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Abstract 

The construction processes associated with buildings and civil infrastructure are 

broadly recognised as large contributors to environmental degradation, causing 

both direct and indirect environmental through intensive energy use, 

considerable greenhouse emissions, and the significant consumption of limited 

resources. A report from the Royal Swedish Academy of Engineering Sciences 

(IVA) and the Swedish Construction Federation (Byggföretagen) revealed that 

construction processes emit the same amount of carbon dioxide as all of the cars 

in Sweden each year, and more than what is generated by all Swedish lorries and 

busses. Under the current scenario of practices and technologies, construction 

processes would account for 35-60% of the remaining carbon budget of the Paris 

Agreement for next 30 years. To follow the Fossil Free Sweden initiative, the 

Swedish construction and civil engineering sector has set a roadmap for reducing 

the greenhouse gas emissions of construction processes by 50% from 2015 to 

2030 and reaching net-zero emissions by 2045. 

Construction processes are usually carried out in uncertain contexts, which 

makes achieving environmentally-friendly construction targets very 

challenging. This situation can be explained by three aspects. First, most 

environmental impact assessment methods are still based on static data, which 

cannot capture how uncertainty influences an environmental assessment. 

Second, the uncertainty inherent to construction processes provides 

computational challenges in the evaluation of suitable options, which limits the 

ability to provide real-time environmental optimisation. Third, robust decision-

making has been proposed as a method that yields solutions characterised by 

performances with low uncertainty. However, current robust decision-making 

methods are sometimes not applicable for construction decisions because the 

knowledge of uncertainty such as prior probability distributions are partly 
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unknown due to certain characteristics of construction, i.e., deep uncertainty 

situations. 

This thesis therefore aims to formulate a holistic approach for assessing, 

optimising and providing robust decision-making for environmentally-friendly 

construction under uncertainty. Three research questions are formulated:  

RQ1: How should the influences of uncertain factors be included into 

environmental impact assessments of construction processes?  

RQ2: Can the embedded machine learning technologies improve the efficiency 

of environmental optimisation methods that consider uncertainty? 

RQ3: How can robust environmentally-friendly decisions regarding 

construction processes be ensured under situations of deep uncertainty? 

To answer the formulated RQs and achieve the overarching aim, the presented 

research employed an explorative procedure in a loop of (1) problem 

identification, (2) method development, and (3) method examination. The first 

step considers the requirements of environmentally-friendly construction in real 

practices as well as the current knowledge gaps that limit environmentally-

friendly construction. In the second step, a holistic approach is designed to solve 

the identified problems. More specifically, appropriate methods – based on 

relevant theories – are established, and prototypes that employ relevant 

technologies are developed. In the last step, the holistic approach is applied to 

real construction cases. The procedure will progress as an iterative loop to solve 

identified problems until the research purpose has been fully achieved. 

The developed environmental impact assessment method integrates discrete-

event simulation (DES) and process-based life-cycle assessment (pLCA). DES 

is applied to reinforce the uncertainty analysis capabilities of conventional 

environmental assessment methods. The optimisation method achieves real-time 

environmental optimisation by introducing machine learning (ML) technology 

into simulation-based optimisation. This method significantly reduces the 

computational loads of optimisation by leveraging the real-time feedback ability 

of ML for uncertainty quantification. The presented robust decision-making 

method combines DES and data mining (DM) technologies to address the 

uncertain contexts of construction. The method utilises a construction 

performance dataset, i.e., a data-driven method, to quantify the robustness and 

identify the vulnerability of environmentally-friendly decisions when the 

probability distributions for some uncertain factors are incompletely known. 
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The research provides a systematic tool that construction decision-makers can 

use to handle uncertainty and to support environmentally-friendly construction 

practices. The developed approach can assess the environmental impacts of 

construction processes involving uncertainty, which helps decision-makers 

understand the influences of uncertainty and develop construction plans that 

minimise the environmental impacts. The optimisation portion of the holistic 

approach enables the optimisation of a multi-objective (environment-cost-

duration) problem, which provides practical environmentally optimal planning 

for construction. The results showed that the optimisation module is able to 

provide Pareto solutions within a great deal of construction alternatives in a 

fraction of the time required by other conventional simulation-optimisation 

techniques. Finally, the presented holistic approach provides decision-makers 

with robust environmentally-friendly decisions that are minimally affected by 

uncertainty. Furthermore, the method provides vulnerable scenarios, which 

show the benchmark values for the most influential uncertain factors, to help 

decision-makers manage uncertainty during construction. 

Keywords: Construction processes, environmental impacts, uncertain factors, 

decision-making
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Abstract in Swedish 

Produktion av byggnader och infrastruktur bidrar till miljöförstöringen, både 

direkt och indirekt genom intensiv energianvändning, stora utsläpp av 

växthusgaser och en betydande resursanvändning. En rapport från Kungliga 

Ingenjörsvetenskapsakademi (IVA) och Byggföretagen visar att byggprocesser  

avger samma mängd koldioxid som alla bilar i Sverige och mer än vad som 

genereras av alla Svenska lastbilar och bussar. Enligt det nuvarande scenariot i 

Parisavtalet står byggsektorn för 35-60% av den återstående koldioxidbudgeten 

för de kommande 30 åren. För att följa upp riksdagens mål att Sverige inte längre 

skall bidra till växthuseffekten senast 2050 har den svenska bygg- och 

anläggningssektorn satt upp en färdplan för att minska utsläppen av växthusgaser 

med 50% från 2015 till 2030 och att senast 2045 uppnå netto-noll utsläpp. 

Produktion på byggplatsen är vanligtvis utsatt för störningar och osäkerheter, 

vilket gör det utmanande att planera och följa upp höga krav på miljövänligt 

byggande. För det första så bygger de flesta bedömningar av miljöpåverkan på 

statisk information, som inte återger hur osäkerheten i indatat påverkar en 

miljöbedömning. För det andra påverkar osäkerheten i byggprocesserna 

möjligheten att utvärdera lämpliga alternativ, vilket begränsar möjligheten att i 

realtid miljöoptimera produktionen. För det tredje, nya metoder för robust 

beslutsfattande kan ej tillämpas i byggplatsproduktion eftersom kunskapen om 

hur produktionsaktiviteter, materielleveranser och andra styrande parametrar 

varierar och är delvis okänd, dvs byggprocessen karakteriseras av s.k. djup 

osäkerhet (deep uncertainty). 

Avhandlingen syftar därför till att utveckla metoder för att på ett holistiskt sätt 

bedöma, optimera och tillhandahålla ett robust beslutsstöd för ett miljövänligt 

byggande med beaktande av osäkerheter som förekommer i produktionen.  Tre 

forskningsfrågor har formulerats: 
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RQ1: Hur kan osäkerheten i produktionsfaktorer inkluderas i bedömningar av 

byggprocessens miljöpåverkan? 

RQ2: Hur kan maskininlärning förbättra effektiviteten i optimeringsmetoder av 

miljöpåverkan med  beaktande av osäkerhet? 

RQ3: Hur kan robusta beslutsmetoder användas för att säkerställa höga krav på 

miljövänligt byggande i situationer med djup osäkerhet? 

För att svara på de formulerade forskningsfrågor och uppnå det övergripande 

målet har en explorativ forskningsansats tillämpats i tre steg: (1) 

problemidentifiering, (2) metodutveckling och (3) analys. Det första steget 

utforskar vilka krav som ställs samt identifierar kunskapsluckor som begränsar 

möjligheterna till ett miljövänlig byggande. I steg 2 utvecklas metoder för att 

bedöma, optimera och tillhandahålla ett robust beslutsstöd för ett miljövänligt 

byggande. I det sista steget tillämpas och analyseras utvecklade metoder på 

verkliga byggfall. Förfarandet upprepas tills målet med forskningen har uppnåtts. 

Den utvecklade metoden för byggprocessens miljöpåverkan kombinerar diskret 

händelsesimulering (DES) med processbaserad livscykelanalys (pLCA). DES 

används för att inkludera påverkan av osäkerheten  i produktionsfaktorerna i 

konventionella metoder för miljöbedömningar. För att effektivisera och 

möjliggöra miljöoptimering i realtid används maskininlärning (ML) i 

simuleringsbaserad optimering. ML minskar avsevärt beräkningstiden för 

miljöoptimering av byggprocesser och möjliggör i osäkerhetskvantifiering i 

realtid. Den presenterade robusta beslutstödsmetoden kombinerar DES och data 

mining (DM) för att kvantifiera osäkerheten av optimerade produktionsförslag. 

Metoden använder en datadriven metod, för att kvantifiera robustheten och 

identifiera sårbarheten i föreslagna  produktionsplaner när 

sannolikhetsfördelningarna för produktionsfaktorer är okända. 

Forskningen tillhandahåller ett systematiskt verktyg som byggbeslutsfattare kan 

använda för att hantera osäkerheter och för att stödja miljövänliga byggmetoder. 

De utvecklade metoderna kan bedöma miljöpåverkan av byggprocesser, vilket 

hjälper beslutsfattare att utveckla miljövänliga produktionsplaner samt förstå 

vilken påverkan osäkerheten i produktionsfaktorerna har på slutresultatet. 

Nyckelord: Byggprocesser, miljöpåverkan, osäkra faktorer, beslutsfattandel 
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1 INTRODUCTION 

This chapter provides background information that is relevant for 

understanding the research underlying this research, as well as identifies 

research gaps in current knowledge. It summarises the research purpose and 

research questions. The research boundary is defined, and the chapter ends with 

a description of how the author contributed to each of the appended articles. 

1.1 Background 

The processes involved in constructing buildings and civil infrastructure (e.g., 

roads and bridges) are broadly recognised as significant contributors to 

environmental degradation (Reza et al. 2014; Roodman et al. 1995). According 

to a report from the Royal Swedish Academy of Engineering Sciences (IVA) 

and the Swedish Construction Federation (Byggföretagen), the total carbon 

dioxide equivalents emitted by Swedish construction processes equate to around 

10 million tonnes per year, which is the same amount of emissions caused by all 

of the cars in Sweden, and more than the carbon dioxide equivalents generated 

by Swedish lorries and busses (IVA 2014). In developing countries, e.g., China, 

the situation is even more severe due to rapid urbanisation (Li et al. 2010). 

National statistics reveal that the construction  accounts for 25-30% of total 

annual energy consumption in China (Chang et al. 2011), making it the largest 

source of carbon emissions when compared with other Chinese industrial 

activities (Chen et al. 2017). On a global level, scenarios in which the current 

construction practices and technologies are applied translate to the construction 

processes using 35-60% of the carbon budget stipulated by the Paris Agreement 

over the next 30 years (Müller et al. 2013). The Intergovernmental Panel on 

Climate Change (IPCC) forecasted that construction is one of the sectors with 

the largest potential for global CO2 emissions reduction by 2030 (IPCC 2007). 
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Construction processes cause negative environmental impacts through massive 

energy use, intensive greenhouse emissions and the significant consumption of 

resources (Li et al. 2010). In addition, construction activities generate dust, solid 

and water waste that can pollute the environment (Yan et al. 2020). Although 

construction processes have relatively short durations, researchers have 

consistently realised that these processes exert significant environmental 

impacts over both time and space (Bilec et al. 2006; Fang et al. 2018; Li et al. 

2010; Trigaux et al. 2017). To mitigate these effects, the Swedish construction 

sector has set a roadmap to reduce the greenhouse gas emissions resulting from 

construction processes by 50% between 2015-2030, by 75% until 2040, and to 

achieve net-zero greenhouse gas emissions by 2045 (FossilfrittSverige 2018). 

The Swedish Transport Administration (STA) also stated a goal that all 

delivered infrastructure construction projects will be carbon neutral by 2045 

(Trafikverket 2017).  

Innovative methods for construction processes must be developed to meet these 

ambitious goals. An Environmental Impact Assessment (EIA) involves 

identifying, predicting, evaluating and mitigating the biophysical, social and 

other relevant effects prior to major decisions (IAIA 2009). In the building and 

construction field, scholars have developed EIA approaches that bases on life-

cycle assessment (LCA) to quantify and compare environmental impacts of 

alternative construction processes (Li et al. 2010). Different types of LCAs, such 

as process-based LCA, input/output LCA, and hybrid LCA (Dixit et al. 2010), 

have been developed to represent products or services with varying 

characteristics or that are performed on different scales. Currently, LCA using 

process-based inventory analysis (pLCA) is the most commonly used LCA 

approach, and is regarded to provide the most accurate representation of the 

environmental impacts of specific processes (Dixit et al. 2010). As such, 

researchers can use this approach to identify all of the impact sources from the 

processes that have been input into the inventory. pLCA has provided valuable 

real-world insight into how the environmental impacts of construction processes 

can be reduced (see Li et al. (2010) and appended paper II). 

Decisions regarding construction processes, such as which technologies, 

equipment, and materials to use, have distinct influences on environmental 

performance (Davies et al. 2014). Nevertheless, the planning of a construction 

project is challenging due to decisions that should be made from a number of 

alternatives according to multiple objectives (Jin et al. 2017). Methods for 

construction project optimisation have been widely explored to identify the most 

optimal construction alternative. All of the tested approaches apply some 
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metaheuristic algorithms due to the power of these methods in construction 

planning optimisation. Notably, genetic algorithm (GA), particle swarm 

optimization (PSO), and ant colony optimization (ACO) are widely applied 

algorithms (Liao et al. 2011). A significant share of the previous literature has 

focused on project cost and duration indicators, with the significance of 

environmental performance only recently being emphasised. Accordingly, 

environmentally-friendly planning, i.e., using reasonable labour allocation (Li et 

al. 2017) and construction equipment selection (Strukova and Kozlovska 

2013), have only recently been explored to reduce the carbon emissions caused 

by construction. 

1.2 Research gaps 

Construction processes are performed in contexts that are full of uncertainty 

(Moret and Einstein 2016; Nguyen and Ogunlana 2005), such as uncertain 

labour productivity, equipment failure rates, weather conditions, off-site 

transport, etc. It has been widely demonstrated that uncertain factors in 

construction significantly influence project performance in terms of project cost 

(Moret and Einstein 2016) and construction duration (Alzraiee et al. 2015; Liu 

and Lu 2018). Furthermore, uncertainty has also been found to affect the 

environmental performance of construction projects (Hong et al. 2016). The 

research underlying this thesis systematically identifies the challenges arising 

from construction uncertainty that prevent the achievement of environmentally-

friendly construction processes. These challenges can be summarised into the 

following three aspects: 

Assessment: An accurate EIA serves as a basis for the evaluation and 

comparison of construction decisions. Prior research has emphasised that EIA 

accuracy will be dramatically affected by uncertain factors (Lloyd and Ries 

2007). Specifically, the environmental performance of a project will be 

influenced by uncertain material wastage, energy consumption, and work 

productivity, among others (Hong et al. 2016). However, assessment methods 

such as LCA usually rely on static inventory data, which cannot reflect the 

influences of uncertain factors, and as such, is difficult to integrate the effects of 

these factors into assessment results (Asbjornsen 1995). The fact that 

construction is plagued by inherent uncertainty means that static assessment 

methods are unsuitable and unreliable when used to evaluate the environmental 

performance of a construction project. 

Optimisation: To select an environmentally-friendly planning from a great deal 

of construction alternatives under uncertainty, it is vital to efficiently identify 



Environmentally Friendly Construction Processes under Uncertainty 

4 

optimal decisions, as well as quantify the influences of uncertain factors (Zhang 

2008). In construction, simulation-based optimisation, which uses a simulation 

replication procedure to describe the influences of uncertainty, is the most 

commonly applied simulation-based optimisation method (Fu 2015). However, 

this procedure results in high computational loads (Zhang 2008), which seriously 

hampers the possibility of real-time support for environmentally optimal decisions.  

Decision-making: Based on the optimisation results, the decision-maker should 

select a robust plan with stable performance in terms of environmental metrics 

and other key project indicators under uncertainty. This should be performed 

under the fact that prior knowledge of the probability distributions of uncertain 

factors is not fully accessible (Cárdenas et al. 2012), especially the uncertain 
factor related to construction environmental performances which have recently 
been emphasised and not been fully investigated. It is also an important part 

of decision-making because every construction project is unique due to 

different building designs, temporary organisation, unique construction 

contexts, as well as unexpected disturbances. Wood (2000) already 

established that previous experiences and historical data are a theoretically 

unreliable data source for representing uncertainty in new construction 

projects. Decision-making in which the prior probability distributions of 

uncertain factors are incomplete should be treated as a deep uncertainty 

problem (Lempert et al. 2006), and conventional robust decision-making 

methods are not applicable in these situations (Cooke 2014). 

1.3 Research aim and research questions 

The aim of this research, therefore, is to develop a holistic approach for 

supporting environmentally-friendly construction processes and addressing the 

challenges caused by uncertainty. The research presented in this thesis is 

conducted to fill an identified research gap and answer three research questions 

with the corresponding methods. The relationships between the research 

purpose, gaps, questions, and methods are demonstrated in Figure 1.1. 

The research questions cover three aspects, with the first research question 

focusing on environmental impact assessment methods for construction 

processes that consider uncertainty, which can serve as the basis for 

environmental optimisation and robust decision-making: 

RQ1: How should the influences of uncertain factors be included into 

environmental impact assessments of construction processes?  
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Figure 1.1: The relationships between the research purpose, questions, gaps, 

and methods. 

