that this is not the 

case for either carbon (Figure 4.26 a) or cost (Figure 4.26 b) objectives. The design option 

with the 250mm thick slab performs better due to the reduced reinforcement in the slab (9 tonnes 

against 11.8 tonnes). These results are clearly related to the cost and carbon factors used in this 

study however they provide a good indication about the efficiency of the optimisation procedure 

and the ability of the penalty functions to guide the optimisation towards global minimum 

solutions. Therefore, more detailed optimisation analyses are performed in the following sections 

to explore the relationships between the different components of the structure.  

(a) 
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(b) 

  

Figure 4.26 Relationship between material weight with embodied carbon (a) and cost (b) 

performance for CS2 considering fixed structural layout, the column sizes and column 

reinforcement – Slab thickness is given in meters 

4.6.5. Material Relationships and Optimisation  

Extending the analysis from the previous section, Figure 4.27 highlights the relationships 

between the cost and carbon of the structure for the different column topologies in CS2 (a) and 

slab thicknesses (b) respectively. A clear classification of the cost and carbon results occurs when 

organising the results based on their slab thicknesses. Three design options were identified as 

input parameters for the slab thickness: 225mm, 250mm and 275mm. The results from the 

optimisation model indicated that structural designs with the thicker slabs (275mm) are in 

principle more carbon intensive when compared to the ones with 225mm and 250mm, although 

the corresponding costs are comparable. 
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(a)  
(b)  

Figure 4.27 (a) Relationship between total embodied carbon (kgCO2e/m2) and total cost 

(£/m2) for the three column topologies groups in CS2 (b) Relationship between total embodied 

carbon (kgCO2e/m2) and total cost (£/m2) for the three slab thickness groups in CS2 

On the other hand, the relationships between the 225mm and 250mm thick slabs appear to be 

more difficult to recognise. The behaviour of the optimisation models suggests that the carbon 

performance between the 225mm and 250mm slabs are comparable. However, the designs with 

250mm slabs appear to be more efficient with regards to the cost performance. Regarding the 

structural grids, three groups of columns topologies were computed: 12, 14, and 16 columns. The 

general trend is that topologies with less structural columns are more carbon and cost efficient 

compared to the ones with more columns.  

This is clearly the case for the solution space with 275mm thick slabs. Nevertheless, as the slab 

thickness becomes thinner, this trend is less evident and thus more challenging for structural 

engineers to identify optimum designs. The difficulty lies in the ability to recognise how materials 

are distributed within the entire structural system. For example, whether trade-offs exist between 

the structural elements features and particularly in the reinforcement and the concrete of the slabs 

or between structural elements and specifically between columns and slabs. Thus, a good way to 

validate the effectiveness of the optimisation model is to evaluate the relationship between the 

components within the slabs. Figure 4.28 summarises the relationships between the concrete and 

the reinforcement in the slabs as obtained from the optimisation data set of the tested 

configurations.  
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Figure 4.28 Relationship between the reinforcement and concrete weight in the slabs for the 

different slab scenarios in CS2. The smaller graphs show the relationships between the 

reinforcement and the concrete organised by the available slab thickness groups 

Clear trade-offs exist between the slab concrete and reinforcement weights. Results indicate that 

the group of design solutions with the 225mm slabs has on average 10% and 20% less concrete 

compared to the ones with the 250mm and 275mm respectively. On the other hand, the slab 

reinforcement appears to vary considerably within each slab thickness groups: 27% in the 225mm 

slab, 29% in the 250mm designs and 18% in the 275mm designs. In all three groups, it can be 

observed that the concrete and reinforcement weights is reduced on average when the number of 

structural columns increases from 12 to 16. Therefore, identifying the material relationships 

between the slab and columns is also crucial in search of optimal designs. Detailed relationships 

between the slab and the columns of the structure are shown in Figure 4.29. 
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(a)

 

(b)

 

(c)  

Figure 4.29 Relationship between the concrete and reinforcement weight of the slabs and 

columns for the three column topologies groups of CS2 (a) 12 columns, (b) 14 columns, (c) 16 

columns 

The largest proportion of the structural weight is attributed to the concrete in the slab followed 

by the concrete in the columns, the reinforcement in the slab and the columns. Similar behaviour 

is observed in all the column grid configurations which provides a good indication about how the 

cost and the embodied carbon emissions are distributed within the structure. Furthermore, the 

structural grid appears to have a major influence not only in the slab reinforcement which was 

observed in the previous section but also in the concrete weight of the columns. Denser column 

grids reduce the reinforcement requirement in the slab but at the same time increase the total 

concrete weight of the columns due to the increased number of columns in the structure. Overall, 

these results effectively verify the engineering, penalty and constructability functions of the 

optimisation model. 
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4.6.6. Structural Components Relationships  

The functionalities of the multilevel optimisation model are used in this section to understand the 

detailed cost and carbon relationships between the components of the structure. In practice, this 

is particularly useful when the entire structural system cannot be fully optimised due to 

architectural, construction or other project limitations. To perform the relevant computations the 

objective functions were adjusted accordingly to consider the results for different structural 

components.  

- Structural columns and floors 

The cost and carbon functions for the columns and the slabs were used in this optimisation studies. 

The results from the computations in both buildings and the trade-offs between the structural 

components are presented in Figure 4.30. In CS1 (Figure 4.30 a, b) larger trade-offs are 

observed between the slab and columns cost and carbon performance when compared with the 

trade-offs obtained in CS2 (Figure 4.30 c, d).  

These results and trade-off patterns could be associated with the variation of the columns number 

in the optimised designs. In CS2 the total number of columns has more uniform distribution of 12, 

14 and 16 columns whereas in CS1 the number of total columns has larger variations (17, 22, 24, 

30 columns). A correlation analysis was conducted (Pearson) and it was found that in both 

buildings the number of columns has the biggest impact on the cost and carbon results for both 

the slab and the columns with CS1: rSlabCarbon = -0.921, rSlabCost = -0.944, rColumnsCarbon = 0.869, 

rColumnsCost = 0.909 and CS2: rSlabCarbon = -0.710, rSlabCost = -0.715, rColumnsCarbon = 0.826, rColumnsCost = 

0.880. The total number of columns in the structure is calculated directly from Genes 4 and 5. 

Beside the column grid, in CS1 the slab thickness is the second more influential parameter in the 

cost and carbon results of the slabs and the columns.  

The correlation analysis also demonstrates that in CS2 the slab thickness is not as significant as 

in CS1. On the other hand, the columns sizes are the most influential parameter in CS2 after the 

column grid in both the cost and carbon results for the slab and the columns. These results suggest 

that that the aspect ratio of the building could influence how the cost and carbon is distributed 

amongst the structural components. A more in depth analysis of the relationships between the 

slabs and columns with the entire structural system is attempted in the subsequent sections. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 4.30 Optimisation analysis between (a) CS1 slab and columns cost, (b) CS1 slab and 

columns carbon, (c) CS2 slab and columns cost and (d) CS2 slab and columns carbon 

- Structural floors and structure 

Figure 4.31 shows the results from the optimisation iterations for the entire structural system 

in both buildings and the corresponding slab cost and carbon performance. The results indicate 

two different optimisation patterns for CS1 and CS2. In CS1 (Figure 4.31 a, b) small trade-offs 

between the structural floor and the entire structure are identified which suggest an almost linear 

relationship. Similar relationship patterns were identified in the computations of the slab carbon 
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and cost. On the other hand, in CS2 (Figure 4.31 c, d) there is a larger Pareto front and a clear 

trade-off relationship between the cost and carbon performance between the slabs and the entire 

structure.  

(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 4.31 Optimisation analysis between (a) CS1 total cost with slab carbon, (b) CS1 total 

carbon with slab cost, (c) CS2 total cost with slab carbon and (d) CS2 total carbon with slab 

cost 

These findings partially justify the close correlation between the slab thickness and the slab cost 

and carbon performance which was described in the previous section. More detailed interactions 

between the slab components and the whole structure could also be computed by the multilevel 

optimisation procedure yielding more informed design assessments. The granularity of the 
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optimisation analysis could be adjusted by the structural engineers by specifying more refined 

sampling optimisation parameters.  

A descriptive example is shown in Figure 4.32 which visualises the optimisation results and the 

obtained trade-offs between the entire structure with the slab reinforcement for CS2. Similar 

relationships with the concrete or the formwork components of the slab could be computed by 

adjusting the objective functions’ modules.  

  

Figure 4.32 Optimisation analysis between slab reinforcement carbon and total cost of the 

structure in CS2 

- Structural columns and structure 

In this section the relationships between the structural columns and the entire structure are 

investigated. Figure 4.33 shows the results obtained from the optimisation analysis in this 

simulation set. Figure 4.33 a, b presents the trade-off relationships between the total cost and 

carbon and the cost and carbon performance of the columns. In CS2 on the other hand, an almost 

linear relationship between the structural columns and the entire structure was identified (Figure 

4.33 c, d).  
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 4.33 Optimisation analysis between (a) CS1 total cost with columns carbon, (b) CS1 

total carbon with columns cost, (c) CS2 total cost with columns carbon and (d) CS2 total 

carbon with columns cost 

Comparing the results from Figure 4.31 and Figure 4.33 it becomes apparent that there are 

significant differences in the optimisation patterns and the relationships between the structural 

columns and floors for the two buildings. These findings are associated to the general building 

form and particularly with the ratio of structural columns over the total slab area. Overall, 

detailed optimisation analysis using the proposed multilevel procedure could provide new insights 

and a better understanding on how these relationships are developed in each building typology. 

Further analysis on the impact of building form in the optimisation of the RC structure is 
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recommended. For instance, U- or L-shaped buildings or other core locations could also be 

investigated to establish a more comprehensive specification of these relationships. 

4.7. Lessons Learnt: Optimisation Analysis 

The analysis from the previous sections identified that efficient design optimisation procedures 

not only could improve the environmental performance of building structures but they can also 

reduce the time structural engineers spend analysis design configurations. As building design and 

construction practices move into the era of big data, rich information technologies and integrated 

project delivery the traditional structural optimisation procedures would have to be adjusted 

accordingly. BIM technologies offer the computational platforms to achieve this transition.  

The tested computational workflow involved a BIM-integrated multi-objective optimisation 

framework for reinforced concrete structures which is supported by FEM utilising cost and carbon 

objective functions. The multilevel optimisation procedure took place at three main levels 

comprising column layouts, members sizing and reinforcement detailing. Geometric BIM data 

were used alongside a FEM engine in a custom NSGA-II multi-objective algorithm which was 

used for the cost and carbon optimisation procedure. The objective functions use material 

schedules which are obtained from the structural analyses and cost-carbon data based on material 

properties.  

It is evident that comparing the conventional design with the optimised solutions is not easy and 

can only provide a retrospective assessment at this stage of the project as the buildings were 

already under construction and no further changes could be suggested by the design team. 

However, the proposed optimisation framework would be particularly useful during the early 

phases of the design development when basic information about the building’s massing and 

boundaries become available.  

At this stage, early BIM models could be used in the proposed optimisation procedure to provide 

design guidance to structural engineers using criteria relevant to each project. In addition, the 

optimised solutions could be used as potential cost and carbon performance benchmarks for a 

given structure and any future design iterations of the structural system explored by the engineers 

will be compared against those optimisation benchmarks as the required cost and carbon 

performance for the different designs is embedded in the BIM model. By doing so more informed 
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decisions could be expected when the cost and carbon implications of the different design 

alternatives are quantified.  

4.8. Summary 

The chapter explored a body of research which has received limited consideration in the past and 

involved the integration of heuristic optimisation procedures within BIM technologies. A practical 

optimisation model for the examination of cost and embodied carbon relationships in RC 

structures was developed and tested for that reason. The optimisation design parameters were 

associated with the findings from Chapter 3 to support the optimisation procedure with real 

decision-making insights.  

Structural grids, slab and columns sizes, reinforcement details were the main optimisation 

parameters, whilst several algorithmic functions that allow realistic structural designs to be 

generated were employed. The constructability constraints were formulated from the information 

structural engineers from Price & Myers provided in the early stages of the research and data 

from the literature. There was no intention in analysing how these constructability functions 

influence the optimisation process. This is mainly because it was deemed more important to create 

an effective approach to generate designs that are functional with realistic design characterstics, 

instead of identifying “global” optimum designs that have less relevant characteristics.  

Thorough testing of the corresponding computational modules with integrated constructability 

constraints was presented in the chapter, whilst the optimisation model was validated in actual 

building scenarios which were appropriately selected for that purpose.  

Results demonstrated that the novel optimisation methodology can effectively compute solutions 

that improve the cost and carbon performance of the conventional designs without compromising 

their constructability. It was found that the proposed optimisation model can yield considerable 

cost and carbon savings for the entire structure. In the tested building scenarios, cost savings of 

11-13% and carbon improvements of 14-17% were identified. 

The topology of the structural grid appeared to have the largest impact on the cost and carbon 

performance of the structure and thus the implications in the architectural layouts of the building 

need to be further investigated. These findings are also reinforced by the QFD experiments 
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described in Chapter 3 where the design team’s preferences recognised the columns grid (DR1) as 

the most important design parameter to address project structural requirements.  

It was also concluded that small trade-offs occur between the cost and carbon optimum designs 

for the entire structure which suggests that carbon optimum designs could be obtained with 

minimal cost increases. Finally, it was found that the distribution of cost and carbon between the 

different components in the structure vary depending on the building form.  

Selected designs from the optimisation procedure outlined in this chapter are used in the 

subsequent chapter to investigate the lifecycle carbon performance of the entire building as well 

as quantify detailed contributions associated with the structural systems. The intention behind 

this set of analysis is to ensure that optimised structural designs do not have any consequential 

effects at building level.  
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5. WHOLE LIFE CARBON PERFORMANCE 

This chapter corresponds to the third part (Part 3) of the study bringing together BIM 

technologies and concepts to develop a lifecycle carbon framework that effectively evaluates the 

implications of heuristic structural optimisation designs in the building context. The proposed 

BIM-embedded framework investigates how the optimised structural designs generated in the 

previous chapter (Chapter 4) could affect the lifecycle carbon balance of the entire building. The 

reason for the design assessment of the optimised structural alternatives is to ensure that the 

lifecycle performance of the building is not compromised when structural engineers optimise their 

designs. A practical application of the method is also presented in this chapter to test the 

functionalities of the BIM-integrated lifecycle carbon model using realistic design configurations. 

Additionally, the aim of this chapter is to develop a better understanding about the lifecycle 

carbon relationships between structural optimised designs and the rest of the building systems 

such as the architectural components (external and internal walls, windows, etc.). Through these 

relationships, new insights are sought on the way comprehensive lifecycle analyses could enhance 

the engagement of structural engineers in the sustainability design strategies at building level in 

conjunction with the BIM-based design optimisation model.  

5.1. Introduction 

Examples from the application of structural optimisation in RC structures were described and 

analysed in the previous chapter (Chapter 4). Specifically, the influence of the structural grids 

and floors in the optimisation results were identified as significant. Additionally, potential 

implications on other building systems such as the architectural or M&E were also discussed. In 

this chapter, a quantitative analysis is presented to measure the implications of optimised 

structural designs at the lifecycle carbon performance of buildings. The structural floors are a 

good way to investigate how structural optimisation could affect the design of other building 

components.  

For instance, in Aldwaik & Adeli’s (2016) cost optimisation study of reinforced concrete floors in 

multi-storey buildings the optimised slab between floors 12 to 24 of the building is increased from 

270 mm to 280 mm depth. Despite the cost of the structure being reduced by approximately 9% 

the implications from using taller external walls to accommodate for the thicker slab are not 

effectively addressed. Thus, the cost of the building could potentially increase. Similarly when a 
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structure is optimised for its embodied carbon the relationships with other building systems need 

to be investigated. This is particularly important in the optimisation of elements that cover a 

large proportion of the buildings’ materials by volume such as the building structure (Lotteau, et 

al., 2017). To our best knowledge, the relationships between heuristic structural optimisation and 

building lifecycle assessments has rarely been addressed in the literature or in practice. Therefore, 

developing mechanisms that integrate these components could become relevant in practice as they 

could facilitate and ensure not only structural efficiency but whole building lifecycle carbon 

efficiency.  

A comprehensive design assessment framework is explored by integrating multi-objective 

structural optimisation with lifecycle carbon analysis at building level. This is important as 

traditionally, the decision processes in structural optimisation studies end with the development 

of the optimised structural solutions. In the decision procedure developed in this research, the 

ultimate objective is to optimise the structural system without compromising the lifecycle carbon 

performance of the entire building. Thus, both the structural and building performances are 

evaluated and the potential relationships are recognised. In that manner, if the building 

performance is not optimised for a given structural design, the structural optimisation procedure 

would have to be reconfigured to include further design constraints. The conceptual representation 

of the augmented decision-logic is shown in Figure 5.1.  

 

Figure 5.1 Decision logic for integrated performance analysis between structural and building 

systems 
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A key mechanism in the proposed mechanism is the implementation of BIM technologies. BIM-

integrated approaches offer new ways to integrate whole building design information with 

structural engineering analysis data. It is expected that such approaches could yield optimised 

designs at both building and structural levels. 

5.2. Method: Design Assessment 

Despite the considerable body of academic work dedicated to lifecycle and embodied carbon, 

practical applications are still limited. As a result, simplified and applicable mechanisms are 

necessary to realise a wider implementation (De Wolf, et al., 2017). The research proposes a BIM- 

enabled framework for the design assessment of optimised structural designs based on lifecycle 

notions at building level. The implementation of BIM provides a practical mechanism for the 

embodied and operational carbon analysis at building level. The adoption of BIM technologies for 

embodied carbon assessment purposes was also supported in recent study by Pomponi & 

Moncaster (2016).  

5.2.1. BIM-embedded Workflow  

Figure 5.2 demonstrates the flow diagram of the proposed lifecycle carbon approach for the 

whole building assessment within BIM as it was developed for the purposes of the research. For 

the carbon analysis two main components are recognised:  

1) Embodied carbon  

2) Operational carbon  

The embodied carbon emissions are calculated directly within the BIM environment whereas the 

emissions associated with the energy use of the building are calculated using external software 

application. The approach begins by reviewing building elements and material related data within 

BIM using the structural and architectural modules only (MEP, drainage and landscaping modules 

are not considered in this study).  

The energy analysis module uses the IFC/gbXML export capabilities of BIM to convert the 

building geometry into volume topologies required in the energy model. In this study EDSL Tas 

software is used to perform the dynamic energy analysis. Once the building model is transferred 

into Tas, the energy modelling parameters are specified which are relevant to the occupancy 
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patterns, efficiency and description of the ventilation, heating and lighting systems as well as 

technical description of material properties such as the thermal conductivity.  