Once the appropriate assessment method has been developed, the construction 

plan can be optimised from an environmental perspective. The second research 

question covers how the high computational loads caused by including uncertain 

factors in construction optimisation can be reduced. More specifically, this 

question considers whether machine learning technologies can enable real-time 

feedback for construction optimisation: 

RQ2: Can the embedded machine learning technologies improve the efficiency 

of environmental optimisation methods that consider uncertainty? 

Based on the optimisation, the last research question focuses on how robust, 

environmentally-friendly construction decisions can be made under situations of 

deep uncertainty, i.e., partly unknown probability distributions of uncertain factors: 

RQ3: How can robust environmentally-friendly decisions regarding 

construction processes be ensured under situations of deep uncertainty? 

1.4 Research boundary 

To achieve environmentally-friendly construction processes, the research 

boundary for the appended papers concerned all of the sources of environmental 

impacts that can be determined and optimised in construction processes. A 

literature review on the environmental impacts from construction processes was 
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performed so that the presented research would take into account all relevant 

knowledge (shown in Table 1.1). The synthesis of the literature review revealed 

that materials (separated as building/infrastructure materials and construction 

materials), equipment, and labour are traditionally considered as the main 

sources of environmental impacts in construction processes. The knowledge 

gained from the literature review helped establish the research boundary of the 

work underlying this thesis, demonstrated in Figure 1.2.  

Table 1.1: Literature review results concerning the environmental impacts of 

construction processes. 

Materials 

Equipment 
Human 

labour 
Literature source Building & 

infrastructure 

materials* 

Construction 

materials** 

 X X  (Li et al. 2010) 

 X X  (Gangolells et al. 2009) 

X X X X (Metin and Tavil 2014) 

X X X  (Sandanayake et al. 2018) 

 X X  (Gangolells et al. 2011) 

X X X X (Borja et al. 2018) 

 X X  
(Casanovas-Rubio and Ramos 

2017) 

X  X X (Quale et al. 2012) 

X X X  
(Russell-Smith and Lepech 

2015) 

  X  (Elmasoudi et al. 2019) 

Note: “X” denotes that a research paper identified this as an impact source of construction; “*” 

building & infrastructure materials include material waste; “**” construction materials include 

the consumption of natural resources (e.g., water). 

 

 

Figure 1.2: The research boundary of this thesis. 
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Materials can be classified as building/infrastructure materials and construction 

materials. Building/infrastructure materials describe the materials that are the 

main structural part of a building or infrastructure, e.g., concrete, steel, and 

asphalt. On the other hand, construction materials are the temporary and 

auxiliary materials specified by the selected construction technology, e.g., such 

as formwork and steel tube. Li et al. (2010) have proposed that 

building/infrastructure materials are determined by the designer, and thus, 

should not be considered in construction processes, while Tam et al. (2007) 

demonstrated that construction processes influence the building/infrastructure 

materials based on wastage rate, which can differ largely due to construction 

technology and management ability. The research underlying this thesis attempts 

to support environmentally-friendly construction processes; therefore, the 

wastage of building/infrastructure materials and construction materials are 

considered in the presented methods. Their environmental impacts from 

upstream production, on-site usage, and recycling are taken into account.  

Construction equipment constitutes another source of environmental impacts. 

These equipment are indispensable in modern construction for accomplishing 

both on- and off-site construction tasks. Moreover, the equipment factor was 

identified as a source of negative environmental impact in each of the studies in 

the literature review.  Construction equipment consume a significant amount of 

energy, which indirectly causes environmental impacts via energy exploitation 

and production. The operation of construction equipment also generates 

emissions and dust that directly influences the environment. Several previous 

studies have also discussed the noise or vibration from equipment, but these 

characteristics were excluded since noise and/or vibration are not generally 

regarded as environmental impacts.  

Human labour also causes significant indirect environmental impact alongside a 

product or a service (Rocco and Colombo 2016). Many construction tasks are 

naturally labour-intensive practices, as such, it is surprising that only a limited 

number of studies have included human labour into assessments of 

environmental performance. For this reason, the indirect environmental impacts 

of labour, such as worker transport, were considered in the research underlying 

this thesis. The analysed uncertainty is defined within construction processes as 

indicated in Figure 1.2, and uncertainty from external aspects such as 

environmental assessment methods are excluded from this research boundary. 
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1.5 Appended articles and authors’ contributions 

Paper I: Wang Y, Feng K* and Lu W. (2017). An environmental assessment 

and optimization method for contractors. Journal of Cleaner Production, 142 

(2017), 1877-1891. 

This is the study which began the research process chronicled in this thesis. 

Limitations and gaps concerning environmentally-friendly construction were 

identified from a case study. As the main author, I - along with Lu - contributed 

the idea of combining process-based life-cycle assessment (pLCA) and particle 

swarm optimisation (PSO) for optimising the environmental performance of 

construction. I developed the model, conducted the case study and wrote most 

of the paper. Wang supported by providing the research orientation and research 

funding. Lu significantly contributed to revising the paper. 

Paper II: Feng K, Lu W, Olofsson T, Chen S, Yan H and Wang Y*. (2018). A 

predictive environmental assessment method for construction operations: 

Application to a northeast China case study. Sustainability, 10, 3868. 

Regarding the influences of uncertainty, I - along with Lu - formulated the idea 

of combining discrete-event simulation and process-based life-cycle assessment 

(DES-pLCA) to assess the environmental performance of construction 

processes. The simulation of the developed method reinforces the ability of the 

analytical approach to account for uncertain construction processes. I wrote the 

paper, developed the model, and conducted the case study. Olofsson 

significantly contributed to the revision of the paper, while the other authors 

supported research by providing critical feedback. 

Paper III: Krantz J, Feng K*, Larsson J and Olofsson T. (2019). ‘Eco-Hauling’ 

principles to reduce carbon emissions and the costs of earthmoving - A case 

study. Journal of Cleaner Production, 208 (2019), 479-489. 

Krantz formulated the main idea of ‘eco-hauling’, and I - as the co-author - 

contributed the idea of re-visiting DES-based simulation to assess the 

environmental performance of earthmoving work. This thought was motivated 

by the fact that earthmoving work can be heavily influenced by the uncertain 

task (i.e., interchange in case) between construction tasks. I developed the 

simulation model, conducted the simulations, and wrote subsection 4.3.1 “Model 

development”. Larsson contributed to the revision of the paper, while Olofsson 

supported by providing ideas and feedback. 
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Paper IV: Feng K, Lu W, Chen S and Wang Y*. (2018). An integrated 

environment-cost-time optimisation method for construction contractors 

considering global warming. Sustainability, 10, 4207. 

To develop a simulation-based optimisation for optimising construction from an 

environmental perspective, the metaheuristic optimisation algorithm PSO was 

introduced into DES-pLCA as an “Time-Cost-Environment” multi-objective 

optimisation method. I developed and prototyped the model, and wrote most of 

the paper. Lu significantly contributed to the revision of the paper. Chen assisted 

with model development, while Wang provided critical feedback. 

Paper V: Feng K, Chen S and Lu W. (2018). Machine learning based 

construction simulation and optimization. Proceedings of the 2018 Winter 

Simulation Conference, Gothenburg, Sweden, 2025-2036. 

I formulated the idea of using machine learning to accelerate simulation-based 

optimisation. This idea was motivated by the need to reduce the computational 

loads associated with uncertainty quantification within construction 

optimisation. I developed the model and wrote the paper. This is a pilot study in 

which the machine learning is validated to be effective in the optimisation 

framework. According to the presented results, this machine learning embedded 

method increases the entire efficiency of optimisation. Chen assisted with model 

development and the case study, while Lu significantly contributed to the 

revision of the paper. 

Paper VI: Feng K, Lu W*, Chen S, Wang S, Yang B, Sun C and Wang Y. 

(2020). Embedding ensemble learning into construction optimisation: a 

computational reduction approach. Submitted to Automation in Construction. 

This paper applied the ensemble learning to improve the developed machine 

learning based simulation-optimisation. I developed the model and wrote most 

of the paper. The ensemble learning was validated, and outperformed every other 

single-core machine learning algorithm, including neural network, extreme 

learning machine, and regression tree. Lu significantly contributed to writing the 

discussion and revising the paper, while Wang provided critical feedback. 

Paper VII: Feng K, Wang S and Lu W*. (2020). The uncertainty analysis 

approach for construction under deep uncertainty. Submitted to Journal of 

Construction Engineering and Management. 
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The uncertainty of construction processes affects the performance. This becomes 

a major challenge when there is incomplete knowledge of certain uncertain 

factors. We developed a data-driven approach which integrated discrete-event 

simulation and data mining algorithms to identify robust decisions, as well as 

reveal the vulnerability of these decisions. I developed and prototyped the 

integrated method. I – along with Wang - wrote the draft of the paper, and Lu 

provided feedback for improvement. 

1.6 List of publications not appended to this thesis 

Feng K, Lu W* and Wang Y. (2019). Assessing environmental performance in 

early building design stage: An integrated parametric design and machine 

learning method. Sustainable Cities and Society, 50 (2019), 101596. 

Yan H, Ding G, Feng K*, Zhang L, Li H, Wang Y, Wu T. (2020). Systematic 

evaluation framework and empirical study of the impacts of building 

construction dust on the surrounding environment. Journal of Cleaner 

Production, 275 (2020), 122767. 

Feng K, Wang Y and Lu W. (2017). The environmental performance of 

prefabricated building and construction: A critical review. Proceedings of the 

2017 International Conference on Construction and Real Estate Management, 

10-12 November 2017, Guangzhou, China. 

Chen S, Feng K and Lu W. (2019). A simulation-based optimisation for 

contractors in precast concrete projects. Proceedings of the 10th Nordic 

Conference on Construction Economics and Organization, 7-8 May 2019, 

Tallinn, Estonia. 

Feng K, Wang Y, Lu W and Li X. (2016). Weakness of the embodied energy 

assessment on construction: A literature review. Proceedings of the 2016 

International Conference on Construction and Real Estate Management, 

September 29-October 1 2016, Edmonton, Canada.
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2 FRAME OF REFERENCE 

Uncertainty causes difficulties in the assessment, optimisation, and decision-

making of environmentally-friendly construction processes. The uncertainty 

inherent to construction processes, which is the main motivation for the research 

underlying this thesis, is explained at the beginning of the chapter. Subsequent 

sections then review the current theories on assessment, optimisation, and 

decision-making, as well as discuss the limitations of each of these theories when 

addressing the uncertainty associated with construction. Strategies for 

overcoming each of the presented limitations are then presented at the end of 

each section. 

2.1 Uncertainty and deep uncertainty in construction processes 

Construction is a systematic process for planning and executing a building or 

infrastructure project (O'Flaherty 2001). Previous researchers have also 

emphasised how construction projects are performed in contexts full of 

uncertainty (Moret and Einstein 2016; Nguyen and Ogunlana 2005). In our 

research (Feng et al. 2018), the uncertain factors in construction are the variables 

that fluctuate within a certain range and affect the performance of construction. 

In the construction planning phase, a decision-maker should consider uncertainty 

to reliable plans. In contrast, during the construction phase, a decision-maker 

should manage uncertainty to avoid the risk of unacceptable construction 

performance (Antunes and Gonzalez 2015). 

The uncertain factors in construction exist in various aspects, e.g., construction 

tasks, construction context, and the supply of necessary resources and materials 

(Lu et al. 2019; Wang et al. 2016). They are normally classified into internal and 

external uncertainty. Kolltveit et al. (2004) stated that internal factors which 

affect the construction performance represent internal uncertainty. Shen (1996) 
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provided a comprehensive classification of the internal uncertain factors that are 

relevant to construction, namely, the project itself, project organisation, finance, 

decision-makers and human related. Construction processes are also affected by 

many external factors (Kolltveit et al. 2004). Gosling et al. (2013) divided 

external uncertainty into the construction supply chain, weather, and market 

economic conditions. Shen (1996) classifies external uncertainty based on eight 

aspects, including natural environment, government policy, law, economic 

environment, social environment, construction technology, intervention of 

professional institutions, and physical conditions. Different construction projects 

have specific key uncertain factors that arise from their unique characteristics. 

The three case studies presented in this thesis analysed construction uncertain 

factors that were both project- and human-related, more specifically, equipment, 

labour productivity, material wastage, and uncertain factors related to natural 

environment (e.g., weather). 

Walker et al. (2013) divided the uncertainty system into five levels according to 

the progressive degree of uncertainty, see Table 2.1. The fourth and fifth 

uncertainty levels, which lack complete probability distributions, represent deep 

uncertainty. Lempert et al. (2006) provided the following definition of a deep 

uncertainty problem: a situation in which decision-making parties do not 

understand, or fully agree on, the interrelations between variables in the system, 

the probability distributions of key uncertain factors, or the final degree of 

preference for different results. 

Every construction project is unique due to different building designs, the 

temporary organisation of resources, specific construction contexts and/or 

unexpected events. As such, previous experiences and/or historical data 

regarding uncertain factors related to new construction cannot be assumed as 

reliable, such as probability distributions and reasonable value ranges of 

uncertain factors. Therefore, decision-making related to construction projects 

should be treated as a deep uncertainty problem. As argued by Cooke (2014), 

the robust decision-making methods that rely on probability distributions are not 

applicable to problems of deep uncertainty. A specially tailored robust decision-

making method is required for construction decision-makers to handle deep 

uncertain problems. 
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Table 2.1: The five levels of uncertainty, based on the progressive degree of 

uncertainty. Adapted from Walker et al. (2013). 

 
 

2.2 Environmental impact assessment for construction 

2.2.1 Life cycle assessment for construction 

Starting in the 1960s, the scientific community gradually became aware of the 

environmental impacts associated with human activities, and the Environmental 
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mention the long-term influences that encompass material production to end-of-

life and recycling. 

Since then, the life-cycle assessment (LCA) has been increasingly applied to 

environmental impact assessments concerning buildings and infrastructure. It 

simulates the life cycle of a project from its inception to its senescence in order 

to assess the total environmental impact of a certain project (ISO 2006a). 

Normally, a full “cradle to grave” life cycle includes the extraction of raw 

materials, the processing, production, packaging and transport of products, and 

recycling at the end of the life cycle (Ibbotson and Kara 2013). A LCA can cover 

all the stages of production in a comprehensive way to provide a systematic 

environmental impact assessment. The International Standardization 

Organization (ISO) defined the life cycle assessment procedure in four steps: 

definition of research objectives and scope; life cycle inventory; life cycle impact 

assessment; and interpretation of results (ISO 2006a; ISO 2006b). 

Along with the continuous development of the LCA, the partial LCA – which 

applies a “cradle to gate” or “gate to gate” approach - was developed to cater to 

the characteristics of different products. In the field of building and 

infrastructure, a “cradle to grave” LCA covers the environmental impact of a 

building and infrastructure throughout the whole life cycle, whereas a “cradle to 

gate” LCA covers the environmental impacts of the extraction of raw materials 

until on-site construction and “gate to gate” normally covers the environmental 

impact of on-site construction (Abd Rashid and Yusoff 2015). As the research 

underlying this thesis primarily aimed to achieve environmentally-friendly 

construction processes, the appended papers mostly applied the “gate to gate” 

approach. Nevertheless, certain modifications were made, namely, the full life 

cycles of construction materials which were fully determined during the 

construction process were considered.  

The three major types of inventory analysis methods for LCA assessment are 

process-based, input/output-based, and hybrid (Dixit et al. 2010). The process-

based method analyses each process associated with the assessed product and 

then sums the total impacts. According to the aforementioned literature review, 

this is the most widely used method in the construction field (Feng et al. 2017), 

and is considered as the most accurate method within the defined system 

boundaries (Ding 2004). However, the process-based method requires extensive 

effort, as every impact source in the studied process must be identified and 

analysed (Dixit et al. 2010). In addition, the selection of system boundaries is 

subjective in process-based LCA (Suh et al. 2004). In contrast, input/output-

based LCA is linked to the monetary input-output tables of various industrial 
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sectors produced by national or regional statistical agencies. This approach is 

efficient to assess the environmental impact on the macro scale (Ding 2004). The 

downside of this approach is that the homogeneity, proportionality, errors, and 

uncertainty in the economic data, as well as the aggregation and grouping of 

sectors, can cause problems. Both of these characteristics mean that 

input/output-based LCA is less suitable for highly specific construction cases 

(Crawford and Treloar 2003). The hybrid method comprehensively utilises 

macro data and process-linked data to overcome the limitations of both process-

based and input/output-based LCA (Ding 2004). Among these inventory 

analysis methods, the process-based method is obviously suitable for assessing 

the environmental impacts of specific process. Thus, it is highly suitable for 

construction impact assessments given that the effort required for this 

assessment is practically feasible. 