The total energy demand for the building is calculated including the corresponding loads for 

heating, cooling (if necessary), ventilation (if necessary), lighting, hot water and equipment 

provided in kWh/m2. The data from the energy results are returned in the BIM environment. 

There, they are combined with energy mix conversion functions given in kgCO2/kWh to compute 

the final carbon emissions from the energy use in kgCO2/m2 

 

Figure 5.2 Whole building assessment framework 

For the embodied carbon analysis, building families within the BIM model were classified 

depending on their functionality (walls, floors, columns, windows, etc.) and their corresponding 

material types (concrete, steel, brick, insulation, etc.). The embodied carbon inventory data that 

was described in the previous chapter and was utilised in the structural optimisation computations 

(Section 4.1.3), was extended herein to cover a more comprehensive list of material types and 

lifecycle stages within BIM. The reason for that was to ensure that more complex building 

elements such as the external walls that comprise multiple material layers could be effectively 

computed. Additionally, at this stage of the research the lifecycle carbon analysis scope was 

extended to cover the entire life of the building from material production until the end-of-life, 
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whereas in the structural optimisation model only the embodied carbon emissions from the 

materials production stage were considered.  

Conversion functions were implemented to effectively process the inventory data as different 

material types and lifecycle stages comprise different functional units – FU. The FU could vary 

from area units given in m2 often applied in paints, windows and carpets products or volume units 

given in m3 or mass units given in tonnes. For that reason, the information about the material 

densities is considered important to apply and embed the relevant conversion functions in BIM. 

The quantities of the various building materials are obtained from BIM (material take-off) and 

used in conjunction with the lifecycle inventory data to compute the embodied carbon emissions 

of the building. Detailed description on how the inventory was constructed and how the embodied 

carbon computation was performed using the conversion functions is shown in the subsequent 

sections.  

The first main advantage of the proposed BIM-enabled design assessment mechanism is that it 

can directly utilise the outcomes from the BIM-based structural optimisation component which 

was described in Chapter 4 to evaluate various optimised design alternatives. The different design 

alternatives are used to update the information about the structural system in the BIM model. 

Secondly, the parametric capabilities of BIM automate and visualise the lifecycle analysis of the 

building as alterations in the material thickness (e.g. insulation) as well as the material types 

provide instant feedback about the lifecycle performance of building. For each of the available 

design options, the procedure for the estimation of the operational and embodied carbon emissions 

is repeated for the entire building and the obtained results are stored in the custom schedules.  

5.2.2. Limitations  

The proposed analysis was not used for the assessment of every system in the building because 

the main aim of this research is to investigate only the consequential effects of different optimised 

structural designs in the lifecycle performance of buildings. Additionally, the study focused on 

design assessment mechanisms primarily during the early stages of building projects where detailed 

information about the building systems is often incomplete. For that purpose, several building 

systems are fixed to allow a direct comparison between the optimised structural alternatives. The 

research focuses on the superstructure of buildings which means that the emissions from the 

foundations, earth works and landscaping are not included in the scope of this analysis.  
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Additionally, the lifecycle emissions from the building services such as the ventilation, heating 

and hot water systems were not covered in this research. However, regarding the building services 

systems, relevant allowances have been made for the computation of the operational carbon 

emissions through the dynamic energy modelling module previous described. The rest of the 

building systems such as the external and internal walls, floors or the roofs were included in the 

lifecycle assessment but their material and construction properties were fixed throughout the 

study. The investigation and optimisation of building elements besides the structural system was 

considered outside the scope of the current research.  

5.3. Method: Lifecycle Analysis 

5.3.1. Scope 

All the stages associated with a building’s life cycle have been implemented in order to organise 

and analyse the data from the BIM-based LCA applications in buildings. The embodied phase 

covers the processes of raw material extraction, manufacturing and construction. The operational 

phase addresses the energy during the use and maintenance stages. Finally, the end-of-life phase 

covers the demolition, recycling and reuse stages. 

The lifecycle mechanism implemented in this research is described in this chapter. The TC350 

framework is utilised to define the scope of the lifecycle assessment and perform the necessary 

analyses. TC350 standard follows a ‘cradle-to-grave’ approach for the development of horizontal 

standardised methods for the assessment of sustainability aspects in buildings and civil engineering 

works, including horizontal core rules necessary for the development of construction products’ 

Environmental Product Declaration (EPD) (Moncaster & Symons, 2013). Figure 5.3 

demonstrates the various lifecycle stages associated with the different building elements and 

components as specified in TC350.  

The system boundaries of the current study are as follows. All product stages (A1-A3) are 

considered in the study including the embodied carbon emissions from the material extraction and 

processing, transportation of materials to plants and manufacturing processes. Furthermore, the 

construction process stages (A4 - A5) are also incorporated covering the embodied carbon 

emissions from the transportation of the products on the construction site and the relevant 

installation of building components. From the use stage, B5 is included in the scope of the lifecycle 

analysis covering the emissions from the refurbishment of various building components and 
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materials. Finally, the carbon emissions from the building’s energy use (B6) and all the end-of-life 

stages (C1-C4) are also included in the scope of the research. Detailed review on the restrictions 

of the current embodied carbon assessments can be found in (Pomponi & Moncaster, 2017). 

 

Figure 5.3 Lifecycle stages (BS EN 15804:2012, 2012) 

5.3.2. Inventory 

The functional unit for the entire lifecycle analysis process is assumed to be 1m2 of floor area 

(GFA) (Chau, et al., 2015; Lotteau, et al., 2017), whilst the expected life span of the building is 

considered to be 60 years based on the methodology provided by BRE (2013). The internal floor 

area of the building is calculated directly from BIM whereas the various lifecycle data sources 

were combined using the relevant BIM schedule format. Specifically, literature review and 

industrial report sources were synthesized to establish a comprehensive lifecycle carbon database 

within BIM that satisfy the study’s boundaries as described in Section 5.3.1.  

The initial embodied carbon utilises ‘cradle-to-gate’ data associated with stages A1-A3. 

Environmental Product Declarations (EPD) were utilised where necessary based on the different 

building materials. It is expected that project-and country-specific embodied carbon data based 

on EPD would become more popular in the near future allowing the design teams to easily assess 

various material alternatives. A novel way to automatically query EPD data in the context of 

BIM was developed by Schwartz et al. (2016). In this research, the embodied carbon data were 

manually added in the model. Data from DEFRA’s (2017) methodology were used to calculate 
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the carbon emissions from the transportation of building materials to site (A4). The calculation 

is based on travel distance to site, average load, vehicle size, type and percentage laden.  

Data from Pomponi & Moncaster (2017) were implemented for the calculation of the carbon 

emissions during the construction stage (A5). It is assumed that the emissions at stage A5 are 

twice the emissions calculated from the previous stage (A4) (Gong, et al., 2012). Over the 

buildings’ lifetime several components will be replaced as part of planned maintenance or 

refurbishment. Each time this occurs, additional carbon emissions will be encountered. This aspect 

of the lifecycle is accounted for using typical replacement rates assigned to the building material 

types. Furthermore, for the estimation of the carbon emissions from any replacement processes 

(B4), the life spans of the various building materials are considered from (Pal, et al., 2017; Bull, 

et al., 2014) and from the relevant EPD data. For the calculation of the carbon emissions during 

use (B6) conversion factors for gas (0.216 kgCO2e/kWh) and electricity (0.519 kgCO2e/kWh) were 

used from (UK NCM , 2016). Finally, for the emissions associated with the end-of-life processes 

data from (Pomponi & Moncaster, 2017) were used assuming 0.01 kgCO2 per kg of material 

(Monahan & Powell, 2011).  

5.3.3. BIM Computations 

The general formula used for the computations of the embodied carbon emissions of the different 

building materials in BIM is defined as: 

!"# = 	 !"&# ∗ (#
)

#*+
 , (5.1) 

where !"&# (- = 1, … ,1) includes the embodied carbon factors stored in the lifecycle inventory for 

the different materials used in the building and (# - = 1, … ,1 	is the material quantities obtained 

directly from the BIM model. The fields for the quantities values are specified based on the FU 

of the carbon factors and the relevant conversion factors ("&#) are applied. The resulting values 

from (5.1) are calculated in kgCO2e. All the required computations use these parameters and 

formulas in custom schedules in BIM which can also be exported to Excel for further processing 

where necessary. The total embodied carbon is divided by the total internal floor area of the 

building where n represents the corresponding floor number from ground floor (a1) to the top floor 

(an). The floor area of the building is also obtained directly from the BIM room layout functions. 

The final results are given in kgCO2e/m2 from:  
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8
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	 , (- = 1,… ,1), (5.2) 

5.4. Results: Design Assessment Computations  

5.4.1. Case Study Selection 

From the two building cases optimised in Chapter 4, CS2 was selected to perform the necessary 

verifications of the proposed lifecycle assessment framework. The reason for this selection is 

because CS2 has structural columns only in the perimeter of the building (no internal columns) 

and thus no alterations in the internal floor layout would be necessary to test different optimised 

structural design alternatives generated from the optimisation procedure in Chapter 4 (Figure 

5.4).  

In building cases where internal columns exist (e.g. CS1), architectural designers should be advised 

to ensure that the column grid of the optimised structural alternatives will not have a major 

influence on the room layouts which could result in alterations in the total area of the partition 

walls. This study falls outside the scope of the current and it is not included in this analysis.  

 

Figure 5.4 BIM structural model of the entire CS2 development (shorter block was analysed 

only to correspond to the structural optimisation results) 

The actual design specified by the project’s structural engineers include a 275mm thick flat slab 

with 800mm ´ 200mm columns on a 7.33m structural grid. The design was performed following 

the Eurocode 3 requirements. The details of the actual design (AD) are shown in Table 5.1. The 
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actual design is assessed against optimised design configurations that are generated by the BIM-

based optimisation model using the same structural design parameters, loads and constraints. The 

balconies of the building are cantilevered structures using steel members which were excluded 

from the optimisation of the structure. However, to ensure that reinforcement computations 

in the slabs follow the same parameters with the actual solution relevant allowances were 

made in the optimisation model using edge load cases in the locations of the balconies. 

Table 5.1 Summary of the design characteristics for the actual design 

Design Solutions AD 
Bays X, Y (m) {7.33, 7.33, 7.33} 
Slab thickness (mm) 275 
Columns (mm) 800x200 (12 columns) 
Columns (m2) 1.92  
Total weight (t) per floor system 319 
Slab Reinforcement rate (kg/m3) 157 
Slab Reinforcement Bars 2 
Slab Reinforcement Spacing  2 
Columns Reinforcement 10 bars (ø16mm) 

Figure 5.5 shows the distribution of cost and carbon between the slab and the columns in the 

structure as described in Chapter 4.6.6. For both objectives (cost and carbon), the slab 

contributes 80%-85% in the structures cost and embodied carbon, whereas the columns cover the 

remaining proportion (approximately 10%-15%). Because of this large contribution of the slab in 

the total costs and carbon emissions, the relationships in the performance of the slab and the 

whole structure are investigated to identify how the potential cost and embodied carbon trade-

offs are evaluated withint the proposed decision-making model. 

Figure 5.6 demonstrated the relationship between the embodied carbon of the slab and the total 

costs of the structure which suggests that trade-offs exist between the slab and whole structural 

system which could complicate the selection of structural design. Solutions 0 to 8 in the Pareto 

front were identified for further analysis in this chapter. The data and design specifications from 

those designs were obtained directly from the optimisation analysis described in Chapter 4. 

Table 5.2 summarises the main design optimisation parameters for the selected nine scenarios 

including their floor layouts as displayed within the corresponding BIM interface.  
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Figure 5.5 Distribution between slab and 

columns in the structure 

Figure 5.6 Trade-off solutions for analysis  

As two sets of computations are available in the lifecycle carbon assessment as described in 

Section 5.3. The calculations of the carbon emissions during the use stage are computed in Tas 

using the default export functionalities of BIM using Autodesk Revit. On the other hand, the 

embodied carbon computations are conducted directly in the BIM environment using the 

geometric and material descriptions of the building elements. For the evaluation purposes, a 

comparative analysis is executed between the optimised structural designs and the actual design 

of the structure. 
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Table 5.2 Summary of design parameters for the selected nine designs as obtained from the optimisation model 

Design 
Solutions 

D0 D1 D2 D3 D4 D5 D6 D7 D8 

Layout 

         

Bays X 
(m) 

{7.5, 7, 7.5} {5, 6, 5, 6} {5, 6, 5, 6} {7.5, 7.5, 7} {6, 5, 5, 6} {6, 5, 5, 6} {5, 5, 5, 7} {5, 5, 6, 6} {5, 5, 5, 7} 

Bays Y 
(m) 

{7.5, 7, 7.5} {7, 7, 8} {7, 7.5, 7.5} {5, 5, 5, 7} {7, 7.5, 7.5} {6, 5, 5, 6} {6, 5, 5, 6} {6, 5, 5, 6} {6, 5, 5, 6} 

Slab 
thickness 
(mm) 

275 250 250 250 250 250 250 250 250 

Columns 
(mm) 

1200x350         
(12 columns) 

1200x350         
(14 columns) 

1200x400         
(14 columns) 

1200x400         
(14 columns) 

1400x350         
(14 columns) 

1200x350         
(16 columns) 

1300x350         
(16 columns) 

1400x350         
(16 columns) 

1400x400         (16 
columns) 

Columns 
(m2) 

5.04  5.88  6.72  6.72  6.86  6.72  7.28  7.84  8.96  

Total 
weight (t) 

318 299 304 304 304 304 307 310 317 

Slab 
Rein/ment 
rate 
(kg/m3) 

93 110 107 105 104 102 100 97 95 

Slab 
Rein/ment 
Bars 

8 10 10 10 9 10 9 9 9 

Slab 
Rein/ment 
Spacing  

2 2 2 2 2 2 2 2 2 

Columns 
Rein/ment 

16 bars 
(ø16mm) 

16 bars 
(ø16mm) 

14 bars 
(ø16mm) 

18 bars (ø16mm) 14 bars (ø16mm) 16 bars (ø16mm) 14 bars (ø16mm) 14 bars (ø16mm) 16 bars (ø16mm) 
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5.4.2. Embodied Carbon Analysis 

- Material Quantities 

The specification of the optimised structural designs presented in Section 4.6.1 were also used 

in this chapter to evaluate the lifecycle performance at building level. The material quantities 

data for the structural options are obtained directly from the BIM schedules which were developed 

from the optimisation analysis. This functionality of the optimisation model is particularly 

advantageous at this stage of the research as the precise concrete and reinforcement material 

information could provide more accurate embodied carbon results. The precise material quantities 

are combined with the materials’ embodied carbon factors to compute the total embodied carbon 

emissions of the building elements.  

Table 5.3 and Figure 5.7 summarise the data obtained for the concrete and reinforcement 

quantities from the optimisation analysis which was described in the previous chapters. The 

material quantities for the rest of the building elements were used directly from the BIM quantity 

take-off functions. Analysing the structural quantities between the actual design (AD) and the 

optimised designs (D0 to D8) two main observations can be made. 

Table 5.3 Summary of material quantities for the optimised structural designs and the actual 

design specified by the engineering practitioners 

 Floors Columns 
Design 
Solution 

Concrete 
Weight (t) 

Reinforcement 
Weight (t) 

Concrete 
Weight (t) 

Reinforcement 
Weight (t) 

D0 273.27 9.22 34.51 0.91 
D1 247.46 9.82 40.26 1.06 
D2 247.06 9.57 46.10 0.93 
D3 247.11 9.43 46.02 1.19 
D4 247.06 9.32 47.06 0.93 
D5 247.22 9.11 46.01 1.21 
D6 246.95 8.93 49.92 1.06 
D7 246.73 8.65 53.78 1.06 
D8 246.15 8.45 61.47 1.21 
AD 285.9 19.08 13.65 0.57 
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Figure 5.7 Structural material quantities obtained from the optimisation analysis (D0-D8) and 

the conventional design (AD) 

The first one relates to the reinforcement weight in the slab. In the design proposed by the 

engineering practitioners (AD) the slab reinforcement is significantly higher (approximately 50%) 

than the reinforcement in the optimised designs. In reality, structural engineers do not have 

enough time to optimise the reinforcement in the slab, which could result in significant over 

specification as observed in this case. Additionally, these results provide a good evidence that the 

optimisation functions for the slab reinforcement design are very effective. The proposed 

automated procedure described in Section 4.3 can enhance the calculation of the detailed 

reinforcement schedules and layouts. Finally, it is worth noting that further improvements in the 

slab reinforcement weight could be achieved if the constructability functions in the optimisation 

model were disabled (Refer to Section 4.4).  

The second observation, relates to the design of the columns. In principle, the optimisation model 

tries to increase the area of the columns in the building to improve the overall structural efficiency. 

This is achieved by increasing the total number of columns or by increasing the columns sizes. 

This behaviour is observed in this scenario too where in all the selected optimised designs the 

total weight of columns has significantly increased against the actual design. This is reflected 

mainly in the concrete quantities which appear to be significantly higher in the optimised 

structural designs compared to the conventional design.  
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- Analysis Granularity 

The proposed model allows various levels of embodied carbon analysis to be performed based on 

different BIM data granularity functions. The embodied carbon emissions can be calculated for a 

family of building elements or a single building element or a single material.  

- Carbon Factors 

Table 5.4 shows the embodied carbon factors and the corresponding functional units of the 

different building materials. The data were integrated within BIM using individual carbon 

identities for each of the material types allowing the functional units to be recognised and adjusted 

when performing the carbon computations. In most cases, EPD data sources relevant to the actual 

material properties were utilised. The lifecycle carbon inventory can be easily maintained and 

enhanced when additional material products are identified. In fact, the database created for the 

purposes of this research was incorporated in the central Price & Myers material BIM library 

which allows all the engineers to access and use the data.  

Table 5.4 Embodied carbon data summary 

Building 
Element 

Material Data/FU Source Relevant Life 
Cycle Stages 

Internal Wall Sound block 3.84/m2 EPD  A1/A2/A3 
Internal Wall Cavity 

Insulation 
70/m3 EPD A1/A2/A3 

External Wall Brick 158/t EPD A1/A2/A3 
External Wall Insulation 2.82/kg EPD A1/A2/A3 
External Wall Sheathing 

Board 
1.8/m2 EPD A1/A2/A3 

External Wall Plasterboard  2.1/m2 EPD (12.5 
mm) 

A1/A2/A3 

External Wall Aluminium 
Doors/windows 

100.48/m2 EPD A1/A2/A3 

Floor Carpet 10.2/m2 EPD A1/A2/A3 
Multiple Paint 0.123/m2 EPD A1/A2/A3 
Structure Concrete C40 

(for walls and 
floors) 

130/t (SteelConstruc
tion.info, 2017) 

A1/A2/A3 

Structure Concrete C50 
(for columns)  

170/t (SteelConstruc
tion.info, 2017) 

A1/A2/A3 

Structure Steel 
Reinforcement 

1270/t (SteelConstruc
tion.info, 2017) 

A1/A2/A3 
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- Transportation  

For the computation of the carbon emissions from the transportation of materials to site it was 

assumed that the maximum distance that a lorry would travel to deliver would be 100 km given 

the site’s location in central London. The lorries were also assumed to have the average UK laden 

with a 10 tonne capacity (DEFRA, 2017). The calculation is based on 0.6606 kgCO2e per vehicle 

km.  

5.4.3. Operational Carbon Analysis 

The Tas model (Figure 5.8) is created and calibrated from the specification of the BIM model. 

Tas version 9.4.1 with Test Reference Year (TRY) weather data for London were used in the 

research. The occupancy schedules for the energy analysis follow the requirements set by NCM 

(2016), whilst the detailed assumptions for the building elements’ thermal performance (U-values) 

and the efficiencies of the services systems are described in the subsequent sections.   

 
 

Figure 5.8 Building model and floor layout for energy analysis in EDSL Tas 

- Building Elements 

Table 5.5 shows the U-values data of the different building elements as implemented in the 

energy model. The data were collected from the actual building specification that meet and exceed 

the national energy requirements (UK Part L). As discussed in the methodology section, the 

optimisation of the building elements’ U-values is outside the scope of this study. Thus, in all the 
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tested scenarios, the thermal performance of the building elements did not change. The air 

permeability was assumed to be 5m3/(h.m2) at 50 Pa.  

Table 5.5 U-values data inputs 

Building Element U-Value (W/m2K) 
External wall 0.14  
Internal walls (Multiple types) 1.8, 0.40, 0.33, 0.49  
Roof 0.08  
1st floor  
(above ground level commercial part) 

0.08  

Internal Floor 0.86  
Windows / glazed doors  1.32  

- Services 

Following a similar approach to the building elements U-values, the actual mechanical and 

electrical specifications were used to construct the relevant systems in the Tas model. Table 5.6 

describes the actual systems for the space and hot water, the heating controls, the ventilation and 

the lighting systems. The optimisation of the systems’ efficiency is also outside the scope of the 

current research.  

Table 5.6 Mechanical and electrical systems 

Services Description 
Space & Hot water 
Heating 

Central heating 
LTHW Boiler: 91% efficiency 

Heating Controls Charging system linked to the use of community 
heating/TRVs 

Ventilation Mechanical Ventilation 
Extract SFP 0.5 W/l/s 
Supply SFP 0.7 W/l/s 80% efficient 

Comfort Cooling N/A 
Lighting 70 lumens/circuit-watt 

Manual On/Auto Off 

- Analysis Overview 

Two analysis groups are investigated in this research based on the specification of the structural 

system. The first group (Scenarios 1, 2, 3 and 4) includes the actual structural solution whereas 

the second group (Scenarios 5, 6, 7 and 8) includes the optimised structural design generated by 

the optimisation model. All the different scenarios that were analysed in this research are shown 
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in Table 5.7. Forty simulation models were constructed. For the optimised structural solutions, 

36 simulation cases were computed in total to analyse all nine structural designs (D0-D8) whereas 

4 cases were analysed using the as-built structure. 

The main aim of the different scenarios is to investigate the impacts from the implementation of 

common environmental strategies that are related to the building structures. The main strategy 

includes the use of thermal mass which is commonly utilised by structural engineers in practice. 

In this specific case, this means that the concrete floor of the building is exposed to improve the 

energy performance of the building. Because the as-built design includes mechanical ventilation, 

further analysis was conducted to consider the performance of natural ventilation scenarios. This 

classification of the scenarios helps create a better understanding of the potential relationships 

between the services and the architectural systems with the structural components.  

Both the embodied and operational carbon emissions will be influenced when testing the different 

scenarios. Because the proposed model does not include the embodied carbon emissions from the 

services at this stage, the comparison between the numerical examples does not consider the 

differences in the embodied carbon emissions of the services between the natural and the 

mechanical ventilation options. On the other hand, in the options with the exposed floor structure 

the embodied carbons are recalculated using the revised material quantities.  

Table 5.7 Summary of the different scenarios tested organised by the structural system. 

Scenarios denoted with AB use the actual structural solution, whereas scenarios denoted with O 

use the 9 optimised structural solutions (D0-D8)) 

Scenarios 1 2 3 4 5 6 7 8 
Structural 
Solution 

AB AB AB AB O O O O 

Exposed Floor 
Structure 

- - ü ü - - ü ü 

Mechanical 
Ventilation 

ü - ü - ü - ü - 

Natural 
Ventilation 

- ü - ü - ü - ü 

Number of 
Simulations 

1 1 1 1 9 9 9 9 
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5.5. Results: Embodied and Operational Carbon  

5.5.1. Embodied Carbon 

The analysis in this chapter includes the initial embodied carbon emissions of the building. This 

means that the emissions associated with stage B5 would be zero. Whole lifecycle analysis is 

performed in Section 5.5.3 which considers carbon emissions from the maintenance or 

replacement of building materials. In this section, the carbon emissions of the building with the 

actual structural design are analysed first. The building emissions with the nine optimised designs 

are computed next followed by the analysis of the relationships between the building systems and 

the optimised designs.  

- Actual Design  

The analysis of the building’s embodied carbon using the actual structural system is presented in 

this section. The results show that the carbon emissions associated with the material stages (A1-

A3) appear to have the largest contribution in the lifecycle emissions of the buildings elements. A 

few examples of this behaviour are shown in Figure 5.9 for the external wall, the internal walls 

and the structure of the building.  

(a)

 

(b)
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(c) 

 

Figure 5.9 Distribution of carbon emissions in the (a) external walls, (b) internal walls, (c) 
structure of the actual design 

Furthermore, by analysing the entire building’s performance, it is also observed that the floors 

cover 78% of the total emissions (Figure 5.10). If the emissions from the structural columns are 

included in the previous figure the proportion of the structural system’s emissions exceeds 80% of 

the building’s emissions. This clearly shows that the building structure plays a significant role in 

the lifecycle performance of the building. The rest of the building elements (external walls, internal 

walls, windows) appear to cover very similar proportions of the building’s carbon emissions of less 

than 10%. The analysis includes only the superstructure of the building and thus no data were 

available for the foundations of the building.  

 

Figure 5.10 Distribution of carbon emissions in the building 
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- Optimised Structural Designs 

Having recognised the significance of the structure in the lifecycle carbon balance of the building 

considering the actual design solution more in depth carbon analysis of the optimised structural 

designs is performed. Figure 5.11 demonstrated an example of how the relevant carbon data can 

be organised at material level. The internal building floors (Figure 5.11 (a)) comprise 5 material 

types, including the structural slab and the architectural finishes. The structure includes the 

concrete and the reinforcement in the slab. The architectural finishes include the plasterboard and 

the paint for the floor ceiling, as well as the floor carpet. The results indicated that the structural 

elements cover approximately 90% of the embodied carbon emissions in the floor, when the 

architectural elements cover the remaining 10%. In all cases (optimised and actual designs), the 

concrete appeared to be the largest contributor in the floors embodied carbon. Similar observations 

could also be done about the columns (Figure 5.11 (b)). In that case, only three material types 

exist, which are mainly associated with the structural system (concrete and reinforcement). The 

embodied carbon of the concrete and the reinforcement take up almost 100% of the carbon 

emissions in the columns. A small proportion (less than 1%) is attributed to the paint. This 

enables different material products with improved carbon factors to be analysed if necessary. 

Additionally, this level of analysis is organised based on the different lifecycle stages. For example, 

the results presented in Figure 5.11 focused only on the production stages (A1-A3) which were 

more relevant for the carbon assessment of building materials. The BIM functionalities allowed 

various levels of embodied carbon analysis to be performed depending on project specific 

requirements.  

(a)

 

(b)

 

Figure 5.11 Embodied carbon results (Stages A1-A3) for the (a) floors and (b) columns  
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In Figure 5.12 (a), the total embodied carbon emissions of the entire structure were presented 

considering all the building elements and materials. At this level, design alternatives were 

evaluated and the assessment provided the most carbon efficient solution. In all the optimised 

cases, significant embodied carbon reductions against the actual design were obtained simply by 

improving the carbon performance of the structure. In the tested cases, the total embodied carbon 

of the building can be reduced by approximately 14-17% by optimising the structural system. 

These findings verified the significance of efficient structural designs in the building context. The 

analysis at this level could be used by structural engineers to quantify potential environmental 

savings at building level through the use of the optimisation procedure described previously 

(Chapter 4).  

(a) 

 

(b)

 

(c)

 

Figure 5.12 Embodied carbon results for (a) the entire structure, (b) the floors and (c) the 
columns 
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Despite the marginal differences between the optimised designs it appears that solutions D1 and 

D5 are the two most carbon efficient options. This suggests that the two designs not only satisfy 

the engineering and the project requirements but also have the ability to optimise the lifecycle 

carbon performance of the structure. Figure 5.12 (b) and (c) demonstrate how the lifecycle 

results are displayed for individual building elements. Figure 5.12 (b) shows the embodied carbon 

emissions for the floors across the different design options whereas Figure 5.12 (c) shows the 

similar results considering only the columns of the structure.  

The detailed relationships between the embodied carbon emissions of the floors and the columns 

are shown in Figure 5.13. When plotting the optimised designs along with the actual design, a 

clear trade-off relationship between the floor and the column emissions occurs. By reviewing 

Figure 5.13, two distinctive design strategies become evident. It appears that the columns’ 

emissions have been optimised in the actual design whereas in the optimised designs, the floor 

carbon appears to be optimum.  

Furthermore, more than 95% of the structure’s emissions lie within the floor of the actual design 

whereas in the optimised designs smaller ratios (by 7%-16%) of floor emissions were recorded 

(Figure 5.14). Because the structural floors cover a great proportion of the building carbon 

emissions, a good correlation between the solutions with the optimum structural floor and the 

overall structure exists. 

  

Figure 5.13 Floor and wall section detail Figure 5.14 Floor and columns carbon 
emission distribution in the structure 
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Figure 5.15 (a) confirms the previous findings showing that the use of the most carbon efficient 

structural design (D1) also minimises the carbon emissions of the building by a significant amount 

(11-13%). The total distribution of the carbon emissions is also modified in the optimised solutions 

to consider for the new column and floor designs. Specifically, the floors distribution is reduced 

from 78% to 67% on average, whilst the columns proportion of the total carbon emissions in the 

building increased from 3% in the actual design to 12% in the optimised designs on average 

(Figure 5.15 (b)). 

(a)

 

(b)

 

Figure 5.15 (a) Building level embodied carbon analysis (b) Distribution of emissions 

between the optimised designs (showing the average values with ranges) and the actual design 

- Building Relationships 

The selection of slab thickness can influence indirectly the embodied carbon emissions of other 

building elements. In this study, the influence on the external walls of the building is particularly 

interesting. Figure 5.16 shows a typical construction detail between the internal floors and the 

external walls. This wall type configuration is typical for many multi-storey buildings with 

reinforced concrete structure. The build-up details for the external walls is shown in Table 5.8. 

It can be seen that the two external layers of the wall (Layers 1 and 2) run across the entire 

façade’s height. Thus, by altering the thickness of the floor the total area of these two layers will 
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be changed. On the other hand, the remaining of the wall layers will not be affected by changes 

in the slab thickness assuming that the clear height of each floor stays the same.  

Table 5.8 External wall construction properties 

Layer (Exterior 
to Interior) 

Material  Thickness 
(mm) 

1 Bricks 102.5 
2 Air Cavity (Not included in the 

embodied carbon calculations) 
57.5 

3 Insulation 1 100 
4 Sheathing Board 12.5 
5 Insulation 2 90 
6 Plasterboard 30 
7 Paint 1 

  

Figure 5.16 Floor and wall section 
detail  

Figure 5.17 Embodied carbon impacts on 
external walls as computed within BIM 

The proposed BIM lifecycle model can easily recognise these changes in the material volumes and 

calculate possible relationships. Figure 5.17 shows an example of the relationships between the 

floor structure design and the lifecycle emissions of the external walls as tested for six different 

concrete slab thicknesses varying from 225mm to 350mm with 25mm increments. In each slab 

option, the BIM model was used to perform the necessary embodied carbon calculations. The 

analysis showed that a 5% difference in the lifecycle carbon emissions of the external walls might 

occur by changing the depth of the concrete in the slab and by assuming the same material 
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properties. Deeper slabs would consequently result in higher carbon emissions in the walls of the 

building. These outcomes provide insights about the indirect complementary benefits of the slab 

thickness optimisation at building level. 

Another design strategy that is often explored by engineering practitioners is the use of exposed 

floor structures to increase the benefits from thermal mass of the concrete. In this research, the 

model was tested by removing the plasterboard layer in the ceiling and the embodied carbon 

emissions were recalculated. Figure 5.18 show the results as computed for the entire building 

and the structure with and without exposed floors. Only a small reduction (1-2%) in the embodied 

carbon emissions was observed which is not considered significant. However, additional benefits 

from the use of the exposed floor structure during the use stage could be recognised. This analysis 

is presented in the subsequent sections.  

(a)

 

(b)

 

Figure 5.18 Structural level (a) and building level (b) relationships 

5.5.2. Operational Carbon 

In this section, the carbon emissions from the operational stage of the building are calculated. The 

calculations assume a use period of one year. The results from the energy calculations for the 8 

simulations scenarios are shown in Figure 5.19. The total energy figures include the heating, 

lighting, hot water and auxiliary energy loads for the entire building. The cooling load is zero as 

air conditioning was not included in the systems’ specification. The energy models for the 
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optimised designs (D1-D8) were similar as the thickness of the concrete floor is the same (250mm). 

On the other hand, design D0 used the energy model of the actual case as in both cases the slab 

thickness was 275mm. The results in scenarios 5 to 8 use the average values of the 9 optimised 

designs. The heating and the hot water loads cover a great proportion of the total energy loads 

(86%-89%) and the corresponding carbon emissions (72%-77%). This is typical for residential 

development projects of that scale with similar services specification.  

  

Figure 5.19 Building Energy use 

computations for the different scenarios 

Figure 5.20 Carbon emissions during the 

use stage of the building 

After calculating the energy breakdown for the different scenarios, the relevant carbon emissions 

are identified based on the corresponding gas and electricity CO2 conversion factors. The hot 

water and the heating use the gas factor whereas the lighting and auxiliary use the electricity 

factor. The final results for the carbon emissions are shown in Figure 5.20. Generally, the carbon 

emissions during the use phase are rather constant between the tested scenarios. Small variations 

were only recognised between the natural and mechanical ventilation scenarios.  

In all cases, the carbon emissions in the mechanical ventilation scenarios were approximately 2% 

lower than the equivalent natural ventilation scenarios regardless the thickness of the slab and 

the use of optimised structural designs. The additional embodied carbon emissions associated with 

the mechanical ventilation systems (pipe-and ductwork) are not calculated in the study and thus 

it is unclear whether a clear benefit from the use of the mechanical ventilation can be obtained. 

The inclusion of detailed data for the embodied carbon of the services could be a useful extension 

of the current mechanism. 
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5.5.3. Lifecycle Performance  

The overall carbon performance of the building is presented in this section considering the 

emissions from the embodied and operational phases. Firstly, the total carbon at the end of Year 

1 (project completion) is computed followed by the lifecycle carbon calculations of the building.  

- Total Carbon 

Figure 5.21 (a) shows the total carbon emissions for the 8 different scenarios of this research. 

For scenarios 5-8 with the optimised structural designs a total carbon reduction of 12-13% is 

observed against the designs when considering the average results of the nine optimised designs. 

Detailed results scenarios 5-8 are shown in Figure 5.21 (b). Design solution D1 helps achieve the 

most carbon efficient building design which shows a strong correlation between the optimum 

structural and building designs. On the other hand, designs D0 and D8 are the optimised solutions 

that result in the least carbon efficient building design. In design D0, the structural columns are 

the most carbon efficient, whereas in D8 the floor is the most carbon efficient amongst the 

optimised solutions. This suggests that solutions that balance the embodied carbon performance 

between the floors and columns appear to be more beneficial for the carbon performance at 

building level. 

(a)

 

(b)

 

Figure 5.21 Combined carbon emissions including the operational and embodied phases for 
(a) all scenarios with average results for optimised designs (b) disaggregated results for 

optimised designs 
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- Whole Life Building Analysis 

A whole life carbon assessment was performed in this section to investigate the performance of 

the building during its entire life span which is considered 60 years. Detailed replacement rates 

(maintenance intervals) for the different building components are given in Table 5.9. 

Table 5.9 Life expectancy of building materials  

Material Life expectancy (years) 
Sound block Lifetime 
Cavity Insulation Lifetime 
Brick Lifetime 
Insulation Lifetime 
Sheathing Board Lifetime 
Plasterboard  Lifetime 
Aluminium Doors/Windows 30 
Carpet 12 
Paint 10 
Concrete C40 (for walls and floors) Lifetime 
Concrete C50 (for columns)  Lifetime 
Steel Reinforcement Lifetime 

The lifecycle carbon computations for the different simulation scenarios using the actual and 

optimised designs are shown in Figure 5.22 (a) and (b).  

(a)

 

(b) 

 

Figure 5.22 Lifecycle carbon emissions (a) yearly distribution (b) end-of-life  
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In Figure 5.22 (a), the results with the actual structural designs are assessed against the best 

performing optimised design (D1). In scenarios 1, 2, 3 and 4 the carbon emissions at year 1 cover 

16%, 15%, 16% and 15% of the corresponding carbon emissions at year 60, whereas in the 

optimised design this figure reduces to 14% of the total emissions. The use of the optimised design 

(D1) at year 1 can reduce the total emissions of the building by approximately 14% compared to 

the actual design of scenario 3. However, the improvements that can be obtained from the use of 

the optimised structure gradually reduce and reach only 2% at year 60 as shown in Figure 5.22 

(a) which means that the embodied carbon emissions of the building play very little role in the 

total emissions of the building towards the end of its lifetime. Additionally, the embodied carbon 

emissions related to the replacement of building components such as doors/windows, paint or 

carpet have also very small impact in the whole life carbon emissions of the building. 