Life-cycle impact assessment (LCIA) characterises how the various 

environmental pollutants caused by a product or process affect the ecological 

environment or human health. As such, this assessment presents the types and 

severities of the environmental impacts associated with a specific product or 

service. In a LCIA, Mid-Point and End-Point (shown in Figure 2.1) are two most 

commonly used methods for characterisation. Based on the mechanism 

underlying each environmental impact, the Mid-Point method characterises 

environmental impacts into various environmental impact potentials, including 

greenhouse effect potential (GWP), acidification potential (AP), and 

photochemical pollution potential (POCP), among others. The CML 

environmental impact assessment system developed by Leiden University is a 

typical Mid-Point method (Guinée and Lindeijer 2002). The End-Point method 

takes the Mid-Point method a step further by separating all of environmental 

impact potentials into their effects on different objects, such as environmental 

impacts that eventually lead to adverse human health effects. The ReCiPe 

environmental impact assessment system is a typical End-Point method 

(Huijbregts et al. 2017). According to Bare et al. (2000), the advantage of Mid-

Point lies in the low uncertainty of the parameters and environmental models, 

which ensures accuracy. However, the evaluation of a Mid-Point LCIA requires 

the research to consider results which have been divided across many aspects. 

This does not make the approach easily applicable to decision-making. In 

contrast, the End-Point evaluation can support environmental decisions because 

it already divides the results into influences on executable objects, such as 

humans, ecology, and resources. However, this approach is less reliable than the 

Mid-Point method because it includes many assumptions (Bare et al. 2000). The 

research underlying this thesis aimed to create tools that consider the uncertainty 

involved in construction projects with the final goal of helping decision-makers 
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select environmentally-friendly construction processes. As such, it was 

unreasonable to involve more uncertainty stemming from aspects other than 

construction processes into the models. For this reason, the developed 

assessment method applied the Mid-Point approach, and the problem of multiple 

environmental aspects will be addressed by multi-objective optimisation.  

 

Figure 2.1: An overview of Mid-point and End-point life cycle impact assessments. 

Nevertheless, the LCA includes some limitations which may prevent this method 
from supporting the environmental assessment of construction processes 
(Langston and Langston 2008). As mentioned earlier, the process-based life 
cycle assessment is the most reliable assessment method, and is especially 
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performed in contexts full of uncertainty (Moret and Einstein 2016; Nguyen and 
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capture construction uncertainty. Brunet et al. (2012) were some of the first 
researchers to use simulation technology to help LCA assess the environmental 
impacts of engines’ thermodynamic cycles. The simulation technology was able 
to perfectly describe the uncertainty within the thermodynamic cycle processes; 
thus, simulation technology was integrated into LCA to yield a method that could 
take into account the uncertainty associated with certain processes. 
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real world as a system, with the state of the system changing due to the 

occurrence of discrete events (Fujimoto 1990). DES also captures the variability 

of events in a complex system and describes the uncertainties of a real system 

(Cheng and Duran 2004). When compared with continuous system simulation 

(CSS) – which nearly constantly divides the analysed time period into intervals 

- DES is event-driven and only analyses whether there were changes in certain 

events during a time sequence. Therefore, DES requires far less computing 

capacity than other methods while still providing satisfactory simulation 

performance (Fishman 2013). Due to these characteristics, DES is regarded as 

an effective and efficient method for simulating a complex system, i.e., 

manufacturing, communication network, transport, and health-care delivery 

(Fishman 2013; Löfgren and Tillman 2011). 

The traits of DES also make it suitable for analyses which take into account the 

uncertainty of construction processes. Numerous researchers in the field of 

building and infrastructure have used DES in their analyses. For example, Nassar 

and Morad (2004) used DES to predict occupant movement. Lu et al. (2011) 

used DES to simulation the performance of a proposed residential building 

construction systems using lean-agile model. The results were utilised to 

evaluate and validate proposed model. DES was also used to assess the 

performance of material delivery strategies for prefabricated construction (Wang 

and AbouRizk 2009), the performance of dam construction (Liu et al. 2013), and 

various road construction scenarios (Aziz et al. 2017). It may be useful to combine 

DES and LCA when assessing the environmental impacts of construction due to 

the ability of DES to account for various sources of uncertainty.  

The basic components of the discrete-event system are entity, attribute, activity, 

state, event, and time. Entity is the majorly simulated objects in the system that 

are crucial to overall performance, for example, the machines in the factory 

system, and the patients in the clinic system. The entity should be defined based 

on the research objectives. In construction processes, the entity can be defined 

as the construction components. Attribute, in turn, describes the entity's 

characteristics, such as working loads of construction components. Activity 

refers to continuous operations or processes that are related to the entity, e.g., a 

specific construction activity like concrete pumping. State refers to the status of 

system in a specific activity. An event is any action that causes a state to change, 

such as the start of construction activity, while time is the parameter used to 

monitor the state of the system. The research presented in this thesis adopted 

DES – illustrated in Figure 2.2 - to model the construction processes. 
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Figure 2.2: Schema of discrete event system for construction processes. 

The purpose of simulation is to establish the interrelations between the real 

world, conceptual world, and simulation world. The real world represents the 

actual state of the research system being studied, whereas the conceptual world 

is the abstraction of the research system. The simulation world exists in the 

model developed on a computer platform using the conceptual model. Mohamed 

and AbouRizk (2006) proposed one of the earliest discrete event simulation 

models for the construction field, and the research presented in this thesis 

adopted, as well as modified, this prior modelling framework (as shown in 

Figure 2.3). 
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Figure 2.3: The modelling process of a construction discrete-event simulation, 

adapted from Mohamed and AbouRizk (2006). 
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(see Figure 2.4). Previous work by Lu and Olofsson (2014) used the CARS 

model in the integration of Building Information Models (BIM) and DES in the 

planning and follow-up of construction activities. Based on the research 

discussed above, DES is used to establish the model for the simulation world of 

construction processes. The conceptual abstraction of construction processes and 

the corresponding simulation elements are shown in Table 2.2. 

 
Figure 2.4: The CARS method used to describe the conceptual model of 

construction processes, adapted from Fischer et al. (1999). 

 

Table 2.2: Concepts included in the construction processes simulation. 
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of time and cost objectives. Later studies included construction quality in the set 

of objectives. For instance, San Cristóbal (2009) integrated construction quality 

indicators into the set of objectives, and used genetic algorithm and linear 

programming methods to find trade-offs between construction time, cost, and quality. 

The environmental impacts of construction processes have attracted increasing 

research attention during recent years. Ozcan-Deniz et al. (2017; 2012) 

developed a model that includes environmental, cost and time objectives in order 

to yield construction plans that also consider the environmental performance. 

Shi et al. (2013) previously found that most contractors would assume that the 

cost and duration performances would suffer from environmentally-friendly 

planning (Shi et al. 2013). However, according to the findings of Ozcan-Deniz 

et al. (2017; 2012), the construction time of a residential project is inversely 

correlated with global warming potential (GWP), while the cost is positively 

correlated with GWP. Furthermore, the cost of a certain highway construction 

was shown to be only weakly positively correlated with greenhouse gas 

emissions, while construction time showed a negligible correlation with 

greenhouse gas emissions. Therefore, there is no general relationship between 

environmental performance and other project objectives, as these interrelations 

are highly dependent on specific project characteristics. For this reason, there is 

always possible to identify a solution that optimises the time, cost, and 

environmental objectives, simultaneously. 

In multi-objective construction decisions, it is common practice to introduce the 

subjective preferences of decision-makers into each objective. Decisions can 

then be made by means of methods such as multi-attribute decision-making, e.g., 

Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) 

method (Tzeng and Huang 2011). On the other hand, when it is difficult to obtain 

a subjective preference, another option is to provide the decision-makers with a 

multi-objective Pareto front, which describes a finite set of non-dominated 

solutions to the construction planning. The decision-makers can then select one 

of the Pareto solutions according to their preferences.  

2.3.2 Metaheuristic algorithm for construction 

Numerous researchers have applied metaheuristic algorithms to find Pareto 

solutions to an optimisation problem (Czyzżak and Jaszkiewicz 1998). The 

solution space of real world practices can be unfathomably large, which makes 

it impractical to compare all of the alternatives. Metaheuristic algorithms can be 

applied to this type of challenging situation, as the algorithm can be designed to 

search the solution space for a "satisfactory solution". The term "satisfactory 



FRAME OF REFERENCE 

 21 

solution" means that the algorithm does not ensure that the obtained solution is 

the best solution, but guarantees that the identified solution is satisfactorily close 

to the best solution. Another benefit of the metaheuristic algorithm is that these 

approaches are minimally affected by the characteristics of the optimisation 

problem. For instance, a metaheuristic algorithm is far less influenced by the 

discontinuous, non-convex and multi-peak of a problem than the mathematical 

programming method (Coello et al. 2006). Metaheuristic algorithms include a 

wide range of specific optimisation algorithms, among which the genetic 

algorithm (Holland 1992), simulated annealing (Pincus 1970), TABU search 

(Glover 1986), ant colony algorithm (Dorigo 1992), and particle swarm 

optimisation (Kennedy and Eberhart 1995) are the most popular. 

In theory, various types of metaheuristic algorithms can be applied to 

optimisation problems concerning an engineering practice. However, due to 

different search mechanisms, the algorithms are not all equally adaptable to 

various backgrounds. According to the findings of Adrian et al. (2015), genetic 

algorithm, ant colony algorithm, simulated annealing algorithm, and particle 

swarm optimisation algorithm are the four most common metaheuristic 

algorithms used for construction layout optimisation. In contrast, genetic 

algorithm, direct search, particle swarm optimisation and simulated annealing 

algorithm are the four most popular metaheuristic algorithms for designing 

sustainable engineering (Evins 2013). In most cases, the performance of an 

optimisation algorithm is measured based on success rate, optimisation quality 

and convergence speed. The success rate refers to the probability of finding a 

satisfactory solution to an optimisation problem within an acceptable time 

period. Optimisation quality refers to how closely the obtained plan reflects the 

optimal solution, whereas convergence speed refers to the speed at which the 

optimisation algorithm obtains the plan from the search space. Evins (2013) 

developed a comprehensive index for measuring the performance of an 

optimisation algorithm that includes three aspects, namely, the complexity of 

solving problems, the ability to represent the real world, and the use of 

conditions. Evolutionary algorithms (e.g., genetic algorithms), swarm 

intelligence (e.g., particle swarm optimisation, ant colony algorithm), and 

simulated annealing represent the three classes of algorithms which perform best 

on these three aspects. 

Since being first presented by Kennedy and Eberhart (1995), particle swarm 

optimisation (PSO) has become a widely used approach for solving optimisation 

problems across various engineering fields. Eberhart et al. (2001) found that 
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PSO is particularly suitable for solving multi-objective optimisation problems 

due to excellent performance in terms of both success rate and optimisation 

quality, as well as good convergence speed. Another advantage of PSO is that it 

is equally suitable to both discrete and continuous variables, which ensures that 

it can be applied to most real-world engineering practices (Elbeltagi et al. 2005). 

Mohammed (2012) investigated how artificial colony, colony algorithm, ant 

colony optimisation, bacterial foraging optimisation algorithm, differential 

evolution, particle swarm optimisation, genetic algorithm, and coordinate search 

optimisation compared in performance in nonlinear unconstrained optimisation 

problems. The results showed that particle swarm algorithm has the highest 

success rate and shortest time for the optimisation of problems with unimodal 

function. In the field of construction, PSO has been used to consider practical 

problems such as schedule planning (Fang 2012), cost-progress-quality 

optimisation (Zhang and Xing 2010), and construction layout (Zhang and Wang 

2008). Based on the aforementioned advantages, the research underlying this 

thesis applied PSO to cost-time-environment optimisation problems. 

2.3.3 Simulation-based optimisation for construction 

Simulation-based optimisation (SO), also known as integrated simulation and 

optimisation, is a widely applied method for the optimisation of complex 

problems in which it needs simulation to assess the performance and plenty of  

alternatives need comparison (Fu 2015). In SO, the simulation is guided by the 

optimisation algorithm, which searches for the optimal plan (as shown in Figure 

2.5). In the SO method, the first step is randomly setting parameters in the 

feasible region, which serves as the basis for the initial identification of possible 

plans. These initial plans will then be input to the established simulation model, 

after which related performance will be assessed by simulation. The evaluation 

results will be used as the fitness value of the optimisation algorithm to support 

subsequent optimisations. Next, the optimisation stop condition is detected. If 

the stop condition is not identified, the optimisation algorithm will carry out a 

new search with certain iterations. The updated construction plan is then re-input 

into the simulation model for simulation. These "simulation-optimisation" 

iterations will continue until the stop condition is satisfied and a Pareto solution 

describing the optimal plan is obtained.  

In contrast to optimisation technologies that only rely on static data, the 

simulation technologies in the SO method can simulate construction 

performance by considering the interactions between construction processes and 
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the influences of uncertain factors. Furthermore, when compared with methods 

that solely rely on simulation technology, the SO method can be used to search 

and converge to optimal solutions across an extensive set of available 

construction alternatives. In this way, the SO method provides optimal solutions 

to multi-objective optimisation problems while avoiding enumeration of all 

alternatives. The SO method is therefore a suitable method for multi-objective 

construction optimisation problems,  many application can be found such as in 

Osman et al. (2017) and Jin et al. (2017). 
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Figure 2.5: The simulation-based optimisation method. 

However, most studies on construction optimisation focus on the project 

objectives of cost, time and quality. Only a limited portion of the published 

research also includes the environmental aspect. Ozcan-Deniz et al. (2017; 2012) 

published a pilot study that considers environmental performance in construction 

optimisation. However, the presented model includes certain simplifications, 

i.e., performance is a static parameter that does not consider the effects of 

uncertainty or the interactions among construction processes. 

Recent research has found the SO method less useful due to excessively high 

computational loads (Nguyen et al. 2014; Ninić and Meschke 2015). The results 

in Paper IV and Paper VI revealed that one complete SO run for a construction 

problem with uncertainty may take days when using a standard computing 

platform. Therefore, the SO method may not be practical for construction 

projects as it will not provide decision-makers with timely responses due to its 
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high computational loads (Jun et al. 2010; Nguyen et al. 2014). Thus, a more 

efficient method is needed to support real-time construction decisions. The 

research underlying this thesis investigated whether the inclusion of machine 

learning technology can improve the operational efficiency of the SO method. 

2.3.4 Improving construction optimisation by machine learning 

Machine learning technology has experienced rapid development in recent years. 

Various machine learning algorithms with different characteristics have been 

developed (Yan and Wang 2013). Neural networks represent the earliest 

example of a machine learning algorithm, and is currently the most commonly 

applied approach. This method has also been used as the base from which even 

more powerful algorithms been developed, such as convolutional neural 

networks (CNN). Support vector machine, decision tree and naive Bayesian 

algorithms are further examples of commonly used machine learning algorithms. 

The research presented in this thesis initially applied neural networks to test 

whether machine learning can improve the performance of construction 

optimisation methods. Based on the results, additional machine learning 

algorithms were tested in searching for better performance of the developed 

machine learning construction optimisation method.  

Among the machine learning algorithms, ensemble learning (EL) was designed 

to build multiple machine learning sub-models and integrate them into a unified 

model to improve the learning stability and feasibility, see Figure. 2.6 (Zhang 

and Ma 2012). The advantage of EL algorithms, when compared with the more 

commonly used, single model algorithm, is that they demonstrate more robust 

learning quality when dealing with highly variable problems (Cao et al. 2018; 

Xu and Yang 2018). This robustness of EL comes from the high learning 

sensitivity of different sub-model algorithms, i.e., higher weights are assigned to 

the more suitable sub-models. Based on these characteristics of EL, neural 

network (e.g., Bayesian regularization backpropagation neural networks and 

extreme learning machine) and regression tree algorithms with high learning 

sensitivity are highly suitable as the sub-model algorithms in EL (Mendes-

Moreira et al. 2012). Numerous researchers, e.g., Van Heeswijk et al. (2011), 

Kazemi and Mirroshandel (2018), Wang et al. (2018), and Liu et al. (2018), have 

used these algorithms to build EL models.  

In ensemble learning, sub-model training can either employ a homogeneous (all 

EL sub-models are trained with the same algorithm) or heterogeneous (different 

algorithms are used to train different sub-models) method. Because different 

machine learning algorithms have unique adaptations to different contexts, it is 
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theoretically plausible that the heterogeneous method would be more suitable for 

problems with larger degrees of variation (Mendes-Moreira et al. 2012). 

Research by Webb and Zheng (2004) as well as Heinermann and Kramer (2016) 

demonstrated that in the contexts of disease prediction and wind prediction, EL 

models trained with heterogeneous methods slightly outperformed EL models 

trained with homogeneous methods. Therefore, the research underlying this 

thesis used heterogeneous method to train the EL sub-models. A typical 

heterogeneous method, which employs Bayesian regularization backpropagation 

neural networks (BRBNN), extreme learning machine (ELM), as well as 

regression trees (RT) for training sub-models, is illustrated in Figure 2.6. 

 
Figure 2.6: The structure of an ensemble learning model that applies the 

heterogeneous method for sub-model training. 

Bagging and boosting are the two most common ensemble generation methods. 