Furthermore, these findings suggest that even though the optimisation of the structural system 

was proven to be an effective way to reduce the embodied carbon of the whole building it still 

needs to be integrated with other environmental strategies at building level to ensure that these 

reductions are maintained over the buildings’ life time and to offer new comprehensive ways to 

assess the lifecycle performance buildings. This is because the carbon emissions during the 

operational stage of the building constantly increase over time.  

5.6. Summary  

The analysis of the consequential effects of optimised structural designs in buildings lifecycle 

carbon performance is often neglected in previous research. The chapter explored effective ways 

to integrate lifecycle carbon analyses at building and structural levels. A comprehensive BIM-

embdedded lifecycle carbon model was presented in this chapter offering a new approach in the 

design assessment of structural optimisation alternatives. Specifically, the proposed mechanism 

helps structural engineers to investigate the influence of optimised structural solutions in the 

lifecycle performance of buildings. The scope, the limitations and the inventory of the lifecycle 

assessment were established in this chapter.  

Even though this is a general method for the assessment of whole building lifecycle carbon 

emissions, in this research only a specific structural typology was tested: multi-storey buildings 

with reinforced concrete structures with flat slabs. This approach leveraged the optimisation 

findings from Chapter 4 on the same structural system. An extended version of the current 
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mechanism has been used on several occasions by Price & Myers sustainability consultants for 

evaluation and lifecycle optimisation purposes in actual project conditions. 

This chapter also tested and validated the developed lifecycle analysis method using findings from 

the optimisation model described in Chapter 4. The proposed assessment process offered new 

insights on how the articulation of structural optimisation models and the specification of building 

sustainability strategies could be enhanced in the future. The findings from the chapter suggest 

that the optimisation of building structures should be further reinforced and promoted in practice 

to support more carbon efficient buildings. 

Specifically, in the tested building scenarios, the results from this novel analysis exhibited that 

the structural system is responsible for the largest proportion of the building’s embodied carbon 

under the given assumptions (approximately 80%). Additionally, it was observed that additional 

improvements in the embodied carbon performance of other building systems such as the external 

walls could be achieved by using optimised structural designs. Overall, it was shown that the 

embodied carbon emissions of the building could be reduced by 11-13% only by implementing 

optimised structural designs. On the other hand, the operational carbon emissions of the tested 

building was not been affected by the use of different optimised structural designs. This is a 

significant finding as further reductions could be obtained by not only improving the design of 

the structure but also by optimising the material properties of the rest of the building systems. 

The investigation of alternative materials with reduced environmental emissions was not in the 

scope of the current research.  

Therefore, analysing the relationships between the structural systems and the buildings is 

important in search of truly optimum lifecycle performance mechanisms. Furthermore, the design 

teams should seek for advice from structural engineers during the early design stages as 

considerable carbon reductions could be obtained from the effective optimisation of the structural 

systems. However, it was shown that the structural design optimisation would still need to be 

combined with environmental strategies that effectively optimise the carbon emissions during the 

operational stage of the building.  

It is expected that the way structural engineers interact with the development and implementation 

of the sustainability strategies at building level could be significantly amplified in the future if the 

relationships between the lifecycle performance between the buildings and the structural systems 
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are effectively quantified and monitored. This chapter investigated how the use of BIM 

technologies could play a significant role in the design development and assessment of early 

structural design alternatives at building level as carbon analysis and optimisation could be 

successfully integrated. The proposed framework has showcased how this integration could be 

achieved in practical cases under realistic design constraints. The results from this chapter are 

combined with the findings from the previous chapters to complete the decision framework. The 

consequent chapter will assess the trade-off solutions generated from the optimisation analysis in 

Chapter 4, a Multi-Criteria Decision Making (MCDM) methodology and the decision ratings 

obtained in Chapter 3 to identify the most preferred design solutions. 
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6. DESIGN SYNTHESIS 

This chapter covers the last part of the research framework (Part 4) by exploring ways to 

consolidate expert knowledge with computational engineering analysis and systematic decision-

making processes to amplify the sustainability of building structures. To achieve this, the study 

developed a novel approach for the selection of optimised structural design solutions embedding 

engineering knowledge and engineering optimisation features. The proposed approach consolidated 

the group decision-making processes for the prioritisation of decision requirements, sustainable 

structural optimisation algorithms for the generation of cost and carbon efficient designs and 

MCDM techniques for the final assessment of the structural alternatives. Similarly to the previous 

chapters, BIM functionalities were also implemented here to facilitate the proposed method. The 

approach built on the literature review findings (Chapter 2) that suggested that BIM technologies 

could play a pivotal role in the integration of structural optimisation, decision-making and 

sustainability assessments in the future.  

A numerical application of the decision framework was also investigated to select optimised design 

alternatives based on multiple decision scenarios. The proposed framework offered a general 

methodology that could be used for the analysis of any building configuration. In this chapter, 

CS2 was selected for further testing. This is because its aspect ratio of 1:1 will minimise any 

influences from the building form in the results. For the analysis with Technique for Order of 

Preference by Similarity to Ideal Solution (TOPSIS) two main data sets are required. The first 

one involved the decision criteria and their corresponding weights necessary for the decision 

assessment, whilst the second one included the different structural design alternatives obtained 

from the structural optimisation procedure including their associated lifecycle carbon data at 

building level.  

6.1. Introduction 

In the construction industry, sustainability assessments for the structural optimisation of building 

structures are increasingly popular (Pons & Aguado, 2012; Takano, et al., 2015; Abeysundara, et 

al., 2009), but the existing methods of life cycle sustainability, MCDM and optimisation techniques 

in the context of building structures would need to be further developed and integrated (RILEM 

TC 172-EDM/CIB TG 22, 1999). Most of the decisions that could impact the environmental 

performance of buildings are often made during the early design stages (Russell-Smith, et al., 
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2015), but decision-making practices during these stages tend to be unsystematic and often lack 

clear environmental vision and context (Mao, et al., 2013). 

Efficient decision-making and optimisation approaches during design, construction and operation 

phases that reduce the lifecycle environmental impacts and enhance the overall sustainability of 

buildings materials and systems are still necessary (Russell-Smith, et al., 2015). With regards to 

the lifecycle impacts, Embodied Carbon and Embodied Energy appear very often in the 

sustainable decision-making assessments of whole buildings (Ding, 2005; Pearce, et al., 1995; Chen, 

et al., 2010), building structural systems (Hossaini, et al., 2014; Lopez-Mesa, et al., 2009; Pons & 

de la Fuente, 2013; Balali, et al., 2014; Reza, et al., 2011), building materials (Bakhoum & Brown, 

2012; Akadiri & Olomolaiye, 2012; Takano, et al., 2014; Baharetha, et al., 2012; Abeysundara, et 

al., 2009), building envelope (Singhaputtangkul, et al., 2014; Iwaro, et al., 2014)  and civil 

structures (Kim, et al., 2013).  

In spite the recent developments and efforts to consolidate sustainable decision-making in building 

structures additional work is still required to increase their efficiency and adoption within real 

optimisation procedures. This is because in multi-objective structural optimisation problems, 

which are most of the problems in building structures, considering the preferences of the decision-

makers is often neglected (Thiele, et al., 2009) as it is difficult to embed engineering knowledge 

and stakeholders’ preferences (Babbar-Sebens, et al., 2015). Integrated frameworks that take into 

consideration stakeholder preferences and subjective knowledge could not only improve the quality 

and efficiency of the decision process but also enrich the human-computer interaction (Babbar-

Sebens, et al., 2015). In building related structural problems, computer models could be used to 

search for good performing design solutions, whilst the engineers would be responsible for the final 

evaluation of the design space before reaching to the final solution. Chaudhuri & Deb (2010) and 

Pantelic et al. (2012) have investigated these concepts to support existing multi-objective 

optimisation techniques.  

Based on the time the engineering knowledge is introduced into the optimisation procedure, three 

integration schemes have been identified in the literature: 1) A priori, 2) A posteriori and 3) 

Interactive (Thiele, et al., 2009). In a priori methods the decision makers articulate their 

preferences before the solutions are developed (Thiele, et al., 2009). The main drawback of these 

approaches is the lack of comprehensive understanding of the problem’s formulation. In a 
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posteriori methods decision makers unveil their preferences after the completion of the 

optimisation computations (Thiele, et al., 2009).  

The a posteriori methods can be very effective but they can also be computationally expensive 

when dealing with problems with more than tree objectives (Jaszkiewicz & Branke, 2008). Finally, 

in interactive methods decision makers are actively involved in the optimisation process by 

evaluating alternatives that are generated by the algorithm in in real-time (Thiele, et al., 2009). 

This approach gradually directs the search towards design solutions that the decision-makers 

prefer. In building structures where the design optimisation problems are often limited to two or 

three objective functions the applications of interactive methods are limited.  

On the other hand, a posteriori approaches have begun to attract attention amongst researchers 

due to their great potential in the analysis of trade-off solutions. A recent study by Yepes et al. 

(2015) suggested an a posteriori methodology that combines both qualitative and quantitative 

knowledge in the formulation of reinforced concrete I-beam structure’s cost, carbon and 

serviceability optimisation problem to effectively filter the Pareto front solutions.  

The proposed decision-making model this research put forward was also based on the principles 

of a posteriori assessment. The reason for this selection, was mainly related to the practicality of 

the model. Interactive methods have not matured yet in the construction industry so their 

robustness is often uncertain. However, such techniques could be become more common in the 

future, thus their potential applicability in the contxt of the research is reviewed in Chapter 7 as 

part of the recommendations for further work.  

Most of building structural optimisation approaches could be formulated with 2 or 3 objective 

functions. This means that the a posteriori methods are still effective in evaluating solutions 

generated from the entire Pareto front without significant computational restrictions. In this 

research, TOPSIS algorithms were utilised to perform the final evaluation of the optimised 

solutions. The selection of TOPSIS was based on its ability to effectively solve MCDM 

sustainability problems as described in previous sections of the literature (2.4).  
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6.2. Method: Selecting Optimised and Preferred Designs 

6.2.1. Decision Procedure  

Figure 6.1 outlined the detailed strategy for the selection of optimised sustainable structural 

designs, embedding engineering domain knowledge. The proposed design selection approach was 

implemented in this chapter and comprised five distinctive phases:  

(1) Define and compute decision criteria using a QFD model with evidential reasoning as 

shown in Chapters 3,  

(2) Establish structural multi-objective optimisation using constructability constraints as 

demonstrated in Chapter 4,  

(3) Generate optimised structural designs using detailed cost and carbon objective functions 

within an NSGA-II algorithm as presented in Chapter 4,  

(4) Evaluate the building lifecycle carbon performance of selected structurally optimised 

solutions from Phase 3 using LCA as described in Chapter 5. 

(5) Rank optimised solutions from Phase 3 using TOPSIS algorithms and the decision 

priorities computed at Phase 1, whilst considering the analysis from Phase (4). 

 

Figure 6.1 Flow diagram of the proposed decision framework 
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The outputs from this systematic decision workflow include structural design solutions that are 

not only optimised in terms of cost and embodied carbon but also informed with engineering 

expert knowledge. In this chapter, the detailed description of the TOPSIS functions was presented.  

6.2.2. BIM Functionalities  

Figure 6.2 summarises the BIM functions that were integrated in the four stages of the decision 

framework. During Phase 1, a BIM-based application was developed for the collection of data 

necessary for the QFD model. The application combines linguistic (descriptive) and numerical 

data types for the specification of project and design requirements. Data are collected directly 

from project team members who add their preferences via a custom user interface. At Phase 2 

and Phase 3, a BIM-based optimisation model with NSGA-II algorithm was developed. The 

algorithm read geometric information data from the BIM structural model to initiate the 

optimisation procedure. Furthermore, during Phase 4, a BIM-based LCA application was 

established ensuring a real-time assessment of the lifecycle carbon performance of buildings 

structures by implementing a detailed lifecycle inventory of embodied carbon data and dynamic 

energy simulations. 

 

Figure 6.2 Integrated BIM functionalities  

Finally, at Phase 5 a simplified visualisation component effectively uses the optimised solutions 

rankings that were computed in TOPSIS to display the results within BIM. A comprehensive 
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visualisation interface falls outside the scope of the current research but a few suggestions for 

future work are specified in Chapter 8. All the applications in the study were developed using C# 

and involved the API of Autodesk Revit 2016, whilst the structural analysis at Phases 2 and 3 

involved the API of RSA 2016.  

At this stage of the research, the main purpose of the applications was to enrich existing decision 

and design procedures within Price & Myers. Preliminary testing on the BIM components was 

performed from June to August 2017 and feedback from participants regarding usability and 

functionalities were considered were possible. However, to ensure full deployment of the 

applications in a commercial setting, additional development would be necessary. This could be 

achieved as part of a pilot project or further research.  

6.2.3. TOPSIS Computations 

An a posteriori framework is developed in this research to evaluate optimised design alternatives 

obtained from multi-objective optimisation problems with conflicting objective functions. The 

selection of a decision-making method requires both understanding of the techniques limitations 

as well as knowledge of the problems requirements (Cinelli, et al., 2014). Comprehensive literature 

reviews on MCDM methods and applications can be found in (Kabir, et al., 2014; Kahraman, et 

al., 2015; Arroyo, et al., 2012). In this study, the solutions that are generated from the structural 

optimisation are assessed using TOPSIS which is considered a mature and robust MDCM method.  

TOPSIS which was originally proposed by Hwang and Yoon, is of great use for solving multiple 

criteria decision making problems by ranking the possible alternatives through measuring 

Euclidean distances. Its fundamental concept is that the selected alternative should simultaneously 

have the shortest distance from the positive ideal solution and the longest distance from the 

negative ideal solution. The positive ideal solution is the solution that maximises the benefit 

criteria and minimises the cost criteria (best values from the decision criteria), whereas the 

negative ideal solution is the solution that minimises the benefit criteria and maximises the cost 

criteria (worst values from the decision criteria) (Wang, et al., 2016).  

Given a set of structural design alternatives ! = !#, % = 1, … ,(  and a set of design criteria ) =

)*, + = 1, … , ,  the information function - = !, ), ., /  is represented in Table 6.1 where . =

.#*, % = 1, … ,(; 	+ = 1, … , ,  represents the performance ratings relating Ai with Cj, and / = /*,

+ = 1… , ,  the set of weights (Akbas & Bilgen, 2017).  
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Table 6.1 Information summary for TOPSIS 

Z z1 z2 … zp 
Designs C1 C2 … CP 
A1 x11 x12 … x1p 
A2 x21 x22 … x2p 
. . . . . 
. . . . . 
. . . . . 
Am xm1 xm2 … xmp 

The implementation of TOPSIS in the study was adapted from (Hwang & Yoon, 1981; Pang, et 

al., 2011) and is described as follows: 

Step 1. Construct the decision matrix 

2#* = 3#* 45
 (6.1) 

Step 2. Normalise the decision matrix using equation: 

6#* 3 = 	
3#*

3#*
74

#89

; % = 1, … ,(; + = 1, … , , (6.2) 

where 6#* 3  is the coefficient of the normalised matrix. 

Step 3. Build the weighted normalised matrix 

:#* 3 = 	 ;* ∗ 	6#* 3 ; % = 1, … ,(; + = 1, … , , (6.3) 

As discussed previously, the set of importance weights of zj are established in the QFD model so 

as ;* = 15
*89  

Step 4. Identify the ideal positive and negative solutions values. The positive ideal solution is 

obtained from: 

=> = 	
max
% :#*(3)|+ ∈ F , min

%
:#*(3)|+ ∈ F′ 		 |% = 1,2, … , , = :9

>(3), :7
>(3), … , :5

>(3) , (6.4) 

and the negative ideal solution from: 

=K = 	 min
%
:#*(3)|+ ∈ F ,

max
% :#*(3)|+ ∈ F′ 		 |% = 1,2, … , , = :9

K(3), :7
K(3), … , :5

K(3) (6.5) 

where J is associated with the positive criteria, and J’ with the negative criteria. 
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Step 5. Calculate the Euclidean distances between each design alternative and the positive and 

negative ideal solutions: 

L#
> = 	 (:#*(3) − :*

>(3))7
5

*89
, % = 1, 2, … ,( 

(6.6) 

L#
K = 	 (:#*(3) − :*

K(3))7
5

*89
, % = 1, 2, … ,( 

(6.7) 

Step 6. Calculate the closeness coefficient based on the ranking order of the design alternatives 

from: 

)#
> = 	L#

>

L#
> + L#

K 	0 ≤ )#
> ≤ 1, % = 1, 2, … ,( (6.8) 

Step 7: Rank the design alternatives based on how close they are from the ideal positive solution 

and how far they are from the ideal negative solution. Final recommendations are based on the 

maximum ratio of )#>. 

6.3. Method: Numerical Example 

The same case study that was used for the computation of the buildings’ lifecycle performance 

(Chapter 5) was chosen to evaluate the numerical decision analysis in this section. The decision 

criteria identified in Chapter 3 were used as the design criteria in the decision model.  

6.3.1. Case Study 

Detailed description of the case study was provided in Chapter 4.6.1. The structural analysis of 

the building was conducted using RSA FE Analysis based on EC2 (Figure 6.3(a)). It is assumed 

that the building’s lateral stability is provided by the RC core system. Slab deflections were 

critical in the design of the buildings. The FE model was used to calculate the deflection maps 

based on the project load cases, material specifications and geometric conditions. Furthermore, 

the specification of the reinforcement schedules is also essential for the slab design as it can 

influence the constructability, cost and total weight of the structure. Thus, the estimation of the 

reinforcement in the slab was performed using the FE model to identify the required and provided 

bar reinforcement schedules and layouts. Figures Figure 6.3 (b-e) provide detailed required 

reinforcement maps for both top and bottom bars in both directions as obtained from the FE 

model for the typical floor layout. These maps were analysed in conjunction with the deflection 



 

183 

maps by the project engineers to assess the performance of the structure and specify the slabs and 

columns design parameters.  

(a) 

 

(b)  (c)  

(d)  (e)  

Figure 6.3 (a) FE Analysis Model, (b) and (c) Bottom reinforcement map shown in 
mm2/m, (d) and (e) Top reinforcement map shown in mm2/m, 
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6.3.2. Decision Criteria 

The experiments conducted and analysed in Chapter 3 are used to define the decision criteria and 

their weighting factors which are necessary for the analysis in TOPSIS. Specifically, the QFD 

framework was used to translate project specific requirements into engineering design requirements 

and prioritise the latter based on expert preferences. The domain of the QFD study is similar to 

the domain of the CS2 case which involves an RC structure. This relationship enables the direct 

utilisation of the findings from the participatory QFD model within the TOPSIS computations 

without major loss of generality. This is significant as the project requirements for the structural 

systems were primarily qualitative criteria related to cost and time efficiency (Table 6.2).  