Bagging was originally proposed by Breiman (1996) and is currently the most 

commonly used method for the generation of an EL model. In bagging, the 

training sample for each sub-model is sampled from the entire training sample 

with replacement. In contrast, boosting requires multiple rounds of sampling, 

training and verification. As such, boosting builds training samples for sub-

models according to dynamic probability In other words, samples with poor 

performance in previous training will have a high probability of being selected, 

while samples with good performance in previous training will have a low 

probability of being selected. Several algorithms, such as AdaBoost.M1, 

AdaBoost.M2 and AdaBoost.R, have been built based on the basic premise of 
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boosting algorithm. Zhang and Ma (2012) found that bagging provides better 

results in situations with a limited training sample, while Quinlan (1996) found 

that boosting demonstrates higher predictive accuracy than bagging when 

numerous training samples are available. However, as (Freund and Schapire 

1997) note, boosting shows unstable performance in certain cases because it may 

over-fit the training sample over multiple rounds of training. The machine 

learning-based method developed throughout the appended papers was designed 

to improve the efficiency of optimisation. Therefore, the generation of training 

samples should not take an excessive amount of time, which would offset the 

efficiency of the new optimisation method. In this context, the bagging algorithm 

was preferred for creating training samples. 

The application of EL in the field of building and infrastructure is still at an early 

stage. As such, only a few exploratory studies have attempted to use EL 

algorithms to replace traditional statistical methods and single model machine 

learning algorithms. Notably, Cao et al. (2018) used an EL algorithm to build a 

model for evaluating highway project bids, and found that the EL algorithm was 

superior to the single model machine learning algorithm in terms of average 

absolute error, mean square error and average absolute percentage error. Using 

data concerning 92 construction projects, Wang et al. (2012) constructed a 

classification model that could determine whether a construction project will 

successfully achieve its cost and schedule objectives. The results demonstrated 

that an EL algorithm provided better predictive ability than the machine learning 

algorithm of the single model.  Maghrebi et al. (2016) introduced an EL 

algorithm into a ready-mixed concrete supply system to conduct automatic 

supply chain distribution of ready-mixed concrete. This research also provided 

evidence that the EL algorithm was more accurate than the single model machine 

learning algorithm. Therefore, the research underlying this thesis applied an EL 

algorithm to improve the efficiency of a "simulation-optimisation" method, to 

test whether EL could further benefit the developed machine learning 

optimisation method.  

2.4 Decision-making under uncertain construction conditions 

2.4.1 Current robust decision-making methods used in construction 

Robust decision-making is necessary for addressing and managing the 

uncertainty inherent to construction projects (Moret and Einstein 2016). 

Robustness can be defined as the ability to maintain stable performance under 

uncertain conditions (Casanovas-Rubio and Ramos 2017). Recent research into 

this field construction optimisation has often concentrated on: i) analysing how 
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uncertain factors influence construction performance; and ii) how this 

information can be leveraged for robust decision-making. 

Moret and Einstein (2016) used Monte Carlo and construction simulations to 

evaluate construction cost and duration in high-speed railway projects under the 

influence of uncertain factors, with the results showing that uncertainty may 

increase construction cost and time by 30-35%. Similarly, the environmental 

performance of the process is also affected by uncertainties. Hong et al. (2016) 

combined quantitative probabilistic methods and data quality evaluation 

methods to determine which uncertain factors have the most significant 

influence on environmental assessment results. They found the environmental 

assessment method and raw data to be the most influential uncertain factors in 

environmental assessments, while the uncertainty related to construction 

materials such as reinforced steel, concrete, talc and foam plastics can also 

impact environmental assessment results.  Furthermore, the results showed that 

analyses which consider uncertainty predict 2.1-8.1% higher carbon emissions 

than analyses based on static data. In another study, Porcar et al. (2018) analysed 

differences in energy consumption between different construction technologies. 

Simulations of building performance and the sensitivity analysis results revealed 

that construction processes are plagued by uncertainties in air permeability and 

heat transfer coefficient of the building envelope. A 26% difference between 

actual annual energy consumption and the theoretical energy consumption of 

the case building was reported. These results confirm that uncertain factors 

significantly affect construction performance. 

Regarding robust decision-making methods in the construction context, Li and 

Wu (2014) improved the classical genetic algorithm NSGA-II (fast sorting and 

elite multi-objective genetic algorithm) by introducing the time and cost 

robustness coefficients. The results of a case study showed that these 

adjustments in robustness coefficients improved the ability of NSGA-II to obtain 

Pareto solutions, some of which demonstrate excellent cost and time 

performance yet high uncertainty risk. Underground infrastructure projects are 

characterised by substantial uncertainty (Zhao et al. 2018). For this reason, Costa 

et al. (2018) developed an integrated construction simulation tool to optimise 

tunnel construction while taking into account geological conditions and the 

uncertainty of construction process. The results showed that – on average- the 

application of an optimisation approach that considers uncertainty reduced 

construction cost and its fluctuation relative to methods that did not consider 

uncertainty. In another study, Gu et al. (2019) proposed a discrete block model 

with a spatial grid algorithm to identify the optimal location for a prefabricated 

component plant. The analysis, which took into account the uncertainty 
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associated with transport path and the dynamics of the material loading point, 

showed that an optimal location can reduce the transport costs of construction 

components by 1.62%. These studies, which cover distinct contexts, demonstrate 

how critical information about uncertainty, especially probability distributions, 

is to robust decision-making. 

2.4.2 Robust decision-making in deep uncertainty environments 

As discussed above, a deep uncertainty problem describes a situation which 

involves high levels of uncertainty. According to Bryant and Lempert (2010), 

deep uncertainty problems are challenging because the decision-makers are 

unable to know or agree on the results of the system under different scenarios 

and/or unable to agree on the prior probability distributions of system input 

variables. In addition, Lempert et al. (2006) added the uncertainty of future 

decision-makers' preferences for system performance into the characteristics of 

deep uncertainty. In their extensive literature review, Hu and Chen (2015) 

summarised the characteristics of deep uncertainty as three situations: The future 

scenario is uncertain, meaning that the future external trajectories or trends of 

the external environment of the future system operation are difficult to predict; 

Or, the outcome of the decision is uncertain, which means a decision-maker’s 

preference for similar performance in the future is uncertain; Or, the decision 

alternatives are uncertain, i.e., the alternatives will change in the future along 

with the operation of the system. In the construction context, deep uncertainty 

mainly stems from unknown probability distributions for the uncertain factors. 

This means that current robust decision-making methods, which rely heavily on 

probability distributions, are not applicable to analysing deep uncertainty 

problems. 

Robust decision-making (RDM) was first proposed by the Rand Corporation in 

2003 (Lempert et al. 2003), and is one of the most widely used methods for 

solving deep uncertainty problems. The RDM framework includes four steps 

that help decision-makers identify robust decisions in deep uncertainty problem 

(as Figure 2.7). RDM is also beneficial as it can provide tailored uncertainty 

analysis methods according to the characteristics of a specific research objective. 

This approach mainly helps researchers identify robust strategies and find 

vulnerabilities which may lead to unacceptable  performances of these robust 

strategies (Rand_Corporation 2019). 
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Figure 2.7: The framework of robust decision-making, adapted from Lempert 

et al. (2013). 

Exploratory modelling and scenario discovery are two major analysis methods 

within RDM. It should be noted that exploratory modelling differs from general 

predictive modelling, as it is specifically designed to discover important 

uncertain factors and improve the performance of decision-making. Exploratory 

modelling simulates the research objects under different combinations of 

uncertain variables and collects the uncertainty and performance results. Data 

analysis methods are then used to assess the results of the simulation, providing 

useful information that can improve decision-making performance under deep 

uncertainty (Bankes 1993). Scenario discovery is used to find the uncertain 

factors that cause the unacceptable results, i.e. describe vulnerabilities in plans 

applied to situations of deep uncertainty. This requires the research to set 

acceptable and unacceptable thresholds for the system, after which samples with 

unacceptable performance under situations of uncertainty are labelled. Data 

mining algorithms then enable researchers to establish correlations between the 

unacceptable samples and uncertain scenarios. The uncertain scenarios which 

include a high level of unacceptable samples are the vulnerability of the deep 

uncertainty problem.  

The Info-Gap Method (IGM), first proposed by Ben-Haim (2006), is another 

method for analysing deep uncertainty. This method usually includes three steps: 

constructing the uncertainty quantification model of the information gap; 

identifying the possible decisions; and drawing the "robustness-opportunism" 

diagram of the possible decisions. The uncertainty quantification model 

measures the robustness and the opportunism of each decision. Then, after the 
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identification of various possible decisions, the quantitative results associated 

with each decision are plotted to let the decision-maker choose the most robust 

and opportunistic decision, or makes trade-offs between them. Walker et al. 

(2001) proposed the Adaptive Policymaking (APM) method as a deep 

uncertainty method. This approach comprises performing dynamic decisions 

based on real-time monitoring information. The uncertainty system will be 

monitored throughout the process of strategy implementation. According to the 

monitoring information, "mitigating actions" and "hedging actions" will be 

formulated to mitigate the adverse effects of uncertainty, "opportunity actions" 

will be adopted to seize the possible favourable opportunities, and "shaping 

actions" will be adopted to reduce the probability of failure and improve the 

probability of success.  

Hu et al. (2018) compared RDM, IGM, APM in deep uncertainty problems, and 

found that the RDM method is able to effectively reduce uncertainty by 

quantifying the uncertainty and revealing the vulnerable scenarios. However, the 

decisions provided by RDM require an extensive amount of calculation. It thus 

may not appropriate for situation with numerous optional decisions. In 

comparison, IGM cannot obtain vulnerable scenarios, whereas APM cannot 

fully consider the effects of uncertain factors. IGM and RDM differ noticeably 

in method procedures (Hall et al. 2012). IGM starts from uncertainty modelling, 

and then evaluates all possible decisions based on the uncertainty model. In 

contrast, RDM is characterised by a relatively flexible procedure, which can start 

from decision optimisation and then run an uncertainty analysis on the optimal 

decision. In the context of construction decision-making, APM needs to 

constantly monitor the internal and external data of the construction processes. 

It can be expected that the large volumes and dynamic construction data will 

cause difficulties for this type of data collection. In the context of construction, 

there may be a large number of alternative plans for construction decision-

making. If all of the feasible decisions are evaluated with uncertainty, the 

analysis efficiency will be low. Therefore, IGM is not efficient from this 

perspective. The comparison of the aforementioned methods reveals that RDM 

is the most suitable robust decision-making framework for the research 

underlying this thesis, when the optional decisions can be converged. The 

optimisation stage will rapidly screen the construction plans. Once a set of 

potential plans – in terms of stakeholder preferences or objective optimisation – 

are identified, RDM will carry out the uncertainty analysis, including robustness 

quantification and vulnerability identification, for these plans.
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3 SCIENTIFIC APPROACH 

This chapter describes the research design and process employed in the studies, 

and explains how the identified research questions were addressed. The 

following chapter also provides information on each of the presented research 

cases, and illustrates how these cases were used to validate each aspect of the 

developed methods. 

3.1 Research design 

Research design is a formalised approach towards problem solving, thinking, 

and acquiring knowledge (Salkind 2010). A reasonable research design should 

be formulated based on the characteristics of research questions. As the research 

presented in this thesis was driven by “How” and “Can” questions, an 

explorative research design was chosen. Explorative research represents an 

investigative approach that is not fixed at the beginning of research, as it may 

need to be modified and adapted based on subsequent results.  

Therefore, the research presented in this thesis followed an iterative cycle of 

explorative research, progressing through three looped steps: (1) problem 

identification; (2) method development; and (3) method examination (Figure 

3.1). The research will return to the beginning of the loop when certain problems 

are answered yet further problems appear, and will continue until the aim of the 

research is achieved. 

During problem identification, the requirements for environmentally-friendly 

construction practices were identified via on-site interviews and observations. A 

literature review of previous research identified knowledge gaps in the currently 

applied theoretical methods. The combination of interviews/observations and 

literature review identified the primary impediments to environmentally-friendly 
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construction processes. These problems derive from construction uncertainty 

and can be represented into three aspects: environmental impact; optimal 

solutions; and robust decision-making. 

In the next step (method development), theoretical methods to solve the 

identified problems were developed and prototypes of the required methods were 

programmed. The pathway of environmentally-friendly construction processes 

started with an environmental assessment of construction processes which 

included uncertainty. Based on the results of this assessment, as well as the real-

time requirements and multiple construction objectives, an environmental 

optimisation method for construction projects was developed. The results of 

optimisation, when analysed using a robust decision-making method, yielded the 

environmentally-friendly decisions that are least influenced by the uncertainty 

inherent to construction processes. Prototyping is the process of developing a 

basic working model before the full system is implemented (Jensen 2014). In the 

research covered in this thesis, the prototypes were used to develop a basic 

working model that can achieve functions of developed assessment, optimisation 

and robust decision-making methods. 

During method examination, the developed theoretical methods - and related 

prototypes - were applied to three construction cases. The knowledge gained 

from these case studies was used to validate the developed methods, besides, 

examine the proper setting of developed methods. The validated methods were 

also re-checked to ensure that they can sufficiently solve the problems identified 

in the first research step. Based on this information, the developed methods were 

improved until they proved to solve to all of the identified problems. 

(1) problem 

identification 

(2) method 

development

(3) method 
examination

 

Figure 3.1: An iterative cycle of research. 
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3.2 Research process 

The research process underlying the studies covered in this thesis is illustrated 

in Figure 3.2. The research developed environmental assessment, optimisation, 

and robust decision-making methods that evaluate construction processes while 

considering the influence of uncertainty. This began with two months of on-site 

observation and investigation in 2016. The required features of environmental 

assessment and optimisation approaches were identified by surveys with an on-

site manager. An initial study (Paper I) used a LCA to assess a construction 

project, and then applied PSO to optimise various environmental metrics. This 

pilot study identified a research question regarding to uncertainty in 

construction: how should the influences of uncertain factors be included into 

environmental impact assessments of construction processes (RQ1). Two 

additional questions were identified to fully achieve environmentally-friendly 

construction processes: can the integration of embedded machine learning 

technologies improve the efficiency of environmental optimisation for 

construction decisions (RQ2); and, how can robust environmentally-friendly 

decisions regarding construction processes be ensured under situations of deep 

uncertainty (RQ3). 

 
Figure 3.2: The overall research process of this thesis. 

In the subsequent research, a new method (DES-pLCA) was developed to 

answer RQ1. The method was then applied to a real-life construction case (Case 
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including PSO and DES was developed for the basis of a multi-objective 

optimisation model that included an environmental perspective. However, the 

method suffered from high levels of computational loads when quantifying 

uncertainty and, as such, was unable to provide timely feedback for on-site 

decisions. Therefore, a later study attempted to employ machine learning to 

improve the efficiency of the developed environmental optimisation method 

(RQ2). After optimisation, the final question concerned robust decision-making 

under deep uncertainty. Therefore, a robust decision-making method, consisting 

of DES and data mining, was developed to quantify the robustness of each 

decision and reveal vulnerable scenarios under the context of partly unknown 

prior probability distributions (RQ3). 

3.3 Research cases 

3.3.1 Case 1 

The research presented in this thesis began with Case 1, which included two 

months of on-site observations and investigations. More specifically, various 

construction documents were collected, while further information was obtained 

through interviews with relevant personnel. These interviews and observations 

helped shape the research questions. For example, observations made during 

Case 1 revealed that construction processes are affected by uncertain factors, 

e.g., an abnormally large amount of rainfall delayed the construction project. 

Furthermore, the researchers realised that contractors may not have basic 

knowledge on environmental assessment and optimisation even though they 

would be willing to work with environmentally-friendly construction processes. 

Besides, contractors were worried that key project indicators such as duration 

and cost would be harmed by environmentally-friendly plans due to their 

assumption about how these various objectives are related. 

The building studied in Case 1 is a hotel building (80.95 m in height) with 16 

above-ground floors and two basement floors, constituting approximately 

36,000 m2 of floor area. This specific case was selected because it constructed 

as a reinforced-concrete frame structure, which is one of the most popular 

building forms in many countries. Therefore, the research questions developed 

from the research would provide value to many other projects with similar 

construction process. The construction logic of erecting the reinforced concrete 

structure are shown in Figure 3.3. 
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Figure 3.3: The construction logic for Case 1. 

Case 1 was used to develop a process-based LCA for environmental assessment 

that involved PSO for the multi-objective optimisation of various environmental 

metrics. The initial method was modified to a DES-pLCA environmental 

assessment that was also applied to Case 1. This method was tested for the ability 

to take into account uncertainty when assessing environmental performance. A 

subsequent study then applied a simulation-based optimisation (SO) method that 

provides time-cost-environmental optimal solutions to Case 1. The purpose of 

this research was to test whether SO could serve as the basis for machine learning 

optimisation methods (e.g., MSO and ESO) that provide optimal solutions to the 

time, cost, and environmental objectives in a great deal of the studied 

alternatives. 

3.3.2 Case 2 

DES-pLCA provides a simulation that can take into account the uncertainty 

related to construction processes. Case 2, which involved earthmoving tasks in 

an uncertain construction situation, was an ideal opportunity to test the ability of 

DES for environmental assessment. Case 2 corresponds to a 17 km road 

infrastructure construction project located in southern Sweden, constructed from 

2017 to 2019. In Case 2, the typical earthmoving task of transport from a 500 m 

cut point to a 1802 m unloading point was selected. This task is influenced by 

uncertainty because the earthmoving work was occasionally interrupted, e.g., 

work was blocked by interchange bridge construction in certain probability. 