Table 6.2 Perceived project requirement priorities 

  Normalised importance ratings 
PR1 Construction Speed 0.145-0.195 
PR2 Buildability 0.158-0.203 
PR3 Expertise 0.123-0.160 
PR4 Design Integration 0.165-0.193 
PR5 Quality 0.122-0.148 
PR6 Design Standardisation 0.177-0.223 

The QFD model was used to convert the qualitative project parameters into engineering 

quantitative parameters that can be associated with actual structural design alternatives. Table 

6.3 summarises the decision criteria and their corresponding ratings that are used in the TOPSIS 

computations as obtained from the numerical assessment of stakeholders’ preferences. It is 

observed that all the decision criteria are design parameters that are quantifiable directly from 

the structural system FE analysis.  

Table 6.3 Decision criteria rankings 

  Normalised Importance Ratings 
DR1 Column number 0.17-0.27 
DR2 Slab thickness 0.16-0.25 
DR3 Slab reinforcement 0.11-0.19 
DR4 Structural weight 0.15-0.24 
DR5 Reinforcement spacing 0.03-0.04 
DR6 Reinforcement bars 0.03-0.04 
DR7 Column sizes 0.13-0.21 
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Furthermore, it is assumed that the importance weights for each of the decision criterion in CS2 

falls within the ranges described in Table 6.2. However, because the decision criteria are given 

in ranges and not crisp numbers detailed sensitivity analysis is performed to account for these 

uncertainties. Additionally, it is expected that similar uncertainties will occur in most of real 

projects as design teams often are not entirely confident about their perceived preferences.  

6.3.3. Design Optimisation 

The structural alternatives for the design selection in TOPSIS are identified from the optimisation 

model presented in Chapters 5 and 6 for the structural system parameters shown in Figure 6.4. 

Generally, small trade-offs between the cost and the embodied carbon performance of the entire 

structure were identified. 

 

Figure 6.4 Functional units of the structural optimisation 

6.4. Resuts: Practical Application 

The TOPSIS model was tested in this chapter focusing on the cost and carbon trade-offs between 

different structural components. Solutions 0 to 8 in the Pareto front from Figure 5.6 (pg 153) 

were used in the TOPSIS model. The data and design specifications from those designs were 

obtained directly from Table 5.2. The required design parameters for the analysis in TOPSIS 

include the column grid, slab thickness, slab reinforcement, weight of the structure, reinforcement 

spacing, reinforcement bars and column sizes.  
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6.4.1. Decision Assumptions 

Before initiating the computations with TOPSIS, the design targets for the selection of the 

structure were identified. Various scenarios were considered in this chapter and their 

corresponding decision criteria assumptions are summarised in Table 6.4.  

Table 6.4 Assumptions for the decision scenarios tested in the research  

Scenario DR1 DR2 DR3 DR4 DR5 DR6 DR7 
1 max min min min min min min 
2 min max max min min min max 
3 max min min min min min max 
4 min min min min min min min 

In Scenario 1, it was assumed that the main priority for the project is to use the structural as 

efficiently as possible, which would result in the reduction of embodied carbon emissions and 

potentially costs. In the context of the decision criteria specified in Section 6.3.2, this means 

that DR2-DR7 would need to be minimised, whilst DR1 would need to be maximised. These 

assumptions also outline how the benefit and the cost criteria for the specification of the positive 

and negative ideal solutions in the TOPSIS model could be identified. The rationale behind these 

decisions is that denser structural grids reduce the spans and generally make the whole structure 

more efficient as observed in previous sections. In addition to the sustainability scenario (Scenario 

1), the TOPSIS model was also analysed under various decision scenarios depending on other 

project relevant circumstances. For example, if unobstructed spaces are required in the building, 

this could suggest that the number of structural columns would need to be reduced to allow for 

large open plan layouts. Regarding the decision criteria in this scenario (Scenario 2), DR1 would 

need to be minimise, whilst DR2, DR3 and DR7 would need to be maximised to account for the 

larger spans in the structure. Furthermore, Scenario 3 focused specifically on the design of the 

structural floor. To increase the structural efficiency of the slab both the number of the columns 

(DR1) as well as their area (DR7) would need to maximised. The rest of the design requirements 

are minimised. Finally, scenario 4, attempted to find the leanest structural design and thus all the 

design parameters were minimised. The list of decision scenarios shown in Table 6.4 is not 

exhaustive but it considers the typical scenarios structural engineers have to consider in real 

projects. It is expected that the decision model could effectively address the different criteria in 

each scenario and the resulting solutions would be differentated in each case. 
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6.4.2. Sensitivity Analysis 

Before, analysing the decision scenarios in detail, the TOPSIS model was calibrated. For all the 

decision scenarios, design data for the selected optimised structural alternatives were obtained 

directly from Table 5.2, which correspond to the DR in Table 6.3. Because the DR importance 

weights from Table 6.3 are interval numbers, sensitivity analysis (Pearson) was conducted to 

investigate how these weights affect the final ranking of the design solutions in TOPSIS. Firstly, 

from the weight ranges in the DR table all the possible combinations were computed so that the 

sum of all seven weights is 1, Q# = 1, % = 1, … ,7 using 0.01 increments in all cases.  

The ranges for the seven weights in Table 6.3 were used to define the lower and upper boundaries 

in the sensitivity analysis. In total, 21,449 weight combinations were computed using a Python 

script. For the obtained combinations of DR weights the TOPSIS model was executed using a 

VBA macro and the results were obtained. The process was repeated for all the decision scenarios 

highlighted in Table 6.4.  

For Scenario 1, the correlation analysis between the DR weights and the closeness coefficients of 

the design solutions indicated that DR2 - Slab thickness, DR3 - Slab Reinforcement and DR4 – 

Weight of the structure have the biggest impact on the rankings of all the designs and less the 

column sizes – DR7. The rest of the design requirements appeared to have a very small influence 

on the final rankings as shown in Table 6.5. In scenario 2, the results are significantly different 

compared to Scenario 1. The number of columns (DR1) and the overall structural weight (DR4) 

appeared to be the most important parameters in the closeness coefficient results. On the other 

hand, the closeness coefficient in this simulation scenario appear to be unrelated to the rest of the 

DR.  

In Scerario 3, the most important parameters are the thickness (DR2) and the reinforcement rates 

(DR3) for the slabs and the total weight of the structure (DR4). In the last scenario (Scenario 4), 

the sensitivity analysis showed that four design requirements could influence the closeness 

coefficient calculations. Similarly to the other scenarios, the overall structural weight (DR4) is an 

important parameter. Additionally, the number of columns (DR1), the slab thickness (DR2) and 

the slab reinforcemnt (DR3) are also important. Detailed results for the sensitivity analysis of 

Scenarios 2 to 4 are summarised in Appendix D.  
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Table 6.5 Correlation between design parameters importance weights and final rankings of the 
different designs for Scenario 1 

 W1 W2 W3 W4 W5 W6 W7 

D0 -0.011 -0.331 0.526 -0.685 0.002 0.035 0.597 
D1 -0.011 0.228 -0.942 0.466 0.000 -0.062 0.203 
D2 -0.021 0.470 -0.902 0.401 -0.001 -0.089 -0.014 
D3 -0.035 0.518 -0.863 0.410 -0.003 -0.121 -0.092 
D4 -0.018 0.561 -0.806 0.425 0.000 -0.021 -0.253 
D5 0.003 0.609 -0.721 0.389 -0.006 -0.213 -0.337 

D6 0.051 0.783 -0.042 -0.098 -0.002 -0.025 -0.767 
D7 0.036 0.580 0.461 -0.389 -0.002 -0.008 -0.712 
D8 0.033 0.488 0.594 -0.562 -0.001 0.004 -0.552 

Reviewing the sensitivity analysis results from all the scenarios, a great variability in the design 

parameters that influence the TOPSIS closeness coefficients was observed. This provides a good 

evidance about the importance of the specific decision characteristics before evaluating the set of 

the optimised designs. Overall, it is expected that the different scenarios would yield different 

results. However, the most consistent parameter across the scenarios appeared to be the weight 

of the structure. This finding is sensible as the structural weight provides a good indication about 

the overall efficiency of the structure including the slabs and the columns. In addition, for the 

TOPSIS computations the average values for the seven weights were computed from all the 21,449 

weight combinations. The results for the mean values and the corresponding standard deviations 

are shown in Table 6.6.  

Table 6.6 DR weight assessment 

 w1 w2 w3 w4 w5 w6 w7 
Mean 0.217 0.203 0.148 0.193 0.035 0.035 0.168 
s 0.030 0.027 0.025 0.027 0.005 0.005 0.025 

6.4.3. TOPSIS Computations 

TOPSIS calculations were performed for the nine designs using the mean weights in equations 

(6.3)-(6.7). The calculations included the distances from the ideal positive and negative solutions, 

the relative closeness coefficient and the final rankings. Figure 6.5 shows the closeness coefficient 
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results as obtained from the TOPSIS computations using the mean weights for all the tested 

decision scenarios as well as their available ranges.  

 

Figure 6.5 TOPSIS computation results for all four scenarios showing the closeness coefficient 

for the mean weights and their corresponding ranges 

The obtained results for Scenario 1 are summarised in Table 6.7.  

Table 6.7 TOPSIS results matrix for mean DR weights – Scenario 1 

 d+ d- C+ Rank 
D0 0.125 0.129 0.5071 8 
D1 0.090 0.145 0.6169 2 
D2 0.088 0.118 0.5721 6 
D3 0.081 0.119 0.5967 4 
D4 0.076 0.120 0.6113 3 
D5 0.070 0.124 0.6399 1 
D6 0.078 0.115 0.5955 5 
D7 0.092 0.111 0.5456 7 
D8 0.135 0.105 0.4379 9 

For the tested weight scenario, design solution D5 achieves the best ranking (Rank=1) in the 

analysis whereas designs D1 and D4 follow with the second (Rank=2) and third (Rank=3) ratings 
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respectively. On the other hand, solutions D0 and D8 are amongst the least preferred solutions. 

Furthremore, in Scenario 2 (Table D.4) the most preferred design is D1 whereas, designs D8 and 

D9 received the highest rankings, which means are the least preferred solutions from the set of the 

optimised designs. The results for Scenario and 3 and 4 are shown in Table D.5 and Table D.6 

respectively. In Scenario 3, D6 received the best ranking when D0 received the best ranking in 

Scenario 4. 

Even though the TOPSIS results suggested that there is a clear preference towards a single 

alternative in all the tested scenarios, the use of the ranking ratings might not always be the most 

appropriate way to specify the relationships between solutions. This is because the ranks cannot 

completely capture potential small differences in the closeness coefficients. For example, in 

Scenario 3 where the most preferred solution has a closeness coefficient of 0.6540 and the second 

most preferred solution has a closeness coefficient of 0.6535 the first one would get a higher rating. 

In reality, the differences between the two designs might be very small to justify the one rank 

difference. This is particurarly important when the structural engineers further evaluate the final 

preferred designs and for that reason an objective technique to present the TOPSIS results is 

necessary.  

The most suitable way to present the TOPSIS results and to ensure that the differences between 

the various design solutions are effectively described and reported, is to use the closeness coefficient 

or a measure of the ratings’ occurrence. In both instances, the ranking ratings and the closeness 

coefficients for all the possible weighting scenarios would be necessary. In this case, all these 

different simulations were computed for the sensitivity analysis which was described in the 

previous section. Figures Figure 6.6 show how the discrepancies between the ranking system and 

the closeness coefficients could yield significantly different ranking results with small variances in 

the closeness coefficients. Two examples are presented. In Figure 6.6 (a) the ranking ratings can 

vary considerably whereas in Figure 6.6 (b) more consistent behaviour of the ranking rating 

exists. Specifying a comprehensive rating map like the one shown in Figure 6.7 could help 

mitigate the aforementioned risks by recognising the occurrence frequency of each rating in the 

entire simulation space.  
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(a) 

 

(b) 

 

Figure 6.6 Discrepancies between ranking ratings (solid line) and closeness coefficients (dotted 

line) for all the computed iterations (a) showing significant variances in the rankings (b) moderate 

or small variances in the rankings. 

 

Figure 6.7 Rating occurrence in the simulated scenarios (s0 =1.52, s1 =1.79, s2 =1.00, s3 

=0.689, s4 =0.533, s5 =0.450, s6 =1.55, s7 =1.32, s8 =0.33) 

The previous results are hard to compare directly due the large variations in the final preferred 

designs. However, one useful observation could be made. In all instances D8 which was the most 

carbon efficient and the more expensive design amongst the optimised designs was consistenly 

towards the end of the preferrence ranking.  
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6.5. Lessons Learnt: Decision-based Optimisation 

The strength and novelty of the proposed decision model lies in its ability to recognise optimised 

designs based on different decision scenarios. Figure 6.8 demonstrates the variability of the most 

preferred layout configurations as obtained from the TOPSIS computations in the tested building 

case. These findings verify the initial hypothesis, that no single optimisation design could fit in 

every scenario. Thus, only performing the structural optimisation, would not be sufficient for an 

effective decision-making. Overall, it is shown, that the current framework can effectively analyse 

the underlying complexities associated with the evaluation of structural optimisation designs using 

a systematic decision procedure. In the subsequent section, a detailed assessment of the preferred 

solutions against the actual designs is performed.  

Decision Scenario 1 – D5  

 

Decision Scenario 2 – D1 

 

Decision Scenario 3 – D6 

 

Decision Scenario 4 – D0 

 

Figure 6.8 Layout configurations for the selected designs from each of the decision scenarios 
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It can be concluded from the results that designs D0, D1, D5 and D6 are amongst the most suitable 

designs for the building under investigation. All the selected designs substantially improve the 

lifecycle carbon performance of the building and the structure, whilst they imrove the cost 

efficiency of the structure. The results for the selected designs against the actual design are 

summarised in Figure 6.9 using the data computed in the previous chapters (Chapter 4 and 

Chapter 5). These findings suggest that the selected designs in all the tested decision scenarios 

could improve the cost, carbon and material efficiency of the building and the structure.  

(a)

 

(b)

 

(c) 

 

Figure 6.9 Results analysis for the selected design configurations against the actual design 
(a) Building total carbon emissions, (b) Structure total carbon emissions, (c) Structure total 

carbon emissions 
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Regarding the lifecycle carbon performance of the building overall savings of 11-13% against the 

actual design could be obtained only through design interventions in the structure. This is a 

significant percentage of improvement considering the amount of other enhancements that could 

be investigated in the rest of the building’s systems (insulation, ventilation, heating, lighting, etc.) 

in addition to the design optimisation of the structure.  

For the lifecycle carbon peformance of the structure, savings between 15-17% in the selected 

designs were achievable compared to the actual design. The design optimisation model (Chapter 

4) can effectively improve the embodied carbon efficiency of the structure. Even higher savings 

could be realised in the embodied carbon performance of the slabs, where savings between 21% 

and 27% could be obtained. However, these savings in the slabs are compromised by the increased 

emissions from the columns against the actual design and thus the total savings in the structure 

are less than 21%. In some cases, the columns carbon was increased by more than 50% when 

compared to the actual design. These results are justifiable as the optimisation model’s design 

principle was to improve the structural grid by increasing the number of columns. Denser column 

grids made the structural floors more efficient with a penalty in the columns material quantities. 

The details of the optimisation model’s functionalites were described in detail in the the relevant 

chapter (Chapter 4).  

A similar behaviour with the carbon results in the structure, can be recognised in the analysis of 

the structural cost performance of the selected designs. Total cost savings of approximately 10-

11% were identified. As in the case of the embodied carbon, the slab costs could be reduced 20-

25% whereas the columns cost was significantly increased. In some cases, the cost of the columns 

in the optimised design was 3 times the costs of the columns in the actual design.  

Overall, it was observed that the proposed optimisation and decision frameworks can effectively 

recognise the diversity of the different design configurations and compute the variances between 

the cost and carbon optimum design elements. Additionally, it was recognised that the proposed 

framework managed to identify design alternatives that consist a good trade-off between the cost 

and embodied carbon performance, whist satisfying the preferences of the decision-makers for the 

given building conditions or decision scenarios. 
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6.5.1. Decision Scenario 1 

The cheapest solution amongst the selected designs (D0) has received the highest TOPSIS ranking, 

which means that it is the least preferred design based on the decision criteria of this study. A 

similar behaviour is also observed when considering the cost of the slabs. D8 is the most cost 

efficient slab design but it received the second highest ranking rating.  

These observations are quite surprising as cost is normally one of the main drivers in the selection 

of a structural system. However, this might suggest that the assessment of optimised designs based 

merely on economic criteria may not always be the most suitable one from an engineering or 

project perspective. The design characteristics of designs D0 and D8 are significantly different. The 

design configuration of D0 has large spans, thick slabs and slender columns whereas D8 has the 

densest grid, thinner slabs and large columns. These design elements suggest that D0 has the 

cheapest and most carbon efficient column configuration, whereas design D8 appears to have the 

most carbon efficient slab configuration amongst the selected nine designs.  

On the other hand, the designs that received the top three ranks in TOPSIS analysis (D5, D1, D4) 

are amongst the most carbon efficient solutions without significantly increasing their 

corresponding cost performance (<2%) against the cost optimum design (D0). This suggests that 

solutions that are optimised for their embodied carbon are not necessarily that much more 

expensive from the cost optimum alternatives.  

Between the top three performing designs, D5 has the densest column grid (16 columns against 

the 14 columns of D1 and D4) which is also the most symmetric configuration using a {6m, 5m, 

5m, 6m} layout on both directions. The column configuration appears to be the design parameter 

that drives the final selection as the rest of the design parameters are comparable such as the slab 

thickness and the total weight of the structure.  

6.5.2. Decision Scenario 2 

Designs D5, D6, D7, D8 all of which have 16 columns received the highest TOPSIS ranking, which 

means that are the least preferred solutions. These results are completely reasonable as the initial 

scope of the decision scenario was to enable unobstructed internal spaces. As expected the model, 

shows a preference towards the solutions with the least number of columns.  
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Furthermore, the sensitivity analysis highlighted that in this scenario the number of columns and 

the total weight of the structure are the main parameters that influence the TOPSIS results. 

Analysing the results for the top two solutions (D0 and D1), their corresponding closeness 

coefficients are very close to each other (0.5960 for D0 and 0.5998 for D1). Even though D1 has 14 

columns compared to the 12 columns of D0, the reason why D1’s score was slightlty higher that 

D2’s is probably because of its structural weight. The overall structural weight in D1 is 

approximately 7% smaller than the weight of D0. 

Interestingly enough, this decision scenario returned the design with the least embodied carbon 

for the structure from the selected optimised designs. D1 has 17% less embodied carbon than the 

actual design. On the other hand, solution D0 is the solution that minimises the overall cost of the 

structure, even though it has the highest slab cost among the optimised desings.  

6.5.3. Decision Scenario 3 

In this scenario, D6 is the most preferred configuration that was generated by the TOPSIS 

computatation to optimise the efficiency of the structural floor based on the specified design 

requirements. In fact, the results from Figure 6.9 verify these findings as solution D6 has the best 

embodied carbon and cost performance for the slabs. In this scenario, D5 is the second most 

preferred configuration by a very small margin. As mentioned previously, these small differences 

in the closeness coefficients of different configurations could suggest that the designs are in fact 

very similar. In this case, by reviewing the design charactersitics in Table 6.5 for each 

configuration it can be seen that the two designs are very similar in terms of the slab thickness, 

the number of columns, the reinforcement rates and the total weight. Noticeable differences appear 

in the column grids and the column sizes. In reality, the structural engineers would evaluate the 

design characteristics for the solutions that are very close to each other and make the final 

selection based on their experience and specific project context.  

6.5.4. Decision Scenario 4 

This scenario clearly recognised the necessity for multi-criteria decision models in the assessment 

of optimised configurations based on conflicting design parameters. The sensitivity analysis 

highlighted that the results in this decision analysis are sensitive to a large number of parameters 

(5 of 7), thus it was expected that the final selection would be ambiguous. However, in this 

scenario there was a clear winner.  
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Design D0 with the longest spans on both directions but the thickest slab (275mm) received the 

best ranking (Rank 1). The selected design had the smallest reinforcement rate in the slab with 

93kg/m3 but it’s total structural weight was the highest among the other optimised solutions. 

Furthermore, the selected configuration resulted in the cheapest option for the structure and the 

columns, whilst it also achieved the most carbon efficient column configuration. On the other 

hand, its slab embodied carbon was the highest compared to the rest of the designs.  

6.5.5. Decision Scenarios Considering Actual Design  

In this section, the TOPSIS analysis described in the previous section was repeated to investigate 

how the actual design (AD) influences the final ranking of the optimised solutions. Figure 6.10 

shows the results with the updated computations for the 4 tested decision scenarios. Detailed 

rankings for the 4 scenarios with the AD can be found in Table D.7-D.10. 

(a)  (b)  

(c)  (d)  

Figure 6.10 Analysis of the TOPSIS results considering the AD (a) Scenario 1, (b) Scenario 
2, (c) Scenario 3, (d) Scenario 4 
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The performed analysis highlighted the fact that the optimised designs that were generated from 

the proposed optimisation procedure maintain the top ranks between the tested designs including 

the AD. The results showed that the most preferred solution in all 4 scenarios is solution D1, 

which is the design with the least embodied carbon for the structure from the selected optimised 

designs. This provides an indication about the quality and adaptability of design D1 to meet 

difference decision requirements.  

Furthermore, Scenario 4 was the only case where the actual design got the second best closeness 

coefficient behing solution D1. This indicates that under certain circumstances actual designs could 

in fact become good solutions. This result is not surpising considering that Scenario 4 was looking 

for lean design solutions, which is a very common decision-making approach in real projects. 

Overall and even though the objective of the TOPSIS component was to evaluate optimised 

designs, in this section we showed that a direct assessment between optimised and actual designs 

could effectively be performed. Similar comparative assessments are expected to become relevant 

in the near future.  

6.6. BIM Visualisation 

The sustainable decision framework described in the previous section demonstrated how the design 

optimisation algorithms could be used with systematic decision-making procedures to integrate 

domain knowledge from experts and to select the most suitable optimised design. Once the 

TOPSIS analysis is complete, the ranking ratings and closeness coefficients were used to enrich 

the information about the optimised designs in BIM. A simplified visualisation application was 

established for that purpose to combine the data obtained from the analysis in TOPSIS and the 

optimisation algorithm. A detailed visualisation interface is currenlty under developement for 

commercial purposes within Price & Myers.  

The solution space for the selected optimised designs could be generally represented in a 3D or 

2D-plot that combine the different level of analysis: the closeness coefficient from the TOPSIS 

algorithm, the lifecycle carbon (embodied or operational) components from the LCA analysis and 

optimisation data for the structural system from the NSGA-II model (e.g. structural cost). Each 

design can be represented as a point in that graph using two or three co-ordinates depending on 

the graph type. Several graph configuration could be generated depending on the analysis the 

project participants want to conduct.  
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Figure 6.11 shows and illustrative examples of how the 3D graph are visualised within BIM for 

the tested building scenario. It was observed that the clustering of the design alternatives varies 

considerably depending on the use of the TOPSIS ranking or the closeness coefficients. For the 

visualisation of the TOPSIS findings, closeness coefficients were used as they offer a more realistic 

representation on the dispersion of the designs in the solution space.  

(a) 

 

(b) 

 

(c)  

Figure 6.11 Example of the solution space for the selected designs using the 3D graph option 
(a) results from the entire structures embodied carbon (LCA model), structural costs (NSGA-

II model) and closeness coefficients (TOPSIS model), (b) results from the slabs embodied 
carbon (LCA model), slab costs (NSGA-II model) and closeness coefficients (TOPSIS model), 

(c) the results from the columns embodied carbon (LCA model), columns costs (NSGA-II 
model) and closeness coefficients (TOPSIS model) - (projections in X, Y, Z planes marked in 

red) 
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6.7. Summary  

Traditionally, heuristic structural optimisation studies have not successfully considered the 

procedures that would allow structural engineers to identify a single solution from a set of 

optimised designs. This is an important limitation of previous analyses that often restricted the 

effective use of optimisation methods in real projects. The current research identified and reviewed 

the complexities associated with the design selection of optimised structural alternatives based on 

multiple sustainability attributes and by considering several interrelated decision factors.  

The chapter consolidated the notions established in the previous chapters related to structural 

optimisation, stakeholder analysis and decision theory. An a posteriori decision framework was 

developed for that purpose using TOPSIS and utilising the: 

1) Decision priorities recognised with the QFD method from Chapter 3,  

2) Optimised structural designs obtained from the NSGA-II algorithm from Chapter 4, 

3) Lifecycle carbon performance data from Chapter 5.  

Taking a comprehensive decision approach this chapter advanced structural optimisation as a 

practical and integrated approach not only by establishing sustainable design solutions but also 

by assessing them based on expert insights. The proposed framework utilised QFD with evidential 

reasoning algorithms to prioritise decision parameters, NSGA-II with constructability functions 

to generate cost and embodied carbon optimum structural designs and TOPSIS to create the final 

solution rankings. A practical application of the proposed a posteriori decision framework was 

presented in this chapter. The analysis involved the design selection of optimised structural 

alternatives obtained from Chapter 4 under various decision scenarios.  

The assessment of the different scenarios, exhibited that the optimisation of the structure is not 

sufficient as different decision scenarios would require different optimised designs. Furthermore, 

the analysis of the results revealed that the proposed decision framework can recognise solutions 

that not only satisfy the project preferences but also consist good trade-offs between the cost and 

carbon performance in an efficient manner. These results also suggested that the domain 

knowledge associated with the decision-makers’ preferences and the engineering practitioners’ 

experiences could augment the results obtained from the structural optimisation analysis. By 

enabling such functionalities in the current optimisation models, it is expected that their practical 

applications and efficiency will be enhanced. 
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7. DISCUSSION, CONCLUSIONS AND FURTHER WORK 

7.1. Methodological Contributions 

The research filled the gap in the knowledge regarding the use of BIM technologies in the design 

optimisation and decision-making of RC buildings structures to determine more sustainable and 

efficient engineering solutions. The lack of comprehensive decision frameworks that effectively 

consolidate sustainability and structural design domains embedding BIM technologies has led to 

the development of the novel and practical decision framework described in this research 

considering both “linear” and “non-linear” processes as described in Chapter 1. The mechanisms 

of the study include:  

7.1.1. Design Prioritisation 

The specification of the decision priorities at phase one, was related to the preliminary design 

development when the project and the engineering characteristics for the structural systems were 

specified by the design team. This step was important as it defined the actual project brief and 

identifies the project team’s expectations regarding the performance of the structure. A BIM-

based QFD decision support model was proposed to facilitate this process in a systematic way. 

The proposed model captured the preferences of the project team in a qualitative manner but 

applied mathematical logic with evidential reasoning to perform the decision priorities 

computations.  

7.1.2. Design Optimisation 

High performing cost and carbon structural design alternatives were developed at this phase. 

Special attention was given to the constructability efficiency of the obtained optimisation solutions 

to ensure that the designs can realistically be used in actual projects. For that reason, a GUI was 

developed to help structural engineers establish the solution space of the optimisation search by 

specifying project specific and discretised design parameters. The entire optimisation process at 

this phase was organised around a BIM-based multi-objective algorithm (NSGA-II) that offered 

direct and indirect interoperability functionalities between the FE and BIM modules.  
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7.1.3. Design Assessment 

A BIM-based lifecycle analysis framework was developed for the assessment of optimised 

structural designs. This approach was proven to be rather useful and novel as it allowed the 

structural solutions obtained from the BIM-based optimisation procedure to be evaluated at 

building level. Both the embodied and operational carbon emissions were included in the 

framework to ensure that the consequential effects from the use of optimised designs are effectively 

analysed. Specifically, for the embodied carbon computations, a lifecycle inventory database was 

developed within BIM to calculate the relevant emissions from the different building material 

systems.  

7.1.4. Design Selection 

Finally, and after analysing the relationships between the cost and carbon performance in the 

optimisation phase, a multi-criteria decision model was established so that a single design solution 

could be selected from the entire set of optimised solutions. The selection phase used TOPSIS to 

create the rankings for the different structural designs utilising the decision criteria identified 

previously. A custom visualisation application within BIM was developed to combine the cost and 

carbon data with the TOPSIS rankings. The analysis at this phase enabled the structural engineers 

to recognise designs with the highest acceptance as well as cost and carbon trade-offs between the 

different solutions for various decision scenarios. 

7.2. Domain Recommendations 

7.2.1. Organisational Culture Adaptation  

The study exhibited that a large part of the inefficiencies associated with the buildings structures 

environmental and cost performance can be attributed on the way the building form or the internal 

layout are organised. This a critical finding and to effectively address it, new structural design 

optimisation and team decision-making practices are necessary. The successful implementation of 

systematic decision frameworks like the one proposed in this research, would require a certain 

degree of adaptation in the current organisational culture not only in the structural engineering 

domain but also within the entire construction industry. 

Currently, most of the structural design decisions are completed in separation. For example the 

architects define the internal layouts and then the structural engineers try to “fit” the column grid 
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and the rest of the structural elements within those restrictions. The study showed that this 

approach often results in non-optimum structural designs that could cost more and could be more 

carbon intensive.  

The proposed framework put forward a more open and collaborative organisational structure 

where local knowledge and technical expertise could be disseminated within the team to develop 

more integrated, efficient and sustainable designs. Necessary parameters for an integrated 

organisation structure involve: 1) explicit project criteria during the early stage developments, 2) 

efficient decision processes under multiple design criteria, 3) enhanced communication and 

integrated decision platforms, and 4) decision models that consider the dynamic relationships 

between the design team members. The familiarisation of the new structure and the excahnge of 

information between the various decision-makers are necessary to overcome cognitive limitations 

at individual level. The decision experiments that took place in the study (Chapter 3) verified 

that, whilst they helped the participants to gain more confidence about how the final decisions 

are collectively formulated.  

7.2.2. Design Practice Reconciliation 

Improvements on the current design practices at individual level are also necessary to ensure 

structural engineers become more familiar with automatically generated structural designs. 

Structural design optimisation is not a new topic, but a large majority of structural engineers are 

still skeptical when it comes to its application in real projects. The study verified that efficient 

design optimisation models could improve the cost and embodied carbon efficiencies of the 

structure as well as the building.  

The adoption of such automated procedures could radically improve the work efficiency of 

engineering practitioners as repetitive tasks could be reduced or completely eliminated. Efficiency 

improvements were reported by the structural engineers at Price & Myers who tested the proposed 

design optimisation models in terms of design and specification for early scheming analysis. 

Additionally, automated design procedures could help structural engineers identify potential 

solutions that could not be instantly recognisable during the early phases of the project. The role 

of the engineers would be to critically evaluate the outputs from the automated models and assess 

their practical applicability based on their previous experience.  
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Educating and training structural engineers to understand how such models operate is crucial for 

the effective development of collaborative design automation procedures in the future. From the 

interaction with the structural engineers at Price & Myers, it became evident that a large majority 

of engineers, were receptive of these applications and were happy to conduct further testing in 

real projects after the completion of the research. At organisational level, Price & Myers began to 

adapt existing design documentation and specifications to incorporate comprehensive sections 

about optimised design solutions and practices obtained by the proposed tools.  

Besides the educational part, an important functionality of the automated generative design 

models that could further improve their attractiveness in a practical setting is their ability to 

incorporate constructability concepts. The interaction with structural engineers could improve the 

way these constructability functions are incorporated in the optimisation model. Overall, increased 

constuctability levels enhance the feasibility of the design outputs which as a result increase the 

likelihood of the optimised designs being selected by the engineers.  

7.2.3. Digital Technologies Implementation 

The construction industry has been traditionally slow in implenting innovations. The past decade 

new digital technologies and particularly BIM technologies have disrupted and radically changed 

the way design teams design, plan, constuct and maintain their building and infrastructure 

projects. The research utilised these developments to establish a new decision framework for cost, 

carbon and material efficient building structures. For that purpose, virtual design optimisation 

and decision-making applications within BIM were developed and tested. It is envisaged that the 

future innovations in the industry will be build on those principles.  

On that direction, three main areas could become more relevant in the future. The first one, 

involves digital collaboration and organisation. The current study demonstrated an effective way 

to consolidate group decision-making practices and to conduct numerical assessments of multiple 

optimised designs. Furthermore, the second area would involve the development of the next 

generation of BIM models (beyond 5D) to incorporate rich cost data and information obtained 

from the optimisation and the lifecycle analyses at building and structural levels. Finally, the need 

to analyse and evaluate the large amount of generated data will require enhanced BIM 

visualisation applications. Virtual Reality (VR) or Augmented Reality (AR) systems within BIM 

would allow decision-making practices to take place in interactive virtual environment platforms.  
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7.3. Limitations 

Certain limitations within the the various mechanisms of the proposed decision framework could 

be recognised. These limitations are organised in three main categories: the optimisation 

computations, the cost and embodied carbon data and the developed BIM applications.  

7.3.1. Optimisation Analysis  

Even though the model incorporated engineering analysis that is typically performed during the 

detailed design stages (especially the reinforcement computations in the slab), the intention of the 

optimisation was to support primarily early scheme designs. With that in mind, some 

functionalities relevant to the geometric assessment were simplified and complex buiding 

geometries cannot be effectively modeled at this stage of the research. Complex buildings would 

have to be broken down to simpler parts to succesfully optimise them. Additionally, at this stage 

of the research the slab reinforcement computations do not consider punching shear. The 

implementation of that functionality significantly increased the computational time and thus it 

was deactivated. However, this limitation is not considered as significant, as the analysis focused 

on early stage designs, which often do not consider punching shear reinforcement in the slabs.  

7.3.2. Data Uncertainty  

Two types of data uncertainties could be recognised in the research. The first one, involves the 

uncertainty of the embodied carbon data which were used for the computations of the lifecycle 

performance. Even though this topic has received significant attention in the literature, the root 

causes of the uncertainty in the LCA inventories still remain. In this research, a practical approach 

was followed for the collection of LCA data. Specifically, the most recent EPD data for the 

material components of the tested buildings were collected from online and other publicly available 

sources. The collected data were then assessed against previous LCA studies from the literature 

to ensure their robustness. The second type of data uncertainty is related to the cost factors of 

the different structural materials used in the optimisation model. Even though industry accepted 

data were implemented, the cost of materials often changes based on external parameters 

(economy) that cannot be easily controlled. Thus, it is important to enable a high level of 

transparency in the cost data inputs prior to each optimisation to ensure realistic computations.  
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7.3.3. BIM Applications 

The data collection process for the QFD model could be a time-consuming process. This might be 

particularly challenging in complex buildings where multiple project and design requirements need 

to be processed. There reason for this limitation is because the computations of the ER algorihtms 

for the selection of the final design priorites are not embedded in the BIM application but they 

are performed in an external Excel worksheet. Thus, the manual entry of the decision makers’ 

belief structures in the worksheet could be a time-consuming procedure, whilst in extreme 

circumstances it could result in erroneous or lost data entries. Furthermore, the BIM-based 

optimisation model is currently limited to RC structures only and other structural systems are 

not investigated at the moment. This could limit the applications of the decision framework in a 

larger collection of buildings. Efforts to develop a design optimisation module for steel structures 

is currently under development in the InnovateUK research. Finally, substantial maintenance of 

the LCA data in the third application would be required to ensure the lifecycle inventory stays 

up-to-date with the future material specifications. This could be a time-consuming process, whilst 

it may require a certain level of expertise to ensure the appropriate data formats are implemented.  

7.4. Future Work 

Several opportunities to extend the findings from the current research in the future exist. Two 

main directions were recognised herein: The first one involves research concepts associated with 

sustainable structural engineering systems, whereas the second one relates to an original research 

application about a decision-based structural optimisation model.  

7.4.1. Research Concepts 

- Sustainability Domain  

In the application of the existing sustainable energy analysis techniques within BIM further 

developments could be explored in:  

• Robust ontology based life cycle energy inventories that provide consistent material data 

inventory of the construction supply chain could deliver enriched and consistent 

assessment procedures that minimise the method’s results variability, 

• New design models that integrate cost effective energy measures including several future 

uncertainty parameters such as climate change and economic metrics, whilst thoroughly 
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addressing the relationships between embodied and operation environmental energy 

impacts in buildings, 

• Flexible protocols for the specification of maintenance/end-of-life design parameters could 

mitigate the uncertainties that occur from future changes in the building’s spatial 

arrangements combined with possible changes-of-use in terms of occupancy or/and 

ownership. 