Furthermore, uncertain productivity of the earthmoving equipment (i.e., loading 

time and unloading time) added further uncertain factors to the optimisation task. 

This made the earthmoving performance estimation and optimal planning highly 
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complex. The entire logic of earthmoving is shown in Figure 3.4. Data regarding 

Case 2 was collected from the project general contractor, while my colleague Dr. 

Krantz performed the site observation and interviews. 

This case study originated as a result of the general contractor demanding 

environmentally-friendly processes. They were intent on meeting the Swedish 

net zero infrastructure goals from the Swedish Transport Administration (STA). 

Therefore, an “eco-hauling” construction concept, which uses a low 

environmental impact approach for earthmoving, was proposed and tested in 

Case 2. This involved an intentional, additional decision during which each 

hauler driver determined whether they needed to adjust their speed based on the 

status of bridge construction (see Figure 3.4). This is because a stop and start 

type of movement has higher fuel consumption than gradually slowing down and 

speed up. In this case study, the eco-hauling strategy was elaborately planned by 

the DES method. This approach reduced the possibility that a hauler would have 

to stop and start due to bridge construction. This case study demonstrated that 

the DES-based assessment method is able to assess environmental impacts while 

considering the influence of uncertain factors. 
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Figure 3.4: The construction logic for Case 2. 

3.3.3 Case 3 

Case 3 was used to test the developed optimisation and robust decision-making 

methods. Case 3 represents a pilot project that will result in the highest 

prefabricated building with an integrated shear wall structure in southern China. 

As such, it is a good case to test the robust decision-making method because the 

project is unique and must integrate complex processes, i.e., intermixed by 
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precast concrete (PC) and cast-in-situ (CS) processes. Hence, the intermixed 

processes will involve uncertain factors, such as uncertain productivity of 

equipment and labour collaboration in this context, for which very limited 

previous information exists. In addition, the project will be realised in a coastal 

city (Shenzhen) of China, which means that the construction will be heavily 

influenced by extreme climate events, such as typhoons from the Pacific. All of 

these make Case 3 a good case to test the developed methods. The entire logic 

for standard floor construction in Case 3 is illustrated in Figure 3.5, with basic 

information about all of the aforementioned cases summarised and presented 

in Table 3.1. 
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Figure 3.5: The construction logic for Case 3.  
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Table 3.1: Basic information concerning the three cases studies. 

Case No. Case 1 Case 2 Case 3 

Basic 

description 

A reinforced-concrete 

frame hotel building 

with 16 above-ground 

floors and two 

basement floors  

A 17-km road with 

interchange bridges 

A precast and cast-in-

situ hybrid residential 

building with 30 

above-ground floors 

and two basement 

floors 

Motivation for 

selection 

A highly popular 

building type, which 

makes it relevant to 

test the general value 

of the developed 

method 

Testing the value of the 

proposed method for 

infrastructure projects 

Influenced by many 

uncertain factors, and 

some factors do not 

have prior knowledge 

Scope  

Reinforced concrete 

structure (concrete, 

steel, and formwork) 

A typical road section: 

earthmoving work from 

the 500-m cutting point 

to the 1802-m unloading 

point, including an 

interchange bridge 

Main structure of 

typical floor 

construction 

Tested 

method(s)  

DES-pLCA and SO DES-based assessment SO, MSO and ESO 

Data collection 

a. on-site observations; 

b. on-site survey; 

c. interviews; 

d. construction 

documentation 

a. on-site observations; 

b. interviews; 

c. construction 

documentation 

a. on-site interviews; 

b. archival records; 

c. construction 

documentation 

 

Region China Sweden China 

Contribution to 

paper(s) 
Papers I, II & IV Paper III Papers V, VI & VII 
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4 SUMMARY OF FINDINGS 

This chapter summarises the main findings of the research underlying this thesis. 

It starts by explaining how the developed methods interact with each other to 

constitute a holistic approach for environmentally-friendly construction. The 

developed methods are then briefly introduced, with a description of the modules 

and how each method was applied to a given case study. The final part of this 

chapter presents the prototypes of the developed methods and outlines how the 

case study was used for model validation. 

4.1 Holistic approach to environmentally-friendly construction processes 

The aim of the research presented in this thesis is to provide a holistic approach 

to support environmentally-friendly construction processes that focuses on 

overcoming the challenges associated with uncertainty that affect environmental 

assessment, optimisation, and robust decision-making.  

The environmental assessment is the basis of the research covered in this thesis. 

It provides a tailored analysis of construction processes that also takes into 

account the influences of uncertainty. The results provide the basis for further 

optimisation, followed by the robust decision-making. 

The environmental optimisation uses the results of the environmental assessment 

to propose optional plans from a great deal of construction alternatives that 

perform well on each of the multiple objectives of the project. The results of the 

environmental impact assessment will then be used during the fitness evaluation 

of optimisation iterations. This is efficiently achieved by applying a machine 

learning algorithm that will be invoked every time a fitness evaluation is performed.  
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In the final stage of the process, the developed robust decision-making method 

will provide decision supports through a data-driven method that takes into 

account partly unknown probability distributions. The method will also quantify 

the robustness of the alternative plans, as well as identify the vulnerable 

scenarios to each decision. The developed environmental assessment method 

provides an evaluative function within the robustness quantification and 

identification of vulnerabilities, while the developed optimisation method will 

narrow down the construction alternatives and the obtained optimal solutions be 

a valuable references used for further robustness considerations. In this way, the 

methods developed throughout the appended papers support environmentally-

friendly construction processes in a holistic way that logically progresses from 

environmental assessment to planning optimisation and the final robust decision-

making. The relationships and interactions between different parts of the 

developed approach are shown in Figure 4.1. 

 

Figure 4.1: The relationships and interactions between environmental assessment, 

optimisation, and robust decision-making in the holistic approach 

presented in this thesis. 

The holistic approach developed across the appended papers applied an 

environmental assessment that merges discrete-event simulation and process-

based life-cycle assessment (DES-pLCA) methods. This was done to harness the 

advantages of simulation technology in the context of uncertainty analysis. To 

satisfy the real-time decision-making requirement, machine learning embedded 

(MSO) and ensemble learning embedded (ESO) methods were developed to 

reduce the computational loads of conventional simulation-based optimisation 

(SO). The data-driven robust decision-making method included DES and data 

mining (DM) methods. The following section will briefly introduce the 

assessment, optimisation, and robust decision-making methods and more detail 

information can be referred at appended papers. 
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4.2 DES and pLCA integrated method 

The environmental performance of construction processes is affected by 

uncertainty. DES is a promising technology for capturing the variability of 

events (Löfgren and Tillman 2011). Hence, the combination of DES and pLCA 

can be used to simulate how uncertain factors influence the environmental 

performance of construction processes. More specifically, DES provides data for 

how uncertainty influences construction processes, while pLCA is applied to 

determine the environmental impacts of these processes. The developed DES-

pLCA method contains three modules, as shown in Figure 4.2. 

 
Figure 4.2: The overall framework of the DES‐pLCA method. 

4.2.1 Modules of DES-pLCA 

Module 1: DES-based construction simulation 

The DES module simulates the on-site construction processes. The modelling 

procedure follows what is illustrated in Figure 2.3 (section 2.2.2). In order to 

develop the construction simulation model, a conceptual model “CARS”, 

originally proposed by Fischer et al. (1999), and the ontology framework, 

originally proposed by Saba and Mohamed (2013), were used to extract the basic 

logic and information of construction processes from real-life construction 

observations. The DES-based construction model then simulates the 
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construction processes while considering the effect of uncertainty, collecting 

data about material consumption, equipment operation, and the labour support 

of construction processes. After simulation, the simulated construction process 

data serves as the input for pLCA.  

Module 2: pLCA-based environmental assessment 

The pLCA module provides a comprehensive framework for the environmental 

impact assessment of construction processes. It contains the four essential steps 

of LCA: 1) goal and scope definition; 2) inventory analysis; 3) impact 

assessment and 4) interpretation. The simulated material consumption, 

equipment operation, and labours data will be used to update the inventory 

analysis. The effects of uncertainty are then quantified over simulation 

replication. An efficient data exchange channel between the simulation and 

assessment modules was developed to supports automatic, real-time data 

exchange for uncertainty quantification by simulation replication. 

Module 3: DES-pLCA decision support 

The decision support module is used to analyse impact sources and – as a result 

– develop alternative scenarios that reduce the environmental impacts. 

Alternative construction plans can be developed especially for the construction 

process or aspects contributing most to environmental impacts. The decision 

module is also able to perform a Morris sensitivity analysis to identify the 

uncertain factors that exert the largest influence on the environmental 

performance of construction processes. A small degree of variation (Δ) is 

attributed to each uncertain factor to analyse the impact on construction 

performance. This will identify the set of factors which have the largest impact 

on the environmental performance of the construction processes and, as such, 

should be closely managed by contractors. 

4.2.2 Applications of DES-pLCA 

DES-pLCA was firstly applied in Case 1 (Paper II) to validate its performance, 

and was also used in Cases 2 and 3 as the basic environmental assessment 

module. In Case 1 (Paper II), eight uncertain factors, including construction 

work productivity, wastage rate of materials, were considered (see Table 4.1). 
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Table 4.1: Uncertain factors considered in Case 1. 

Index Name 
Influenced 

Process 
Assumptions 

U1 
WP of steel vertical 

transportation 

S-onsite 

transportation 

Crane: 1.5/(2 × Height/45 + 1.5 + 1 + 

2.5) × Triangular (0.83, 1, 1.17); 

Lift:4/(2 × Height/60 + 6) × 

Triangular (0.83, 1, 1.17) 

U2 WP of steel installation S-installation 0.045 × Triangular (0.83, 1, 1.17) 

U3 
WP of formwork vertical 

transportation 

F-onsite 

transportation 

1.5/(2 × Height/45 + 1.5 + 1 + 2.5) × 

Triangular (0.83, 1, 1.17); Lift: 4/(2 × 

Height/60 + 6) × Triangular (0.83, 1, 

1.17) 

U4 
WP of formwork 

installation 
F-installation 0.36 × Triangular (0.83, 1, 1.17) 

U5 WP of concrete pumping C-pumping 
Triangular (0.83, 1, 1.17) × 104/(7.5 + 

Height) 

U6 WP of concrete vibration C-vibration 5 × Triangular (0.83, 1, 1.17) 

U7 WR of steel installation S-installation 
Gaussian (7.7%, 0.0385) (Tam et al. 

2007) 

U8 
WR of formwork 

installation 
F-installation Gaussian (20%, 0.1) (Tam et al. 2007) 

Note: WP and WR stand for work productivity and material wastage rate, respectively. 

The results show that selected environmental impact metrics, namely, global 

warming potential (GWP), acidification potential (AP), eutrophication (EP), 

photochemical ozone creation potential (POCP), abiotic depletion potential 

(ADP), and human toxicity potential (HTP), were influenced by uncertain 

factors based on their distributions on the DES-pLCA runs (see Figure 4.3). 

These metrics showed variation of 312,003+14,895/-15,992 (GWP), 4977+188/-

202 (AP), 301+11/-12 (EP), 344+15/-16 (POCP), 60,828+212/-208 (ADP) and 

5271+285/-310 (HTP) across 500 DES-pLCA runs. 

The results of the sensitivity analysis identified the material wastage rate of 

formwork installation (U8) as the uncertain factor with the most significant 

influence over GWP performance (see Figure 4.4). Furthermore, based on the 

primary impact sources, alternative plans were developed for each of the crucial 

construction aspects. By selecting the plan with the best performance on each 

metric, GWP, AP, EP, POCP, ADP and HTP could be reduced by a maximum 

of 2.5%, 21.7%, 8.2%, 4.8%, 32.5% and 0.9%, respectively.  
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Figure 4.3: The distribution in environmental impact frequency of the base 

scenario. 

  

Figure 4.4: Fluctuation in the performance of uncertain factors with the DES-

pLCA factorial experiment. 
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such, Paper III was interested in determining the optimal configuration for eco-

hauling. The complex tasks and uncertain factors were modelled in DES and the 

WP of steel vertical 
transportation

WP of steel 
installation

WP of formwork vertical 
transportation

WP of formwork 
installationWP of concrete 

pumping

WP of concrete 
vibration

WR of steel 
installation

WR of formwork installation

2500

2700

2900

3100

3300

3500

3700

3900

4100

-4000 -2000 0 2000 4000 6000 8000 10000

St
an

d
ar

d
 d

ev
ia

ti
o

n

Mean value GWP (kg-CO2-eq.)

26000            28000



SUMMARY OF FINDINGS 

 45 

simulation results were used to assess performance in terms of greenhouse gas 

emissions (GHG), cost, and time.  

The results presented in Paper II and Paper III demonstrate that DES-pLCA 

method has the potential to include the influence of uncertainty into 

environmental impact assessments. This method can also identify which 

uncertain factors exert the largest influence over environmental impacts, as well 

as provide environmentally-friendly construction plan alternatives. 

4.3 Machine learning optimisation method  

4.3.1 Conventional simulation-based optimisation 

The optimal construction planning should be selected in an exhaustive list of 

alternatives, additionally, by multi-objective optimisation. In this thesis, a 

conventional simulation-based optimisation (SO) method was developed to 

serve as the basic optimisation framework. The developed method was further 

modified by the inclusion of machine learning optimisation to create the MSO 

and ESO methods. Within the conventional SO method, DES is used to simulate 

the duration and cost of each alternative on the optimisation path. Environmental 

performance, on the other hand, is assessed based on data from the developed 

DES-pLCA method. The method also included PSO because it is an optimisation 

method that can search multi-objective optimal solutions in a great number of 

alternatives (Dixit et al. 2010; Monahan and Powell 2011). DES and PSO were 

integrated through an iterative loop so that optimal construction plans could be 

efficiently identified. The SO method is shown in Figure 4.5. 

4.3.2 Machine learning embedded simulation optimisation 

The SO method applied in Case 1 was plagued by high computational loads. As 

such, obtaining one set of SO results took nearly two days when the optimisation 

was run on standard desktop computers. This makes the method impractical for 

most construction projects, which are influenced by dynamic contexts and 

require real-time decision-making support. Therefore, an optimisation method 

that can provide more real-time feedback than SO is necessary. 
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Figure 4.5: The simulation-based optimisation method. 

The SO method is the major reason for the high computational loads that were 

witnessed when this method was applied to optimise construction processes 

under uncertain conditions. More specifically, the optimisation algorithm will 

invoke a simulation for every fitness evaluation. The total computational load 

comprises the optimisation population (N) and evolutionary number of iterations 

(I) required for convergence. This means that the simulation model will be 

invoked N×I times during optimisation. However, as construction is influenced 

by uncertainty, each fitness evaluation during the simulation must also perform 

uncertainty quantification by simulation replication. This means that fitness 

evaluation by one-time simulation (T) will require multiple simulation 

replications (M) to describe the influences of uncertain factors. This will lead to 

a total computational load of N×I×M×T, which – as previously discussed – is 

impractical when run on standard desktop computers. Therefore, reducing the 
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time used for quantifying uncertainty (M×T) is an effective way to reduce the 

overall computational load. 

A machine learning embedded simulation optimisation based on neural network 

(MSO) was developed to address this challenge. MSO is a simplified method to 

test whether this method would be beneficial to optimisation, from which the 

learning model is developed by a widely applied neural network with normal 

settings, and only two new procedures (learning module) were added to the 

conventional SO method (see Figure 4.6). More elaborate procedures for 

optimisation will be explored once the advantages of MSO are validated. 

As explained above, the uncertainty inherent to construction results in high 

computational loads of SO method. The development of a MSO method was 

motivated by the fast feedback ability and accurate learning quality of machine 

learning technologies. In MSO, machine learning is used to extract knowledge 

about the relationships between construction planning and project performance. 

Every time uncertainty is quantified during optimisation, the learning model can 

provide nearly real-time feedback (t) rather than feedback after a simulation 

(T). Hence, the time required to quantify uncertainty can be reduced from 

T×M to t×M (t<T). This method remarkably reduces the computational loads 

associated with the SO method.  

MSO has three main modules (see Figure 4.6). The first represents simulation 

module, the second is the learning module, and the third represents planning 

optimisation. In the first module, a discrete-event simulation model will generate 

construction samples and simulate their performances. In the second module, the 

generated samples constitute a training and testing dataset that is used for 

machine learning model development. Once developed, the machine learning 

model will act as a surrogate model that can be integrated into PSO for 

construction planning optimisation in the third module. The Pareto solutions 

represent a non-dominated Pareto front (i.e., result after the dominated solutions 

have been removed). The MSO method was applied and tested in Case 3 (Papers 

V). The results demonstrate that MSO method provides similar optimisation 

quality as the SO method, with SO outperforming MSO by only 0.31% and 

0.53% in cost and time performances, yet both methods providing same GHG 

emissions. However, the application of MSO resulted in a 72.9% reduction in 

computing time relative to the SO method. 
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Figure 4.6: A representation of the developed machine learning embedded 

simulation optimisation (MSO) method. 