- Structural Engineering Domain  

Three main approaches that could augment the existing structural engineering sustainability 

domains: 

• Embodied Phase: Advancing the current optimisation methods and decision-making tools 

to provide recommendations for actions that improve building sustainability performance, 

whilst they enable the design team to assess the effectiveness of those measures in real 

time, 

• Operational Phase: Combining it with building management systems and advanced 

visualisation solutions, which could enable the design team to optimise carbon emissions 

by evaluating activities related to cost, carbon, energy efficiency, consumption reporting 

and mitigation measures, 

• End-of-Life: Merging design analytics and monitoring/predictive processes could be 

incorporated in the existing facility management systems to identify failures of building 

components, effectively maintain them and ultimately extend the life cycle of the building.  

7.4.2. Indirect Contributions to Practice  

As sustainable building design and decision-making processes become more complex the 

optimisation and assessment of structural systems would require to be reformed accordingly in 

the future. Decision frameworks like the one proposed in this research would need to be further 

developed and enhanced by deeper domain knowledge through the introduction of interactive 

optimisation and human-computer interaction procedures.  

- Interactive Optimisation Implementation 

Figure 7.1 demonstrates a conceptual representation of an interactive optimisation module as it 

could be implemented in the context of the current research. Structural engineers’ evaluations are 
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integrated within the specified cost and embodied carbon functions to generate structural design 

alternatives that have been through an interactive optimisation analysis and decision assessment. 

New human-computer interfaces would be necessary to enhance the development of interactive 

optimisation models in the context of building structures. 

 

Figure 7.1 Representation of interactive optimisation mechanism 

- Human Computer Interaction 

BIM technologies could create new opportunities for enhanced human-computer interaction. 

BIM’s rich digital environment could provide a robust platform for integrated visualisation or 

even virtual reality applications that could be used within interactive optimisation procedures. 

Results from the different structural optimisation iterations could be directly displayed within 

BIM allowing the design team to evaluate different alternatives in real-time.  

7.5. Contributions to Knowledge 

The design processes constructed in this research as part of the comprehensive decision framework 

managed to assist project teams generate and effectively analyse cost and carbon optimised 

structural solutions in the context of RC buildings. With regards to the detailed aims of the 

research four main conclusions can be drawn:  

1) To investigate how a systematic group decision-making procedure could be 

used for the formulation of decision priorities and explore its practical 

applications in the context of buildings structural design:  

Decision-making processes in the domain of building structures are often fragmented and 

underdeveloped. This part of the study involved the specification of explicit decision criteria that 
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are relevant to the design and construction of the tested structural system based on project specific 

requirements.  

Data inputs from real stakeholders were implemented first to effectively analyse project and design 

priorities. Results from the numerical assessment of the stakeholders’ decision preferences, 

suggested that a shared understanding between the project team members could be established. 

This is significant as in practice such techniques are rarely implemented. Evidence from the 

computation analysis of actual decision experiments, identified that the column grid is the most 

significant design requirement in the case of RC structures. In fact, this observation closely 

matched the results from the optimisation analysis, which could be used to verify the importance 

of the column grid in the design of efficient and sustainable building structures.  

The decision weights obtained in this part of the research were effectively utilised to analyse the 

trade-offs between the cost and carbon performance of the optimised designs and to help structural 

engineers identify a single preferred solution. This step is often neglected in previous studies and 

thus special attention was given to it in this research. 

2) Develop an understanding of the relationships between the cost and the carbon 

performance of optimised building structures and in turn evaluate how these 

optimised design instances may be used to determine performance design 

benchmarks:  

The optimisation of building structures is a multifaceted procedure particularly in the case of RC 

structures that involve more than one material types (concrete, reinforcement, and formwork). 

Despite the evident relationship between the minimum use of materials in the cost and carbon 

objective functions, the study suggested that in structural systems with more than one materials, 

the optimisation of the ratios between the different materials is the most important parameter to 

ensure that truly optimised designs are identified.  

Furthermore, the study recognised that for the comprehensive analysis of the cost and embodied 

carbon relationships in the entire structure and between the different structural components, 

multilevel optimisation models are necessary. The developed multilevel optimisation approach, 

allowed the detailed cost and carbon behaviour between the various structural elements (floors, 

columns) to be assessed. It was observed, that in certain cases, the cost and embodied carbon 

relationships were more linear especially in the analysis of the entire structure. On the other hand, 
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stronger trade-off relationships occurred in instances where the cost and carbon relationships were 

evaluated for the different components of the structure (e.g. floors and columns).  

After the analysis of different building structures, it was also observed that the form of the building 

and particularly its layout aspect ratio can influence how these relationships are developed. 

Additionally, it was recognised that the column grid plays a significant role in the cost and carbon 

outputs for the structure. These are particularly interesting findings because in reality, these 

design parameters are mainly defined by the architects and less by the structural engineers.  

Enhancing the collaboration between structural engineers and architects could offer more efficient 

structural designs overall. The study proposed the first BIM-enabled optimisation model for this 

particular structural typology of buildings. Design characteristics from the optimised structural 

solutions could be instantly updated in the relevant BIM model through direct or indirect 

interoperability functions. In this way, the entire design team members will stay informed about 

the implications of different configurations, whilst they will be able to raise their concerns about 

specific designs.  

Moreover, optimised designs with increased constructability efficiency were developed from the 

proposed optimisation model to ensure these solutions can actually be used in practice as design 

benchmarks. The constructability of the optimum solutions was mainly influenced by the design 

(sizing and geometry) and detailing (reinforcement) elements. The developed benchmarks were 

used to assess the performance of the actual designs in real building scenarios. The comparative 

analysis for the structure indicated cost and embodied carbon savings between 10% and 20% when 

compared with the actual structural designs implemented in practice. These findings provided 

clear evidence about the degree of improvements that could be obtained in actual projects from 

the implementation of the proposed optimisation model.  

3) To quantify the consequential effects of optimised structural alternatives in 

the lifecycle carbon balance of buildings and to provide recommendations for 

their further integration:  

Structural engineers are rarely involved in the development of buildings sustainable design 

approaches. This part of the study offered new insights on how the relationships between optimised 

structural systems and the tested buildings lifecycle performance could be analysed in detail. For 

that purpose, selected structural designs developed from the optimisation procedure were used to 
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evaluate the consequential lifecycle carbon effects at building level considering both the embodied 

and operational carbon emissions. Traditionally, the optimisation studies of different structural 

systems end with the computation of the optimised designs without evaluating possible 

performance implications at building level. In this study, the objective was to extend the current 

optimisation rationale to offer more integrated structural analysis models. To effectively compute 

the lifecycle carbon performance at building level using the structural optimised designs, a BIM-

integrated model was established and tested in the research. The developed model utilised 

embodied and operational carbon analyses.  

Results from the tested buildings showed that the lifecycle performance could be significantly 

influenced by the use of structurally optimised designs. The structural floors in particular, not 

only cover the largest proportion of the embodied carbon in the structure but they are also 

responsible for approximately 80% of the carbon emissions in the building. These results also 

justify the need for comprehensive efforts for the design optimisation of RC slabs.  

In the tested scenarios, optimised structural designs achieved 12-14% carbon reductions at building 

level. However, unclear interpretation and assessment of the optimisation outputs could result in 

the selection of structural designs that could compromise the carbon performance of a building. 

Overall, the analysis concluded that the implementation of structural optimisation by the 

structural engineers should not only be used as an isolated design procedure that informs decisions 

at structural level but it could also be used as an efficient sustainable strategy that improves the 

lifecycle performance of the entire building.  

4) To measure the effect of preference-based decision models in the final 

selection of optimised design alternatives and provide generalised findings 

that could augment the overall decision-making quality: 

The research explored a systematic decision-model that complements the structural design 

optimisation model which was described previously. The development of the decision model 

contains a robust multi-criteria decision assessment that helps structural engineers analyse the 

trade-offs from any multi-objective optimisation procedure. In this case, it analysed the outputs 

from the cost and embodied carbon optimisation. The proposed model effectively synthesised the 

optimisation results with the decision-makers’ preferences to find the most suitable solution. The 

analysis of different decision-making scenarios exhibited how different decision priorities could 
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result in different optimised designs. Even though, in all decision scenarios the selected designs 

significantly improve the cost and lifecycle carbon peformance of the building and the structure, 

that does not necessarily mean that all the optimised designs are suitable for every project.  

The findings offered a new understanding on the way sustainable decisions could be made and 

implemented in a practical setting by analysing and assessing the complexity associated with the 

design and decision-making practices in building structures. Additionally, it is expected that the 

proposed method could significantly reduce the time required for the selection of the appropriate 

structural design particulalry during the early stages of a project.  
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APPENDIX A. PUBLICATIONS 

Several publications were produced during the EngD project to disseminate the outputs from the 

research. The list of peer reviewed conference and journal papers that have been published are 

shown in Table A.1. The conference papers were also combined with presentations at the relevant 

conferences. The publications that are currently under review or in preparation are also 

highlighted. Papers 5 to 10 are directly related to the chapters of this thesis. Specifically, paper 5 

corresponds to sections from the literature review in Chapter 2, whereas paper 6 and 10 to the 

design optimisation part (Chapter 4). Paper 8 is linked to the design prioritisation section which 

was presented in Chapter 3. Finally, papers 7 and 9 cover the design assessment (Chapter 5) and 

selection modules (Chapter 6) respectively. The list of publications produced from affiliated 

research projects including the industrial sponsor’s InnovateUK project are summarised in Table 

A.2.  

Table A.1 List of publications from the EngD research 

 Type  Citation 
1 Conference 

paper 
Eleftheriadis S, Mumovic D, Greening P, and Chronis A. BIM 
Enabled Optimisation Framework for Environmentally 
Responsible and Structurally Efficient Design Systems. 
In: Proceedings of the 32nd International Symposium on 
Automation and Robotics in Construction (ISARC 2015).  
Oulu, Finland; 15-18 June 2015.  

2 Conference 
paper 

Eleftheriadis S, Mumovic D and Greening P. Augmented BIM 
based taxonomy for steel design systems: An integrated 
evolutionary computational approach. In: Proceedings of the 
17th Young Researchers' Conference, The Institution of Structural 
Engineers, London, UK; 14 April 2015. 

3 Conference 
paper 

Eleftheriadis S, Mumovic D, Duffour P, and Greening P. Multi-
performance optimisation framework for the selection of 
structural alternatives based on sustainable qualities. In: 
Proceedings of the 6th International Conference on Structural 
Engineering Mechanics and Computation (SEMC 2016). Cape 
Town, South Africa; 5-7 September 2016  

4 Conference 
paper 

Eleftheriadis S, Duffour P, Greening P, James J, Mumovic D. 
Multilevel computational model for cost and carbon 
optimisation of reinforced concrete floor systems.  
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In: Proceedings of the 34th International Symposium on 
Automation and Robotics in Construction (ISARC 2017).  
Taipei, Taiwan; 28 June - 1 July 2017. 

5 Journal 
article 

Eleftheriadis S, Mumovic D, Greening P. Life cycle energy 
efficiency in building structures: A review of current 
developments and future outlooks based on BIM 
capabilities.  
Renewable & Sustainable Energy Reviews (2017); 67:811-825 

6 Journal 
article  

Eleftheriadis S, Duffour P, Greening P, James J, Stephenson B, 
Mumovic D. Investigating relationships between cost and 
CO2 emissions in reinforced concrete structures using a 
BIM-based design optimisation approach.  
Energy and Buildings (2018); 166:330-346 

7 Journal 
article 

Eleftheriadis S, Duffour P, Mumovic D. BIM-embedded 
lifecycle carbon assessment of RC buildings using 
optimised structural design alternatives.  
Energy & Buildings (2018); 173:587-600 

8 Journal 
article 

Eleftheriadis S, Duffour P, Mumovic D. Participatory 
decision-support model in the context of building 
structural design using BIM and QFD.  
Advanced Engineering Informatics (2019); In Press 

9 Journal 
article  
(Under 
Review) 

Eleftheriadis S, Duffour P, Mumovic D. Building structures 
decision optimisation using engineering analysis and 
domain knowledge.  
Journal of Cleaner Production (2019) 

10 Journal 
article  

Eleftheriadis S, Duffour P, Stephenson B, Mumovic D. 
Automated specification of steel reinforcement to 
support the optimisation of RC floors.  
Automation in Construction (2018); In Press  
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Table A.2 List of publications from affiliated research activities during the EngD 

 Type  Citation 
1 Conference 

paper 
Eleftheriadis S, Dunant C F, Drewniok M P, and Rogers-Tizard 
W. A computational paradigm for the optimisation of 
steel building structures based on cost and carbon 
indexes in early design stages. In: Proceedings of the 24th 
International workshop on Intelligent Computing in Engineering 
(EG-ICE 2017). Nottingham, UK; 10-12 July 2017.  

2 Conference 
paper 

Schwartz Y, Eleftheriadis S, Raslan R, and Mumovic D. 
Semantically enriched BIM life cycle assessment to 
enhance buildings environmental performance. In: 
Proceedings of the CIBSE Technical Symposium. Edinburgh, 
UK; 14-16 April 2016  

3 Conference 
paper 

Eleftheriadis S, Schwartz Y, Raslan R, Duffour P and Mumovic 
D. Synergistic design analysis for cost and carbon 
optimisation of architectural and structural layout 
topologies. In: Proceedings of the Building Simulation and 
Optimization (BSO 2018). Cambridge, UK; 11-12 September 
2018  

4 Journal article  Eleftheriadis S, Dunant C F, Drewniok M P, Rogers-Tizard W 
and Kyprianou C. Comparative numerical analysis for cost 
and embodied carbon optimisation of steel buildings. 
Advances in Computational Design (2018); In Press 

5 Journal article  Dunant C F, Drewniok M P, Eleftheriadis S, Cullen J M and 
Allwood J M. Regularity and optimisation practice in 
steel structural frames in real design cases.  
Resources, Conservation and Recycling (2018); 134:330-346 

 

 

 

 

 



 

 232 

APPENDIX B. MATHEMATICAL EXPRESSIONS FOR QFD 

WITH EVIDENTIAL REASONING 

The original description of the QFD methodology embedding Evidential Reasoning algorithms 

can be found in (Chin, et al., 2009). S(T#
(U)) is the expected score obtained from the belief structure 

of a decision-maker V when assessing the relative importance of a project requirement PRi. The 

total score is the sum of the expected scores from all project team members and it can be 

represented as: 

S T# = 	 WUS T#
U , V = 1, … , X; 	% = 1, … ,(

Y

U89

 (B.1) 

where WU is the relative weight of the team member V. Based on this equation the relative 

importance of PRi can be defined as: 

Q# = 	
SY T#

SY T# + SZ T##[*
,

SZ T#
SZ T# + SY T##[*

, %

= 1, … ,(;		 Q# = 1; L = 	lower	bound, U = 	upper	bound
4

#89
 

(B.2) 

The relationship matrix (Rij, i=1,...,m , j=1,…n) between PR and DR is computed using the 

structural engineers’ belief structures. Assuming that M structural engineers are participating in 

this study each of them is given a weight gh > 0	(j = 1… ,k) with gh = 1l
h89 . The belief structures 

recorded by the k-th team member is represented by m5n, o5n
(h) , , = 0… ,p; 	q = 0… ,p  where o5n(h) 

are the belief degrees to which the relationship Rij is evaluated to the interval rating m5n. The 

crisps ratings defined for the relationship assessment are m55	for p=0…, N whereas the interval 

ratings are m5n for p=0..., N and q = p+1…, N. The matrix in Equation (B.3) shows the 21 

possible relationships that can exist between the PR and the DR. Only six crisp ratings exist in 

the matrix consisting of H00, H11, H22, H33, H44 and H55. The remaining 15 ratings are interval. 

m = 

 

= 

 

(B.3) 
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The expected belief degree for all the k team members regarding every relationship between PR 

and DR is computed using the following equation: 

o5n = 	 gho5n
(h), , = 0, … , p, q = ,, … , p

l

h89

 (B.4) 

The interrelationship matrix uses belief structures from the engineering team and it is computed 

using Equation (B.5) 

r*h = 	 sh

l

h89

m5n, t5n
(h) , , = 	−p,… , p; q = ,,… , p

= 	 m5n, sjt5n
(h)

l

h89

, , = −p,… , p; q = ,,…p , +, j = 1, … , 6 
(B.5) 

where t5n(h) is the belief degree to which r*h is assessed to the interval m5n. 

After computing the belief structures for all the relationships Rij they are combined for each of 

the DR. For two belief structures u#v* = m5n, o5n u#v* , , = 0, … , p, q = ,, … , p  and u#w* =

m5n, o5n u%2+ , , = 0, … , p, q = ,, … , p 	showing the relationship between project requirements 

xu#9 and xu#7 related to a design requirement and Q#9 and Q#7 are their normalised weights, the 

belief structures are converted into probability masses using the equations below: 

(5n = 	Q#vo5n u#v* , , = 0, … , p; q = ,,… , p (B.6) 

(y = 1 −	 Q#vo5n u%1+ = 1 −

z

n85

z

58{

Q%1 o5n u%1+ = 1 − Q%1

z

n85

z

58{

 (B.7) 

65n = 	Q#wo5n u#w* , , = 0, … , p; q = ,,… , p (B.8) 

6y = 1 −	 Q#wo5n u%2+ = 1 −

z

n85

z

58{

Q%2 o5n u%2+ = 1 − Q%2

z

n85

z

58{

 (B.9) 

The above probability masses are combined using the Equations (B.10), (B.11) and (B.12). The 

procedure to provide a set of joint probability masses is based on the evidential reasoning approach 

and Dempster-Shafer theory of evidence which uses two pieces of evidence to create joint 

probability masses )5n , = 0,… , p, q = ,, … , p  and )y using the following equations (Mehrabi-

Kandsar, et al., 2016): 
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)5n = 	
1

1 − |
(}~65n + (5n6}~ +

z

~8n

5

}8{

(}n65~ + (5~6}n

z

~8n>9

5K9

}8{

+
1

1 − |
	 (y65n + (5n6y − (5n65n , , = 0, … , p; q = ,,… , p 

(B.10) 

| = 	 (}~65n + (5n6}~

5K9
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5K9
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z

n85

z

58{

 
(B.11) 

)y = 	
(y6y
1 − |

 (B.12) 

The final normalised combined probability mass is computed using the equation: 

�5n = 	
35n

1 − 3y
, , = 0,… , p; q = ,,… , p (B.13) 

The overall assessment is computed by an expected interval which represents the importance 

rating of the DR: 

S Äu* = �5n

z

n85

m5n = �5nm5, �5nmn

z

n85

z

58{

z

n85

z

58{

z

58{

 (B.14) 

Because the importance weights of PR that are computed by Equations (B.1) and (B.2) could be 

intervals the importance rating of DR obtained by Equation (B.14) cannot be uniquely identified. 