4.3.3 Ensemble learning embedded simulation optimisation 

Once, machine learning was validated to benefit construction optimisation, the 

MSO method was modified into an ensemble learning embedded simulation 

optimisation (ESO) method. In ESO, the learning algorithms are improved by 

ensemble learning, which is an emerging learning mechanism that comprises 

multiple algorithms for regression or classification (Sharrard et al. 2007). This 

method is advantageous because the applied mechanism reduces the likelihood 

of building a poor learning model, which may occur under single learning 

algorithms (Larsson et al. 2016). Therefore, EL is a stable learning method when 

applied to different construction projects. In addition, the size of a construction 

dataset should be limited to a level that will not offset the benefits of optimisation 

efficiency. A random scenario engine based on Latin hypercube sampling (LHS) 

was developed to generate a more representative dataset from limited samples. 

Furthermore, the method was also improved by adding repetitive optimisation to 

obtain better optimisation results with limited time increase. The overall ESO 

method is presented in Figure 4.7. 
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Figure 4.7: The ensemble learning embedded simulation optimisation (ESO). 

In the first section of learning model development (module 1), the LHS engine 

is used to generate construction scenarios as the construction dataset while DES 

is used to simulate the performance of these scenarios. In the second section of 

this module, the ensemble learning model is developed by training, validation, 

and testing. During the training stage, Bayesian regularization backpropagation 

neural networks (BRBNN) and extreme learning machine (ELM), as well as 

regression trees (RT), were chosen as learning algorithms to generate multiple 

learners. During the validation stage, all of the generated learners are combined 

using neural networks to adaptively assign weights to multiple learners and 

extract the complex non-linear relationships between them. This combination 

approach will extract knowledge from the learners that are more suitable for the 

specific construction case. The performance of the developed learning model 

will be tested at the model testing stage. A comprehensive set of indicators, 
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including coefficient of determination (R2), normalised root mean square error 

(NRMSE), and mean average percentage error (MAPE), are utilised to evaluate 

the accuracy of the EL model. A re-training procedure will be applied if the 

model demonstrates unsatisfactory accuracy.  

In the first part of planning optimisation (module 2), the developed ensemble 

learning model is used as a surrogate model that will be combined with PSO for 

optimisation. Even though the learning model has already extracted the 

necessary knowledge from the simulation model in module 1, the searched 

solutions are only pseudo-solutions because they are produced by a surrogate 

model rather than an actual construction simulation model. Therefore, the 

pseudo-solutions are re-input into DES for actual performance simulation in the 

second part of module 2. A non-dominated Pareto front is provided after the 

dominated solutions are removed. The planning optimisation module includes a 

replication procedure in order to yield superior results. 

The developed ESO method was applied to Case 3 (Paper VI), with the results 

demonstrating that the developed ESO method yields similar optimisation 

quality (see Figure 4.8) as SO method, yet requires far less computing time (see 

Figure 4.9). For example, running the ESO on 800 samples and 40 particles 

yielded similar optimisation quality as SO, but reduced the computing time 

associated with SO by more than 93%. Therefore, ESO represents a highly 

efficient planning optimisation method for construction that does not sacrifice 

optimisation quality. 

 
Figure 4.8: Optimisation performances of ESO and SO. 
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Figure 4.9: Computing times of ESO and SO. 

The developed ESO method was also compared with the initial MSO method 

(developed in the pilot study, i.e. Paper V). ESO outperformed MSO in terms of 

optimisation quality, yet had a longer computing time than MSO due to the fact 

that ESO trains multiple learners (for more details, please refer to section 4.5.2, 

Table 4.5). 

4.4 Robust decision-making method 

Uncertain factors can significantly affect construction performance; for this 

reason, robust environmentally-friendly decisions are required to ensure stable 

performance. To achieve this, a decision-maker should be provided with 

estimates of the robustness of each possible decision. In some extreme situations, 

also called vulnerable scenarios, the original construction decision will have 

unacceptable performance. Therefore, decision-makers need a tool that can 

reveal the vulnerability of construction decisions so that they can manage 

uncertainty during the construction process.  

However, construction decisions are often performed under deep uncertainty, 

which means that some of the uncertain factors influencing construction 

performance will not have a priori knowledge of probability distributions. In this 

situation, methods that rely on probability distributions are no longer applicable. 

This study developed a data-driven method that combined discrete-event 

simulation and data mining (DES-DM) to solve deep uncertainty problems (see 

Figure 4.10). The developed method has two major modules, the process 

simulation module and the data mining module. 
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Figure 4.10: The discrete-event simulation and data mining integrated method 

(DES-DM) developed in the research underlying this thesis. 

4.4.1 Modules of DES-DM 

Module 1: Simulation 

Some uncertain factors within construction do not have prior probability 

distributions due to the unique characteristics of a specific project. In the 

simulation module (module 1), the probability coefficient is introduced to 

reconstruct the probability distributions for deep uncertain factors. And in this 

way how different states of the probability distribution will impact construction 

performance can be analysed. In module 1, the LHS samples the construction 

uncertain scenarios while DES simulates their performance to develop an 

uncertainty scenario dataset. Based on this data-driven dataset (an alternative to 

probability distributions), the percent deviation index is used to quantify the 

robustness of each construction planning in terms of different objectives. This 

will allow decision-makers to select a robust plan according to their preferences.  
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Module 2: Data mining 

In the data mining module (module 2), the Patient Rule Induction Method 

(PRIM) algorithm is used to find both the value and probability distribution 

vulnerabilities of selected robust construction plan(s). In the PRIM algorithm 

(see Figure 4.11), samples demonstrating performance under an acceptable 

threshold are labelled. Next, the peeling and pasting algorithms are applied to 

discover a series of boxes which represent vulnerable scenarios that lead to 

unacceptable construction performance. These illustrations of vulnerability will 

allow decision-makers to make informed choices regarding uncertainty 

management. Specifically, the results will help decision-makers understand 

which combinations of deep uncertain factors (i.e., uncertain scenarios) lead 

to unacceptable performance. The value results will also enable decision-

makers to know benchmarks for crucial uncertain factors in order to achieve 

target performance. 

 

Figure 4.11: Simplified schema of how the PRIM algorithm works on a system 

involving two uncertain factors (π1 and π2). 

4.4.2 Application of DES-DM 

The developed robust decision-making method was applied to Case 3 (Paper 

VII). The method is able to support decision-making under deep uncertainty 

from two perspectives. First, the method quantified the robustness of alternative 

plans in Case 3 so that the decision-makers were able to select the most robust 

environmentally-friendly construction plan. The method was applied to compare 
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three construction plans, which used a high, middle, and low level of resources, 

respectively. The results showed that the low-resource plan had the longest 

construction time, lowest cost and smallest environmental impacts. The plan also 

showed the most stable performance, with only 0.72%, 0.59%, and 7.42% 

fluctuation in cost, time, and environmental impacts, respectively. The high-

resource plan had the shortest construction time, highest cost and largest 

environmental impacts (see Table 4.2), and was also found to be least robust. 

Table 4.2: The robustness and average performance of alternatives on 

different objectives. 

Objectives Duration Cost Environment 

Plans .aver
f (h) Robustness 

.aver
f (CNY) Robustness 

.aver
f (GWP-kg) Robustness 

S1 6741.658 0.0072 1.009E+07 0.0059 3.343E+05 0.0742 

S2 6282.100 0.0110 1.145E+07 0.0068 3.344E+05 0.0755 

S3 6453.018 0.0074 1.058E+07 0.0060 3.343E+05 0.0743 

Note: the bold number indicates the best performance in each objective. 

Second, the analysis was able to reveal the vulnerable scenario of construction 

plans. For example, in the case of the robust plan (S1), the algorithm identified 

value vulnerability for achieving the duration objective for both working 

productivity of PC vertical transportation (21.67~22.3 minutes) and number of 

typhoons (≥ 2 times). If the uncertain factors encounter these values, the project 

target of construction duration will not be satisfied with S1 construction plan. 

Therefore, the developed robust decision-making method provides decision-

makers with concrete benchmarks that they can use to monitor and control 

uncertain factors in order to avoid unacceptable construction results.  

The result for probability distribution vulnerability, for number of typhoons (≥ 4 

times) and working productivity of PC vertical transportation (≥ 2 times) 

demonstrated that the project will not meet the set schedule if the probability 

coefficient for them is more than 4 and 2, respectively. A small probability 

coefficient means the difference between the reconstructed probability 

distribution and the assumed one is quite small. For this reason, project managers 

should focus on the uncertain factors, e.g., working productivity of PC vertical 

transportation, which will jeopardise project performance with only a small 

change in the probability distribution. The other results, in terms of cost and 

environmental objectives, are shown in Figure 4.12.  
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(a) Value vulnerabilities in uncertain factors 
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(b) Probability distribution vulnerabilities in uncertain factors 

Figure 4.12: Vulnerable scenarios of the case project. 

 

4.5 Prototyping and validation  

The papers appended to this thesis described the development of theoretical 

methods for the environmental impact assessment, optimisation, and robust 

decision-making of construction processes. These methods were validated by 

developing prototypes and applying them to three construction cases. 

4.5.1 DES-pLCA 

The developed environmental assessment method combined DES and pLCA. 

The simulation module was developed in the SimioTM platform, while the 

calculation and database management processes (process-based LCA module) 

were developed in Matlab(R). To connect DES and pLCA, a data channel 

between Simio and Matlab was developed based on the Application Program 

Interface (API) framework (Dehghanimohammadabadi and Keyser 2017). The 

DES-pLCA prototype is presented in Figure 4.13. The DES-pLCA was then 

applied to actual construction cases for application and validation. 



Environmentally Friendly Construction Processes under Uncertainty 

56 

Simulation module

DES 
simulation

model

Process 
data

Process-based LCA module

Life cycle 
inventory analysis

Life cycle impact 
assessment

Control interface

Basic construction 
information

API 
connector

Results show

Assessment 
database

Construction uncertainty 
and dynamics

Random number generator

 
Figure 4.13: Prototype of DES-pLCA. 

DES-pLCA was validated according to two aspects in Case 1. The first metric 

that was considered was how the simulated results compared with the actual 

construction performance, which is referred to as final performance validation. 

Highly similar results, or results with acceptable differences between the 

performances, demonstrated that the developed DES-pLCA method can 

accurately simulate construction performance. Performance in simulating 

construction cost and time is easy to validate as the simulation results can be 

directly compared with the construction planning documents. In Case 1 of Paper 

IV, the simulated and actual results differed by 2.65% and 2.69% in terms of 

construction time and cost, respectively. Regarding the environmental 

performance, the simulation result was compared with the results of a manual 

assessment in Case 3 of Paper VII, with the results of the two methods differing 

by 4.14%. In addition, the validation of developed method also determines if the 

simulation involves some bias relative to real-world construction. This was 

evaluated in Case 3 (Paper VII), as the simulated probability distributions were 

compared with the construction plans (see Table 4.3). The results show that the 

constructions planning value did not exceed the simulated probability 

distributions, which validates the developed assessment method.  

The developed model was also validated based on how well it could simulate the 

impact sources that contribute to environmental impacts. In addition to serving 

as another metric to check project performance simulation, these impact sources 

can be used to understand the most severe sources of environmental impacts of 

the project and develop methods to reduce these sources. The impact sources 
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identified in the simulation and the quantity take-off of the actual project were 

compared in Cases 1 and 3 (Papers IV and VII, respectively). The simulation can 

be considered valid if each simulated data agrees with the results of the quantity 

take-off survey. The Wilcoxon sign-rank test, which is a nonparametric test used 

to compare two related samples which do not show normal distribution, was used 

in two cases. The simulated and actual construction data pairs did not differ at 

the 95% confidence level (see Table 4.4). Therefore, the DES-pLCA method 

was validated in terms of both final performance and identification of impact 

sources. 

Table 4.3: Final performance validation. 

Objects Unit 
Construction 

plan 

Simulation 

(100) 

Absolute 

error 
Min~Max 

Cost CNY 11490962 11460252 -0.27% 10989809 ~ 11747202 

Duration h 6792 6955 +2.39% 6436 ~ 7222 

Environment GWP-kg 344349* 358590 +4.14% 279051 ~ 416244 

Note: * the environmental impacts of planning were obtained by a manual assessment with pLCA 

 

Table 4.4: The Wilcoxon signed-rank test results for impact source validation. 

Case Null hypothesis Test Sig. Decision 

Case 1 There is no difference in the 

median values of the simulated 

and actual construction data 

Wilcoxon 

signed-rank test 

0.959  Retain the null 

hypothesis 

Case 3 There is no difference in the 

median values of the simulated 

and actual construction data 

Wilcoxon 

signed-rank test 

0.242 Retain the null 

hypothesis 

 

4.5.2 MSO and ESO 

The research presented in this thesis describes the development of a method that 

improves the efficiency of a conventional SO by integrating machine learning 

technologies (MSO and ESO) into the SO method. The prototypes for the 

MSO/ESO-based methods include two major modules. The learning model 

development module includes DES simulation and machine learning 

components, which were developed in Simio and Matlab, respectively. The 

planning optimisation module includes PSO-based optimisation and DES re-

simulation, which were also developed in Matlab and Simio, respectively. In 

ESO, all of the cross-platform data exchange was achieved by programming an 

API. The overall data flow in the prototype is shown as Figure 4.14. The MSO 

and ESO prototypes were applied to Case 3 for validation. 
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Figure 4.14: Data flow in the ESO prototype. 

To validate the developed method, the optimisation spaces of ESO and SO were 

compared, with the Pareto solutions obtained by ESO marked in Figure 4.15. 

The results demonstrated that ESO is able to partly describe the optimisation 

space of SO. In addition, it should be noted that the ESO learning model 

successfully uses the solution space to follow a reasonable optimisation path (as 

shown in Figures 4.15a, 4.15b, 4.15c, 4.15d). The final optimisation quality and 

computing time of ESO were also compared with what was provided by SO (see 

Figures. 4.8 and 4.9 in section 4.3.3.2). The results showed that ESO provides 

optimisations that are comparable to those provide by SO with an over 90% 

reduction in computing time. Therefore, the validation demonstrated that ESO 

shows optimisation quality that is as good as what is provided by SO, but with 

dramatically reduction in computing times. 

 

Figure 4.15: Optimisation space learning by different ESO settings, with the red 

circles demonstrating obtained Pareto solutions. 
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Ensemble learning algorithms were utilised into ESO to improve the 

optimisation quality provided by MSO. To validate the improved method, the 

developed ESO was compared with methods that had been trained with a single 

algorithm, which was trained by Bayesian regularization backpropagation neural 

networks (BRBNN, i.e. MSO), extreme learning machine (ELM), or regression 

trees (RT). The results show that the developed ESO outperformed optimisation 

methods that had been trained with a single algorithm (see Table 4.5). 

Table 4.5: Performance of EL compared with models that had been trained with 

a single algorithm. 

ESO learning method Optimisation quality (NH) Total computing time (s) 

EL 0.937 4.40E+03 

BRBNN (i.e. MSO) 0.916 1.08E+03 

ELM 0.608 9.64E+02 

RT 0.854 1.68E+03 

Note: the bold numbers indicate the best result for each index. 

 

4.5.3 DES-DM 

The robust decision-making method covered in this thesis provides robust plans 

under deep uncertainty using discrete-event simulation and data mining (DES-

DM) integrated method. The construction simulation module was developed in 

the Simio platform as described above while the data mining module was 

programmed in the Matlab platform. The resulting prototype was applied to Case 

3 for validation. This robust decision-making method was developed to select 

robust environmentally-friendly decision. Based on the case study results, plan 

S1 is the most robust option in terms of project duration, cost and environmental 

performance. To validate whether the method correctly identified a robust 

construction plan, three viable construction plans were simulated 5,000 times. 

The performance distributions - shown in Figure 4.16 - clearly show that the 

selected robust construction plan (S1) has the least fluctuation across all 

objectives. Thus, the results validate that the developed method is able to find a 

robust plan. 

The robust decision-making method should also be able to reliably identify 

vulnerable scenarios that will cause unacceptable results. To validate whether the 

method correctly identified vulnerable scenarios, the performances of construction 

plans under the identified vulnerable scenarios (VS) and non-vulnerable 

scenarios (NVS) were evaluated over 1,000 simulations. The construction 
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Figure 4.16: Distribution, along with fluctuation, of the performances of three 

construction plans across the duration, cost, and environmental 

objectives. 

performances of VS and NVS (Figure 4.17) demonstrate that performance of 

vulnerable scenarios was significantly worse than performance of non-

vulnerable scenarios. This result held for all three construction objectives. The 

inclusion of vulnerable scenarios in simulations increased the rate of 

unacceptable performance from 37.6% to 98.2%, 11.1% to 24.8%, and 10.1% 

to 31.3% for schedule, cost, and environmental objectives, respectively. 

Therefore, the developed method was able to correctly find the vulnerable 

scenarios for construction. 
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(b) Cost comparison 

 
(c) Environment comparison 

 

Figure 4.17: The comparison of construction performances under vulnerable 

scenarios (VS) and non-vulnerable scenarios (NVS). 
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5 DISCUSSION 

This chapter discusses how the developed methods handle uncertainty while 

achieving environmentally-friendly construction processes. It covers how the three 

developed methods fulfil the research gaps in assessment, optimisation, to robust 

decision-making under uncertain construction conditions, as well as explains 

how the provided results answer the research questions posed in Chapter 1. 