To improve this drawback, the following two optimisation models that consider the PR as decision 

variable are computed to identify the lower and upper limits for all the DR.  

Lower Bound: 

(%6	SY Äu* = 	 �5nm5

z

58n

z

58{

 (B.15) 

Subject to: 
Q#
Y ≤ 	Q# ≤ Q#

Z,					% = 1, … ,(,	

and 

Q# = 1

4

#89

 

Upper Bound: 

(t3SZ Åu* = 	 �5nmn

z

58n

z

58{

 (B.16) 
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Subject to: 
Q#
Y ≤ 	Q# ≤ Q#

Z,					% = 1, … ,(,	

and 

Q# = 1

4

#89

 

Where �5n is identified by equation (B.13). The models in equations (B.15) and (B.16) are 

computed using the Excel Solver for each of the DR and the final weights are used in the next 

step where the interrelationship matrix between the DR is integrated. The most common way to 

incorporate the interrelationship matrix is shown in below: 

u′#* = 	 u#hrh*, % = 1, … ,(; + = 1, … , 6

Ç

h89

 (B.17) 

where u′#* is the adjusted relationship between PR and DRs and rh* is the interrelationship 

between DR. Using Equation (B.17) the importance rating of DRs can be obtained from the 

equation:  

Äu′* = Q#

4

#89

u′#* = 	 Q#

4

#89

u#hrh*

Ç

h89

= Q#

Ç

#89

u#h rh* = 	 Äuhrh*, + = 1, … , 6

Ç

h89

Ç

h89

 
(B.18) 

where Äu′+ and Äu+ are the importance ratings with and without the interrelationship matrix. 

Assuming that S rh*  is the expected score matrix obtained from equation (B.5) and S Äuh =

Sh
Y, Sh

Z , j = 1, . . , 6 is the initial DR importance ratings obtained by solving equations (B.15) and 

(B.16) the final importance rating is computed from equation (B.18) as  

Äu′* = 	 S Äuh S rh* ,			+ = 1, … , 6

Ç

h89

 (B.19) 

The last equation computes the importance of the design requirements however due to the 

uncertainties associated with the interval rankings the results need to be normalised. The equation 

below is used to normalise the design importance ratings: 

Äu* =
Äu*

Ñ

Äu#
ÑÇ

#89
= 	

Äu*
Ñ Y

Äu*
Ñ Y

+ Äu#
Ñ Z

#[*

,
Äu*

Ñ Z

Äu*
Ñ Z

+ Äu#
Ñ Y

#[*

	 , + = 1, … , 6 (B.20) 

where Äu*Ñ
Y and Äu#Ñ Z are the lower and upper boundaries of	Äu*Ñ. 
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Once the normalised weights for the design requirements have been obtained their priority 

rankings can been estimated. In this study the equation proposed by Wang et al (2005) is used to 

compute the priority degree as shown below: 

x t > Ö =
(t3 0, t7 − Ö9 − (t3 0, t9 − Ö7

t7 − t9 + Ö7 − Ö9
 (B.21) 

where t = t9, t7  and Ö = Ö9, Ö7  are two positive interval numbers. 
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APPENDIX C. ADDITIONAL DATA FROM THE DECISION 

EXPERIMENTS 

Data relevant to the QFD experiment are summarised in the following tables.  

Table C.1 Assessment on the relationships between DR and PR 

  DR1 DR2 DR3 DR4 DR5 DR6 DR7 
PR1 TM1 (25%) 5:80% 5 5 5 7 9 7 
 TM2 (25%) 5 Unknown Unknown Unknown 9 7 7 
 TM3 (25%) 5 3 5 5 7 7 3-5 
 TM4 (25%) 9 5 7 3 5 5-7: 80% 

9:20% 
5:70% 
7:30% 

PR2 TM1 (25%) 5 7:90% 3 5 7 9 7 
 TM2 (25%) 3 Unknown 3-5 7-9 9 7 7 
 TM3 (25%) 3 5 7:75% 

5:25% 
Unknown 7 5:85% 

7:15% 
3-5 

 TM4 (25%) 5-7 5 7 5 5-7 7 3 
PR3 TM1 (25%) 7 7 0 3 1 1 7 
 TM2 (25%) 9 5:90% 0 1-3 0-1 0-1 5 
 TM3 (25%) 7 5 0 5 0-1 0-1 3-5 
 TM4 (25%) 7:85% 7 0 5 3 3 7 
PR4 TM1 (25%) 9 7 0 3 1 1 5 
 TM2 (25%) 7 9 0 1-3 1 1 3 
 TM3 (25%) 7 Unknown 0 5 0-1 0-1 5-7 
 TM4 (25%) 9 9 0 3 3 3 7 
PR5 TM1 (25%) 5 3 0 3 1 1 5 
 TM2 (25%) 5 1 0 Unknown 0-1 1 3 
 TM3 (25%) 1-

3:85% 
5:15% 

1 0 3 0-1 0-1 5:80% 
3:20% 

 TM4 (25%) 3 Unknown 0 1-3:80% 3 5 5 
PR6 TM1 (25%) 7 7:90% 3 5 7 7 7 
 TM2 (25%) 9:80% 9 3 3 9 9 7 
 TM3 (25%) 7 5 5 5 5 7 5-7 
 TM4 (25%) 9 9 5-7 5 9 9 7 
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Table C.2 Belief relationship matrix between DR and PR 

 DR1 DR2 DR3 DR4 DR5 DR6 DR7 
PR1 5:70% 

9:25% 
0-9:5% 

3:25% 
5:50% 
0-9:25% 

5:50% 
7:25% 
0-9:25% 

3:25% 
5:50% 
0-9:25% 

5:25% 
7:50% 
9:25% 

7:50% 
9:30% 
5-7:20% 

7:57.5% 
5:17.5% 
3-5:25% 

PR2 3:50% 
5:25% 
5-7:25% 

5:50% 
7:22.5% 
0-9:27.5 

3:25% 
5:6.25% 
7:43.75% 
3-5:25% 

5:50% 
7-9:25% 
0-9:25% 

7:50% 
9:25% 
5-7:25% 

9:25% 
7:53.75% 
5:21.25% 

7:50% 
3:25% 
3-5:25% 

PR3 7:71.25% 
9:25% 
0-9:3.75% 

7:25% 
9:50% 
0-9:25% 

0 3:25% 
5:50% 
1-3:25% 

1:25% 
0-1:50% 
3:25% 

1:25% 
0-1:50% 
3:25% 

7:50% 
5:25% 
3-5:25% 

PR4 9:50% 
7:50% 

9:50% 
7:25% 
0-9:25% 

0 3:50% 
5:25% 
1-3:25% 

1:50% 
3:25% 
0-1:25% 

1:50% 
3:25% 
0-1:25% 

5:25% 
3:25% 
7:25% 
5-7:25% 

PR5 5:53.75% 
3:25% 
1-3:21.25% 

3:25% 
1:50% 
0-9:25% 

0 3:50% 
1-3:20% 
0-9:30% 

3:25% 
1:25% 
0-1:50% 

1:50% 
0-1:25% 
5:25% 

5:70% 
3:30% 

PR6 7:50% 
9:45% 
0-9:5% 

9:50% 
7:22.5% 
5:25% 
0-9:2.5% 

3:50% 
5:25% 
5-7:25% 

5:75% 
3:25% 

9:50% 
7:25% 
5:25% 

9:50% 
7:50% 

7:75% 
5-7:25% 
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Table C.3 Assessment on the interrelationships between DR 

 

 

 

 

  DR1 DR2 DR3 DR4 DR5 DR6 DR7 
DR1 TM1 (25%) 9 9 9:85% 9:80% 

7:20% 
0 0 9 

 TM2 (25%) 9 9:80% 9 9:80% 0 0 9 
 TM3 (25%) 9 9 9 7-9 0 0 7:90% 

9:10% 
 TM4 (25%) 9 9 7-9 9 0 0  
DR2 TM1 (25%) 9 9 9:80% 9 0 0 5:80% 
 TM2 (25%) 9:80% 9 9 9 0 0 5 
 TM3 (25%) 9 9 9 9 0 0 5 
 TM4 (25%) 9 9 9 9:90% 0 0 5:90% 
DR3 TM1 (25%) 9:85% 9:80% 9 1:90% 0 0 1 
 TM2 (25%) 9 9 9 1 0 0 0-1 
 TM3 (25%) 9 9 9 1 0 0 0-1 
 TM4 (25%) 7-9 9 9 0-1 0 0 1:80% 
DR4 TM1 (25%) 9:80% 

7:20% 
9 1:90% 9 0 0 7:80% 

9:20% 
 TM2 (25%) 9:80% 9 1 9 0 0 7 
 TM3 (25%) 7-9 9 1 9 0 0 7 
 TM4 (25%) 9 9:90% 0-1 9 0 0 7-9 
DR5 TM1 (25%) 0 0 0 0 9 0 0 
 TM2 (25%) 0 0 0 0 9 0 0 
 TM3 (25%) 0 0 0 0 9 0 0 
 TM4 (25%) 0 0 0 0 9 0 0 
DR6 TM1 (25%) 0 0 0 0 0 9 0 
 TM2 (25%) 0 0 0 0 0 9 0 
 TM3 (25%) 0 0 0 0 0 9 0 
 TM4 (25%) 0 0 0 0 0 9 0 
DR7 TM1 (25%) 7 5:80% 1 7:80% 

9:20% 
0 0 9 

 TM2 (25%) 9 5 0-1 7 0 0 9 
 TM3 (25%) 9 5 0-1 7 0 0 9 
 TM4 (25%) 7:90% 

9:10% 
5:90% 1:80% 7-9 0 0 9 
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Table C.4 Belief interrelationship matrix between DR 

 DR1 DR2 DR3 DR4 DR
5 

DR
6 

DR7 

DR1 9 9:95% 
7-9:5% 

9:71.25% 
7-9:25% 
0-9:3.75% 

9:65% 
7:5% 
7-9:25% 
0-9:5% 

0 0 9:52.5% 
7:47.5% 

DR2 9:95% 
7-9:5% 

9 9:95% 
0-9:5% 

9:97.5% 
0-9:2.5% 

0 0 5:92.5% 
0-9:7.5% 

DR3 9:71.25% 
7-9:25% 
0-9:3.75% 

9:95% 
0-9:5% 

9 1:72.5% 
0-1:25% 
0-9:2.5% 

0 0 1:45% 
0-9:5% 
0-1:50% 

DR4 9:65% 
7:5% 
7-9:25% 
0-9:5% 

9:97.5% 
0-9:2.5% 

1:72.5% 
0-1:25% 
0-9:2.5% 

9 0 0 7:70% 
9:5% 
7-9:25% 

DR5 0 0 0 0 9 0 0 
DR6 0 0 0 0 0 9 0 
DR7 9:52.5% 

7:47.5% 
5:92.5% 
0-9:7.5% 

1:45% 
0-9:5% 
0-1:50% 

7:70% 
9:5% 
7-9:25% 

0 0 9 
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Figure C.1 and Figure C.2 demonstrate that the sum of probability masses on all five combination 

stages is 1, which is a good indication about the accuracy of the performed computations. 

 

Figure C.1 Combination of evidence for DR1 and computed probability masses at each stage where ([0-
9] ® C05), ([1-3] ® C12), (3 ® C22), (5 ® C33), ([5-7] ® C34), (7 ® C44), (9 ® C55) correspond to the 

decision makers’ belief relationships  
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Figure C.2 Combination of evidence results for the remaining of the DRs (DR2-DR7) 
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Figure C.3 Optimisation results for DR2-DR7 (Inf = lower bound, Suf = upper bound) 
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APPENDIX D. TOPSIS COMPUTATIONS  

Additional results are summarised in this Appendix to support the computations performed in 

Chapter 6. 

Table D.1 Correlation between design parameters importance weights and final rankings of the 
different designs for Scenario 2 

 W1 W2 W3 W4 W5 W6 W7 
D0 0.827 -0.017 -0.022 -0.779 -0.003 0.016 -0.093 

D1 -0.675 -0.018 -0.001 0.890 -0.002 -0.103 -0.130 
D2 -0.675 -0.035 -0.008 0.882 -0.003 -0.161 -0.085 
D3 -0.672 -0.035 -0.012 0.883 -0.003 -0.161 -0.085 
D4 -0.754 0.000 0.015 0.845 0.002 -0.015 -0.041 
D5 -0.799 0.015 0.017 0.811 0.002 -0.015 0.031 
D6 -0.839 0.028 0.027 0.765 0.004 0.029 0.097 

D7 -0.892 0.038 0.034 0.663 0.005 0.054 0.249 
D8 -0.656 0.058 0.050 -0.198 0.008 0.108 0.864 

Table D.2 Correlation between design parameters importance weights and final rankings of the 
different designs for Scenario 3 

 W1 W2 W3 W4 W5 W6 W7 
D0 -0.015 -0.259 0.922 -0.530 0.001 0.062 -0.048 
D1 -0.015 0.292 -0.872 0.596 -0.001 -0.058 -0.075 

D2 -0.022 0.481 -0.891 0.413 -0.001 -0.089 -0.049 
D3 -0.037 0.516 -0.868 0.405 -0.003 -0.123 -0.076 
D4 -0.019 0.526 -0.889 0.366 0.001 -0.025 -0.065 
D5 0.000 0.590 -0.808 0.338 -0.006 -0.234 -0.165 
D6 0.070 0.883 -0.374 -0.550 0.000 -0.059 -0.064 
D7 0.044 0.532 0.347 -0.916 0.000 -0.028 0.028 

D8 0.038 0.391 0.465 -0.929 0.001 -0.003 0.082 
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Table D.3 Correlation between design parameters importance weights and final rankings of the 
different designs for Scenario 4 

  W1 W2 W3 W4 W5 W6 W7 
D0 0.671 -0.382 0.211 -0.761 -0.002 0.012 0.243 
D1 -0.305 0.278 -0.812 0.560 0.001 -0.051 0.264 

D2 -0.294 0.523 -0.789 0.476 0.000 -0.076 0.056 
D3 -0.448 0.574 -0.662 0.507 0.000 -0.094 0.026 
D4 -0.522 0.613 -0.556 0.534 0.003 -0.008 -0.082 
D5 -0.968 0.408 0.066 0.422 0.004 -0.017 0.180 
D6 -0.965 0.500 0.230 0.281 0.005 0.011 0.061 
D7 -0.887 0.526 0.469 0.080 0.004 0.012 -0.078 

D8 -0.647 0.544 0.658 -0.232 0.002 0.012 -0.232 
 

Table D.4 TOPSIS results matrix for mean DR weights – Scenario 2 

 d+ d- C+ Rank 
D0 0.106 0.156 0.5960 2 
D1 0.085 0.127 0.5998 1 
D2 0.087 0.108 0.5530 4 
D3 0.087 0.108 0.5528 5 
D4 0.084 0.109 0.5630 3 
D5 0.159 0.075 0.3214 6 
D6 0.161 0.062 0.2792 7 
D7 0.165 0.050 0.2306 8 
D8 0.182 0.034 0.1590 9 

Table D.5 TOPSIS results matrix for mean DR weights – Scenario 3 

 d+ d- C+ Rank 
D0 0.129 0.087 0.4025 9 
D1 0.091 0.124 0.5771 6 
D2 0.080 0.105 0.5680 7 
D3 0.072 0.107 0.5983 5 
D4 0.064 0.109 0.6296 4 
D5 0.060 0.113 0.6535 2 
D6 0.057 0.109 0.6540 1 
D7 0.063 0.110 0.6343 3 
D8 0.096 0.110 0.5329 8 
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Table D.6 TOPSIS results matrix for mean DR weights – Scenario 4 

 d+ d- C+ Rank 
D0 0.123 0.200 0.6188 1 
D1 0.118 0.163 0.5812 2 
D2 0.117 0.140 0.5464 5 
D3 0.111 0.142 0.5607 4 
D4 0.108 0.142 0.5685 3 
D5 0.169 0.123 0.4211 6 
D6 0.172 0.113 0.3958 7 
D7 0.179 0.109 0.3781 8 
D8 0.205 0.104 0.3359 9 

 

Table D.7 TOPSIS results matrix for mean DR weights – Scenario 1 including AD 

 d+ d- C+ Rank 
D0 0.133 0.088 0.3982 9 
D1 0.077 0.139 0.6441 1 
D2 0.093 0.119 0.5616 4 
D3 0.093 0.120 0.5636 3 
D4 0.093 0.119 0.5612 5 
D5 0.092 0.122 0.5700 2 
D6 0.104 0.111 0.5179 6 
D7 0.118 0.103 0.4669 8 
D8 0.152 0.093 0.3797 10 
AD 0.136 0.124 0.4776 7 

 

Table D.8 TOPSIS results matrix for mean DR weights – Scenario 2 including AD 

 d+ d- C+ Rank 
D0 0.106 0.129 0.5489 5 
D1 0.078 0.121 0.6087 1 
D2 0.080 0.105 0.5653 3 
D3 0.081 0.105 0.5645 4 
D4 0.079 0.105 0.5709 2 
D5 0.136 0.083 0.3811 7 
D6 0.138 0.073 0.3474 8 
D7 0.143 0.065 0.3136 9 
D8 0.159 0.057 0.2656 10 
AD 0.114 0.133 0.5389 6 
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Table D.9 TOPSIS results matrix for mean DR weights – Scenario 3 including AD 

 d+ d- C+ Rank 
D0 0.126 0.063 0.3323 9 
D1 0.045 0.133 0.7479 1 
D2 0.048 0.119 0.7145 5 
D3 0.047 0.120 0.7175 4 
D4 0.044 0.120 0.7338 2 
D5 0.046 0.122 0.7276 3 
D6 0.051 0.116 0.6941 6 
D7 0.062 0.112 0.6433 7 
D8 0.093 0.109 0.5381 8 
AD 0.147 0.033 0.1830 10 

 

Table D.10 TOPSIS results matrix for mean DR weights – Scenario 4 including AD 

 d+ d- C+ Rank 
D0 0.136 0.153 0.5294 6 
D1 0.105 0.153 0.5926 1 
D2 0.117 0.134 0.5341 4 
D3 0.117 0.135 0.5356 3 
D4 0.117 0.134 0.5340 5 
D5 0.159 0.120 0.4299 7 
D6 0.167 0.110 0.3972 8 
D7 0.176 0.102 0.3663 9 
D8 0.200 0.091 0.3126 10 
AD 0.135 0.180 0.5723 2 

 