5.1 The answer to RQ1: DES-pLCA method 

Assessing the environmental impacts of construction is challenging because 

construction processes are inherently uncertain (Moret and Einstein 2016; 

Nguyen and Ogunlana 2005). Unfortunately, the current environmental 

assessment methods cannot reliably take into account this uncertainty 

(Asbjornsen 1995). Thus, the first step in achieving environmentally-friendly 

construction is to include the influences of uncertain factors into environmental 

impact assessments of construction processes (RQ1). This information will 

establish an evaluation basis for further environmental optimisation and robust 

decision-making.  

The DES and pLCA integrated method was developed to address this research 

question. DES reinforces the uncertainty analysis ability of this assessment 

method by taking uncertain factors into account through simulation technology. 

DES provides data concerning construction processes influenced by uncertainty, 

which is subsequently input to pLCA to replace the static inventory data used in 

a normal pLCA. In this way, the effects of uncertainties in the construction are 

included by the developed DES-pLCA method.  
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To validate the developed method, DES-pLCA was used to assess the 

environmental impacts of construction processes (Paper II). The obtained results 

demonstrated that the DES-pLCA method can precisely represent how uncertain 

factors influence the environmental impacts of construction, shown as 

performance frequency distributions in Figure 4.3 (section 4.2.2). And due to the 

influences of uncertainty, the GWP, AP, EP, POCP, ADP, and HTP obtained by 

the DES-pLCA varied by a maximum of 5.1%, 4.1%, 4.1%, 4.7%, 0.3%, and 

5.9%, respectively, from the base scenario. The DES-based environmental 

assessment method was further applied in Paper III. The results showed that DES 

can also take into account the uncertainty associated with infrastructure projects 

when optimising project cost, duration, and GHG emissions.  

The DES-pLCA provides a solution to RQ1, more specifically, taking advantage 

of the uncertainty analysis ability of simulation technology (DES) to include the 

influences of uncertainty into environmental impact assessments. The major 

benefits of DES-pLCA can be summarised as: 

 By offering uncertainty analysis, DES-pLCA can provide highly reliable 

assessments of the environmental performance of construction processes 

based on the consideration of how uncertain factors influence these 

processes. This is a valuable tool for decision-makers, as it allows them 

to understand the effects of uncertainty as well as evaluate and compare 

the environmental performances of different construction plans under 

uncertainty. 

 DES-pLCA can also improve the project decision-makers’ ability to 

mitigate the environmental impacts of construction plans in practices. 

The simulation module of the method greatly reduces the efforts of 

assessing and comparing environmental performances of each scenario. 

Various scenarios can be assessed and compared simply by manipulating 

the simulation parameters. 

5.2 The answer to RQ2: Machine learning optimisation method 

The current simulation-based optimisation (SO) framework is able to provide 

optimal plans for construction processes in a great deal of alternatives by multi-

objective optimisation. However, the results of Paper IV and other previous 

research (Nguyen et al. 2014; Ninić and Meschke 2015) revealed that the 

computational loads of SO are impractical for providing real-time decision 

support for construction under uncertainty. This weakness of the SO framework 

is primarily explained by how uncertainty is quantified during optimisation 
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searching (Zhang 2008). As such, the second research question was: can the 

integration of embedded machine learning technology improve the efficiency of 

construction environmental optimisation methods that consider uncertainty? 

This thesis has enhanced the process through which a new simulation and 

optimisation method with noticeably lower computational loads was developed 

for the construction context. The functionality of the simulation and optimisation 

is maintained, yet a learning model was embedded between these two 

technologies to reduce computational loads. Various machine learning 

technologies that owe accurate learning and efficient feedback were tested while 

building the embedded learning model. It is designed to give real-time feedback 

during the uncertainty quantification and thus reduce the computational loads of 

previous SO method.  

Paper V described an embedded machine learning model based on neural 

networks, i.e. MSO. When validated using a case study, MSO showed a 72.9% 

reduction in computing time with only a less than 1% loss in performance on the 

project metrics. Therefore, the pilot application of this new technology revealed 

that MSO is the answer to RQ2, as it can drastically reduce the computational 

loads associated with the construction environmental optimisation. 

The further research presented in Paper VI replaced the neural networks in MSO 

with the ensemble learning (EL) algorithm, i.e. ESO. This decision was made 

because the construction project can vary dramatically from case to case, as well 

as between scales, designs, and construction technologies. Thus, ESO could 

provide better learning quality than MSO for construction optimisation. The 

developed ESO method was applied in Case 3, and the results showed that the 

ensemble learning model in ESO outperformed models that had been trained 

with a single learning algorithm, including Bayesian regularization 

backpropagation neural networks (BRBNN), extreme learning machine (ELM), 

and regression trees (RT). Similar to MSO, ESO reduced computational loads 

by around 90% when compared to SO.  

Hence, the benefits of the developed machine learning optimisation methods 

(MSO/ESO) can be summarised based on two aspects: 

 These methodes significantly reduce the computational loads associated 

with conventional SO. Therefore, the developed methods are especially 

suitable to supporting real-time decisions of construction environmental 

optimisation.  
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 Both methods still demonstrate optimisation quality that is comparable 

to what is provided by the SO method. MSO performed slightly worse 

than SO in some metrics, but ESO could provide nearly the same 

optimisation quality as SO. 

5.3 The answer to RQ3: Robust decision-making method 

The final step in the support of environmentally-friendly construction is to 

provide robust decisions while considering that certain construction 

uncertainties have uncertain probability distributions. This was the motivation 

behind the third research question: How can robust, environmentally-friendly 

decisions regarding construction processes be ensured under deep uncertainty? 

To answer RQ3, the study has developed a method to make robust decisions 

using data-driven method rather than assumed probability distributions. 

The robust decision-making method described in this study combined discrete-event 

simulation and data mining (DES-DM). DES simulates the construction 

performance and generates a construction performance dataset. Based on the 

dataset, the robustness of each plan is quantified. The Patient Rule Induction Method 

(PRIM), a data-mining algorithm also utilises the dataset to establish the connection 

between unacceptable performance and uncertain scenarios. This will reveal the 

vulnerabilities of each construction decision. Therefore, DES-DM provides a 

solution to RQ3, as this method supports robust decision-making by applying a 

data-driven method to situations of partly unknown probability distributions. 

Paper VII described how DES-DM can make robust decisions in a comparison of 

three construction plans: a low-resource (S1); a high-resource (S2); and a medium-

resource plan (S3). In terms of performance robustness, the developed method 

found S1 to be the most robust plan in time, cost and environmental performance. 

The method also revealed the vulnerable scenarios for S1. For instance, in terms 

of environmental performance, a scenario in which the wastage rate of concrete 

materials is over 10.19% (a benchmark) will cause unacceptable performance, 

i.e., the possibility that the environmental impacts will surpass the predefined 

target increases by 21.2%. The results provide strong evidence that the developed 

robust decision-making method supports robust, environmentally-friendly 

construction decisions under deep uncertainty across two aspects: 

 The method helps decision-makers quantify the robustness and, as such, 

select the robust environmentally-friendly decision from various 

alternatives when the probability distributions of certain construction 

uncertainties are unknown. 
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 The method also pinpoints the crucial deep uncertain factors and their 

benchmarks. Thus, the decision-makers gain a strong basis from which 

to monitor and control the deep uncertain factors during construction.
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6 CONCLUSION 

This chapter presents the major theoretical and practical contributions of the 

research underlying this thesis, with a focus on how the developed methods have 

overcome the uncertainty of construction processes during achieving 

environmentally friendly construction. The last part of the chapter discusses the 

limitations of the research covered in this thesis and highlights several possible 

future avenues of investigation. 

6.1 Theoretical and practical contributions 

The most important outcome of the research covered in this thesis is the 

development of a holistic approach for robust environmentally-friendly 

decision-making that takes into account the uncertainty inherent to construction. 

The contributions of the research underlying this thesis can be summarised as 

theoretical and practical aspects. The theoretical contributions were achieved by 

taking advantage of various technologies to overcome the current limitations on 

assessment, optimisation, and robust decision-making caused by uncertainty. 

More specifically:  

 This research addresses the challenges caused by uncertainty that were 

initially identified by Lloyd and Ries (2007), and later observed in 

construction by Hong et al. (2016). In the academic sphere, it is well 

established that uncertainty severely limits the ability to perform accurate 

environmental impact assessments. The integrated DES-based 

simulation and pLCA-based assessment method significantly improves 

upon the ability of conventional environmental assessment methods to 

take into account uncertainty. DES-pLCA constitutes an accurate and 

reliable method for assessing the environmental performance of 

construction processes that are influenced by uncertain factors. Notably, 
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in this method deterministic results were replaced with frequency 

distributions to better represent the effects of uncertainty. The presented 

method has universal benefits as it is applicable to the environmental 

assessment of any product or service that includes uncertain factors. 

 It also overcomes the high computational loads identified by Zhang 

(2008) required to quantify the influence of uncertainty in environmental 

optimisation of construction. The machine learning optimisation method 

was found to be far more efficient than conventional simulation-based 

optimisation, as it yielded comparable optimisation performance at 

dramatically reduced computational loads. This innovative optimisation 

method is able to provide real-time decision support for environmentally-

friendly construction projects that are influenced by uncertainty.  

 Furthermore, construction projects are usually performed without full 

knowledge about the probability distributions of uncertain factors 

(Lempert et al. 2006). Current robust decision-making methods rely on 

probability distributions that are difficult to apply under deep uncertainty 

(Cooke 2014), which undermines the ability of these methods to support 

environmentally-friendly construction decision-making. The developed 

data-driven method is able to support robust decisions in construction 

with partly unknown probability distributions. More specifically, the 

method quantifies the robustness of alternatives and identifies the 

vulnerability of environmentally-friendly decisions based on the 

generated construction performance database. This method extends the 

boundary of robust decision-making support for construction processes 

to problems characterised by deep uncertainty. 

These methods were combined to form a holistic approach for supporting 

decision-makers tasked with achieving environmentally-friendly construction 

processes under the influence of uncertainty. These methods have numerous 

practical implications to real-life construction projects, namely: 

 The environmental assessment method provides decision-makers with a 

practical tool for evaluating the performance of construction processes 

that involve uncertainty. Thus, the new EIA method not only allows for 

the comparison of how different combinations of resources affect the 

environmental impacts, but enables decision-makers to comprehend how 

uncertain factors influence the environmental impacts of construction. 

 Along with the sensitivity analysis, the assessment method also identifies 
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uncertain factors that significantly influence environmental impacts. The 

decision-makers are able to focus on these crucial uncertain factors to 

achieve environmentally-friendly construction.  

 The optimisation method supports real-time environmentally-friendly 

decision-making that takes into account the influences of uncertain 

factors. The main advantage of the developed method is that it can 

provide decision-makers with optimal solutions in hours, rather than 

days, or even weeks.  

 The optimisation method was designed to simultaneously maximise – to 

the best possible extent – performance according to cost, duration, and 

environmental objectives. Hence, the results allow decision-makers to 

consider trade-offs between multiple objectives based on their subjective 

preferences, and provide a project plan that is balanced on environment, 

time, and cost objectives. 

 The developed robust decision-making method represents a tool that is 

applicable under deep uncertainty, i.e. a situation in which prior 

probability distributions are incomplete. The decision-makers can use the 

developed method to select an environmentally-friendly plan that is least 

influenced by uncertain factors.  

 The presented robust decision-making method also identifies the 

vulnerability of each plan. These results inform decision-makers about 

situations in which the project will have unacceptable performance 

Hence, this information highlights uncertain factors and provides 

benchmarks that decision-makers can use to effectively manage 

uncertainty during construction. 

 

6.2 Limitations and further avenues of research 

The research underlying this thesis was conducted to develop a holistic approach 

for ensuring environmentally-friendly decision-making in construction projects 

influenced by uncertainty. As a result of the presented approach, uncertainty can 

now be quantified in assessment, efficiently handled in optimisation, and 

managed through robust decision-making. Nevertheless, the research covered in 

this thesis is subject to some limitations that may prevent the efficient application 

of the holistic approach to real-life construction practices. Hence, some valuable 

further works are suggested the following areas for further research: 
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 DES-based simulation is important throughout the holistic approach, i.e. 

it plays a major role in assessment, optimisation and robust decision-

making. However, simulation models require significant efforts in model 

maintenance. This highlights an inevitable problem that could reduce the 

utility of ESO. This limitation makes the whole approach more suitable 

to the construction planning phase, as the model will not be influenced 

by dynamic construction information. However, as construction 

progresses, the simulation model will require a relatively high level of 

maintenance work, which will decrease the efficiency of the developed 

methods. Recent breakthroughs in real-time data collection, e.g. Internet-

of-Things (Shrestha and Behzadan 2018), as well as the digital twin 

concept (Piascik et al. 2010) could hold innovative answers to this 

problem. A simulation model which includes real-time project data 

collection and auto-updating could enable synchronous environmental 

assessment, optimisation, and decision-making support. 

 In uncertainty quantification and robust decision-making, the probability 

distributions of some uncertain factors relevant to construction are 

unknown. This will usually be the case before construction starts. 

However, it is theoretically possible that dynamic information on these 

uncertain factors can be collected as construction progresses, which may 

be helpful for adaptive decision-making. As such, future work should 

concentrate on how real-time data collection technology is applicable to 

dynamic information collection. The robust decision-making would also 

require support in dynamic contexts, and modifications should focus on 

dynamic information, e.g., researching the applicability of adaptive 

policy-making (APM) (Walker et al. 2001) may be useful. 

 The research underlying this thesis aimed to systematically support 

environmentally-friendly construction processes; therefore, the 

environmental impacts included only concerned the impact sources 

influenced by construction. The boundary selection used in the presented 

research means that the results are unique and not comparable to results 

from the more traditional “cradle to grave” assessments. An interesting 

further investigation is to add impacts in this research to traditional 

assessment results, and compare them in a systematic framework. 

 The developed prototypes function well at the theoretical level. 

However, they still need further development, i.e., reduction in 

simulation speciality, modifications to be “ready-to-use” for 

optimisation, and lower uncertainty knowledge requirements, to be fully 

applicable to real-world construction projects.  
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 The approach was fully tested on several building projects, but only 

partly applied to a road infrastructure project (the environmental 

assessment part). Although the construction of buildings and 

infrastructure share many similarities, future work should find cases in 

which the developed holistic approach can be systematically applied to 

infrastructure projects. 

 

 





 References 

 

 75 

References 

Abd Rashid, A. F., and Yusoff, S. (2015). "A review of life cycle assessment method for building 

industry." Renewable and Sustainable Energy Reviews, 45, 244-248. 

Adrian, A. M., Utamima, A., and Wang, K.-J. (2015). "A comparative study of GA, PSO and 

ACO for solving construction site layout optimization." KSCE Journal of Civil 

Engineering, 19(3), 520-527. 

Alzraiee, H., Zayed, T., and Moselhi, O. (2015). "Dynamic planning of construction activities 

using hybrid simulation." Automation in Construction, 49, 176-192. 

Antunes, R., and Gonzalez, V. (2015). "A production model for construction: A theoretical 

framework." Buildings, 5(1), 209-228. 

Asbjornsen, O. A. "Quality assurance and control (QAC) of uncertainty models and simulations 

of life cycle assessment (LCA)." Proceedings of 3rd International Symposium on 

Uncertainty Modeling and Analysis and Annual Conference of the North American 

Fuzzy Information Processing Society, IEEE, 252-257. 

Aziz, Z., Qasim, R. M., and Wajdi, S. (2017). "Improving productivity of road surfacing 

operations using value stream mapping and discrete event simulation." Construction 

Innovation, 17(3), 294-323. 

Bankes, S. (1993). "Exploratory modeling for policy analysis." Operations Research, 41(3), 435-449. 

Bare, J. C., Hofstetter, P., Pennington, D. W., and De Haes, H. A. U. (2000). "Midpoints versus 

endpoints: the sacrifices and benefits." The International Journal of Life Cycle 

Assessment, 5(6), 319-326. 

Ben-Haim, Y. (2006). Info-gap decision theory: decisions under severe uncertainty, Elsevier, 

9780080465708. 

Bilec, M., Ries, R., Matthews, H. S., and Sharrard, A. L. (2006). "Example of a hybrid life-cycle 

assessment of construction processes." Journal of Infrastructure Systems, 12(4), 207-215. 

Borja, L. C. A., César, S. F., Cunha, R. D. A., and Kiperstok, A. (2018). "A Quantitative Method 

for Prediction of Environmental Aspects in Construction Sites of Residential 

Buildings." Sustainability, 10(6), 1870. 

Breiman, L. (1996). "Bagging predictors." Machine Learning, 24(2), 123-140. 

Brunet, R., Cortés, D., Guillén-Gosálbez, G., Jiménez, L., and Boer, D. (2012). "Minimization 

of the LCA impact of thermodynamic cycles using a combined simulation-optimization 

approach." Applied Thermal Engineering, 48, 367-377. 



 

76 

Bryant, B. P., and Lempert, R. J. (2010). "Thinking inside the box: a participatory, computer-

assisted approach to scenario discovery." Technological Forecasting and Social 

Change, 77(1), 34-49. 

Cárdenas, I. C., Al-jibouri, S. S., and Halman, J. I. (2012). "A Bayesian belief networks approach 

to risk control in construction projects." University of Twente, The Netherlands. 

Cao, Y., Ashuri, B., and Baek, M. (2018). "Prediction of unit price bids of resurfacing highway 

projects through ensemble machine learning." Journal of Computing in Civil 

Engineering, 32(5), 04018043. 

Casanovas-Rubio, M. d. M., and Ramos, G. (2017). "Decision-making tool for the assessment 

and selection of construction processes based on environmental criteria: Application to 

precast and cast-in-situ alternatives." Resources, Conservation and Recycling, 126, 

107-117. 

Chang, Y., Ries, R. J., and Wang, Y. (2011). "The quantification of the embodied impacts of 

construction projects on energy, environment, and society based on I–O LCA." Energy 

Policy, 39(10), 6321-6330. 

Chen, W., Wu, F., Geng, W., and Yu, G. (2017). "Carbon emissions in China’s industrial 

sectors." Resources, Conservation and Recycling, 117, 264-273. 

Cheng, L., and Duran, M. A. (2004). "Logistics for world-wide crude oil transportation using 

discrete event simulation and optimal control." Computers and Chemical Engineering, 

28(6-7), 897-911. 

Coello, C., De Computación, S., and Zacatenco, C. (2006). "Twenty years of evolutionary multi-

objective optimization: A historical view of the field." IEEE Computational 

Intelligence Magazine, 1(1), 28-36. 

Cooke, R. M. (2014). "Deep and shallow uncertainty in messaging climate change." Safety, 

Reliability and Risk Analysis: Beyond the Horizon, 13-25. 

Costa, A. L., Sousa, R. L., and Einstein, H. H. (2018). "Probabilistic 3D alignment optimization 

of underground transport infrastructure integrating GIS-based subsurface 

characterization." Tunnelling and Underground Space Technology, 72, 233-241. 

Crawford, R. H., and Treloar, G. J. "Validation of the use of Australian input-output data for 

building embodied energy simulation." IBPSA 2003: Proceedings of the Eighth 

International Building Performance Simulation Association Conference on Building 

Simulation: For better Building Design, IBPSA, 235-242. 

Czyzżak, P., and Jaszkiewicz, A. (1998). "Pareto simulated annealing—a metaheuristic 

technique for multiple‐objective combinatorial optimization." Journal of Multi‐Criteria 

Decision Analysis, 7(1), 34-47. 

Davies, P. J., Emmitt, S., and Firth, S. K. (2014). "Challenges for capturing and assessing initial 

embodied energy: a contractor’s perspective." Construction Management and 

Economics, 32(3), 290-308. 

Dehghanimohammadabadi, M., and Keyser, T. K. (2017). "Intelligent simulation: Integration of 

SIMIO and MATLAB to deploy decision support systems to simulation environment." 

Simulation Modelling Practice and Theory, 71, 45-60. 

Ding, G. K. C. (2004). "The development of a multi-criteria approach for the measurement of 

sustainable performance for built projects and facilities." Doctor of Philosophy, 

University of Technology, Sydney. 

Dixit, M. K., Fernández-Solís, J. L., Lavy, S., and Culp, C. H. (2010). "Identification of 

parameters for embodied energy measurement: A literature review." Energy and 

Buildings, 42(8), 1238-1247. 

Dorigo, M. (1992). "Optimization, learning and natural algorithms [Ph. D. thesis]." Politecnico 

di Milano, Italy. 



 References 

 

 77 

Eberhart, R. C., Shi, Y., and Kennedy, J. (2001). Swarm Intelligence, Morgan Kaufmann 

Publishers, 1-55860-595-9. 

Elbeltagi, E., Hegazy, T., and Grierson, D. (2005). "Comparison among five evolutionary-based 

optimization algorithms." Advanced Engineering Informatics, 19(1), 43-53. 

Elmasoudi, I., Ibrahim, M. G., Tokimatsu, K., and Elbeltagi, E. (2019). "Environmental impact 

assessment model for buildings’ construction activities." International Journal of 

Construction Management, 1-12. 

Evins, R. (2013). "A review of computational optimisation methods applied to sustainable 

building design." Renewable and sustainable energy reviews, 22, 230-245. 

Fang, X. "Research of Construction Schedule Optimization using Particle Swarm Optimization." 

Advanced Materials Research, Trans Tech Publ, 441-445. 

Fang, Y., Ng, S. T., Ma, Z., and Li, H. (2018). "Quota-based carbon tracing model for 

construction processes in China." Journal of Cleaner Production, 200, 657-666. 

Feng, K., Lu, W., Olofsson, T., Chen, S., Yan, H., and Wang, Y. (2018). "A predictive 

environmental assessment method for construction operations: application to a 

northeast China case study." Sustainability, 10(11), 3868. 

Feng, K., Wang, Y., Lu, W., and Li, X. (2017). "Weakness of the Embodied Energy Assessment 

on Construction: A Literature Review." ICCREM 2016: BIM Application and Off-Site 

Construction, American Society of Civil Engineers Reston, VA, 547-559. 

Fischer, M., Aalami, F., Kuhne, C., and Ripberger, A. (1999). "Cost-loaded production model 

for planning and control." Durability of Building Materials and Components, 8(4), 

2813-2824. 

Fishman, G. S. (2013). Discrete-event simulation: modeling, programming, and analysis, 

Springer Science & Business Media, Berlin, Germany, 1475735529. 

FossilfrittSverige (2018). "Roadmap for Fossil Free Competitiveness: Construction and Civil 

Engineering Sector " Fossil-free Sweden,Stockholm, Sweden, <http://fossilfritt-

sverige.se/in-english/roadmaps-for-fossil-free-competitiveness/roadmap-the-

construction-and-civil-engineering-sector-summary/>. (14 October, 2020). 

Freund, Y., and Schapire, R. E. (1997). "A decision-theoretic generalization of on-line learning and 

an application to boosting." Journal of Computer and System Sciences, 55(1), 119-139. 

Fu, M. C. (2015). Handbook of simulation optimization, Springer, New York, NY, 978-1-4939-

1384-8. 

Fujimoto, R. M. (1990). "Parallel discrete event simulation." Communications of the ACM, 

33(10), 30-53. 

Gangolells, M., Casals, M., Gassó, S., Forcada, N., Roca, X., and Fuertes, A. (2011). "Assessing 

concerns of interested parties when predicting the significance of environmental 

impacts related to the construction process of residential buildings." Building and 

Environment, 46(5), 1023-1037. 

Gangolells, M., Casals, M., Gasso, S., Forcada, N., Roca, X., and Fuertes, A. (2009). "A 

methodology for predicting the severity of environmental impacts related to the 

construction process of residential buildings." Building and Environment, 44(3), 558-571. 

Glover, F. (1986). "Future paths for integer programming and links to artificial intelligence." 

Computers Operations Research, 13(5), 533-549. 

González, M. J., and Navarro, J. G. (2006). "Assessment of the decrease of CO2 emissions in 

the construction field through the selection of materials: Practical case study of three 

houses of low environmental impact." Building and Environment, 41(7), 902-909. 

Gosling, J., Naim, M., and Towill, D. (2013). "Identifying and categorizing the sources of 

uncertainty in construction supply chains." Journal of Construction Engineering and 

Management, 139(1), 102-110. 

http://fossilfritt-sverige.se/in-english/roadmaps-for-fossil-free-competitiveness/roadmap-the-construction-and-civil-engineering-sector-summary/%3e
http://fossilfritt-sverige.se/in-english/roadmaps-for-fossil-free-competitiveness/roadmap-the-construction-and-civil-engineering-sector-summary/%3e
http://fossilfritt-sverige.se/in-english/roadmaps-for-fossil-free-competitiveness/roadmap-the-construction-and-civil-engineering-sector-summary/%3e


 

78 

Guinée, J. B., and Lindeijer, E. (2002). Handbook on life cycle assessment: operational guide to 

the ISO standards, Springer Science & Business Media, Berlin, Germany, 1402002289. 

Hall, J. W., Lempert, R. J., Keller, K., Hackbarth, A., Mijere, C., and McInerney, D. J. (2012). 

"Robust climate policies under uncertainty: A comparison of robust decision making 

and info‐gap methods." Risk Analysis: An International Journal, 32(10), 1657-1672. 

Heinermann, J., and Kramer, O. (2016). "Machine learning ensembles for wind power 

prediction." Renewable Energy, 89, 671-679. 

Holland, J. H. (1992). Adaptation in natural and artificial systems: an introductory analysis with 

applications to biology, control, and artificial intelligence, MIT press, Cambridge, MA, 

0262581116. 

Hong, J., Shen, G. Q., Peng, Y., Feng, Y., and Mao, C. (2016). "Uncertainty analysis for 

measuring greenhouse gas emissions in the building construction phase: a case study in 

China." Journal of Cleaner production, 129, 183-195. 

Hu, H., Gu, T., and Tian, Z. (2018). "Review for robust decision theories in reducing the flood 

risk under climate change background (in Chinese)." Climate Change Research, 14(01), 

77-85. 

Hu, X., and Chen, Y. (2015). "Decision analysis under deep uncertainty: Present situation and 

prospect (in Chinese)." Control and Decision, 30(3), 385-394. 

Huijbregts, M. A., Steinmann, Z. J., Elshout, P. M., Stam, G., Verones, F., Vieira, M., Zijp, M., 

Hollander, A., and van Zelm, R. (2017). "ReCiPe2016: a harmonised life cycle impact 

assessment method at midpoint and endpoint level." The International Journal of Life 

Cycle Assessment, 22(2), 138-147. 

IAIA (2009). "(International Association for Impact Assessment), What is Impact Assessment?", 

IAIA, Washington,DC, 4, https://www.iaia.org/uploads/pdf/What_is_IA_web.pdf>. 14 

August, 2020. 

Ibbotson, S., and Kara, S. (2013). "LCA case study. Part 1: cradle-to-grave environmental 

footprint analysis of composites and stainless steel I-beams." The International Journal 

of Life Cycle Assessment, 18(1), 208-217. 

IPCC (2007). (Intergovernmental Panel on Climate Change) Summary for policymakers, 978-

0-521-70596-7. 

ISO (2006a). (International Standardization Organization), Environmental Management: Life 

Cycle Assessment: Principles and Framework. 

ISO (2006b). (International Standardization Organization), Environmental Management: Life 

Cycle Assessment: Requirements and Guidelines. 

IVA (2014). "(Royal Swedish Academy of Engineering Sciences and Swedish Construction 

Federation) Climate impact of construction processes: A report from IVA and the 

Swedish Construction Federation."ISBN: 978-91-7082-889-8, 

<https://www.iva.se/globalassets/rapporter/ett-energieffektivt-samhalle/201411-iva-

energieffektivisering-rapport9-english-d.pdf>. 20 January, 2019. 

Jensen, P. (2014). "Configuration of platform architectures in construction." Doctor of 

Philosophy, Luleå tekniska universitet, Luleå, Sweden. 

Jin, H., Nahangi, M., Goodrum, P. M., and Yuan, Y. (2017). "Model-based space planning for 

temporary structures using simulation-based multi-objective programming." Advanced 

Engineering Informatics, 33, 164-180. 

Jun, Z., Yu-An, T., Xue-Lan, Z., and Jun, L. (2010). "An improved dynamic structure-based 

neural networks determination approaches to simulation optimization problems." 

Neural Computing and Applications, 19(6), 883-901. 

Kazemi, Y., and Mirroshandel, S. A. (2018). "A novel method for predicting kidney stone type 

using ensemble learning." Artificial Intelligence in Medicine, 84, 117-126. 

http://www.iaia.org/uploads/pdf/What_is_IA_web.pdf%3e
http://www.iva.se/globalassets/rapporter/ett-energieffektivt-samhalle/201411-iva-energieffektivisering-rapport9-english-d.pdf%3e
http://www.iva.se/globalassets/rapporter/ett-energieffektivt-samhalle/201411-iva-energieffektivisering-rapport9-english-d.pdf%3e


 References 

 

 79 

Kennedy, J., and Eberhart, R. "Particle swarm optimization." Proceedings of ICNN'95-

International Conference on Neural Networks, IEEE, 1942-1948. 

Kolltveit, B. J., Karlsen, J. T., and Grønhaug, K. (2004). "Exploiting opportunities in uncertainty 

during the early project phase." Journal of Management in Engineering, 20(4), 134-140. 

Löfgren, B., and Tillman, A.-M. (2011). "Relating manufacturing system configuration to life-

cycle environmental performance: discrete-event simulation supplemented with LCA." 

Journal of Cleaner Production, 19(17-18), 2015-2024. 

Langston, Y. L., and Langston, C. A. (2008). "Reliability of building embodied energy 

modelling: an analysis of 30 Melbourne case studies." Construction Management and 

Economics, 26(2), 147-160. 

Larsson, J., Lu, W., Krantz, J., and Olofsson, T. (2016). "Discrete event simulation analysis of 

product and process platforms: A bridge construction case study." Journal of 

Construction Engineering and Management, 142(4), 04015097. 

Lempert, R. J., Groves, D. G., Popper, S. W., and Bankes, S. C. (2006). "A general, analytic 

method for generating robust strategies and narrative scenarios." Management Science, 

52(4), 514-528. 

Lempert, R. J., Popper, S. W., and Bankes, S. (2003). Shaping the next one hundred years: new 

methods for quantitative, long-term policy analysis, Rand Corporation, Santa Monica, 

CA, 0833034855. 

Li, H. X., Zhang, L., Mah, D., and Yu, H. (2017). "An integrated simulation and optimization 

approach for reducing CO2 emissions from on-site construction process in cold 

regions." Energy and Buildings, 138, 666-675. 

Li, M., and Wu, G. (2014). "Robust optimization for time-cost tradeoff problem in construction 

projects." Abstract and Applied Analysis, 2014, 926913. 

Li, X., Zhu, Y., and Zhang, Z. (2010). "An LCA-based environmental impact assessment model 

for construction processes." Building and Environment, 45(3), 766-775. 

Liao, T. W., Egbelu, P., Sarker, B., and Leu, S. (2011). "Metaheuristics for project and 

construction management–A state-of-the-art review." Automation in Construction, 

20(5), 491-505. 

Liu, C., Ahn, C. R., An, X., and Lee, S. "Integrated evaluation of cost, schedule and emission 

performance on rock-filled concrete dam construction operation using discrete event 

simulation." Proceedings of 2013 Winter Simulations Conference (WSC), IEEE, 3109-3120. 

Liu, J., and Lu, M. (2018). "Constraint programming approach to optimizing project schedules 

under material logistics and crew availability constraints." Journal of Construction 

Engineering and Management, 144(7), 04018049. 

Liu, X., Wang, J., Qian, Y., and Wang, X. (2018). "Ensemble Method Against Evasion Attack 

with Different Strength of Attack." Computer Science, 45(1), 34-38, 46. 

Lloyd, S. M., and Ries, R. (2007). "Characterizing, propagating, and analyzing uncertainty in 

life‐cycle assessment: A survey of quantitative approaches." Journal of Industrial 

Ecology, 11(1), 161-179. 

Lu, H., Wang, H., Li, F., and Liu, D. (2019). "Integrated scheduling and material supply planning 

under nonstationary stochastic demand and randoms (in Chinese)." Systems 

Engineering — Theory & Practice, 39(3), 647-658. 

Lu, W., and Olofsson, T. (2014). "Building information modeling and discrete event simulation: 

Towards an integrated framework." Automation in Construction, 44, 73-83. 

Lu, W., Olofsson, T., and Stehn, L. (2011). "A lean‐agile model of homebuilders’ production 

systems." Construction Management and Economics, 29(1), 25-35. 



 

80 

Maghrebi, M., Waller, T., and Sammut, C. (2016). "Matching experts' decisions in concrete 

delivery dispatching centers by ensemble learning algorithms: Tactical level." 

Automation in Construction, 68, 146-155. 

Medineckiene, M., Turskis, Z., and Zavadskas, E. K. (2010). "Sustainable construction taking 

into account the building impact on the environment." Journal of Environmental 

Engineering and Landscape Management, 18(2), 118-127. 

Mendes-Moreira, J., Soares, C., Jorge, A. M., and Sousa, J. F. D. (2012). "Ensemble approaches 

for regression: A survey." ACM Computing Surveys, 45(1), 1-40. 

Metin, B., and Tavil, A. (2014). "Environmental assessment of external wall cladding 

construction." Architectural Science Review, 57(3), 215-226. 

Mohamed, Y., and AbouRizk, S. (2006). "A hybrid approach for developing special purpose 

simulation tools." Canadian Journal of Civil Engineering, 33(12), 1505-1515. 

Mohammed, E.-A. (2012). "Performance assessment of foraging algorithms vs. evolutionary 

algorithms." Information Sciences, 182(1), 243-263. 

Monahan, J., and Powell, J. C. (2011). "An embodied carbon and energy analysis of modern 

methods of construction in housing: A case study using a lifecycle assessment 

framework." Energy and Buildings, 43(1), 179-188. 

Moret, Y., and Einstein, H. H. (2016). "Construction cost and duration uncertainty model: 

application to high-speed rail line project." Journal of Construction Engineering and 

Management, 142(10), 05016010. 

Müller, D. B., Liu, G., Løvik, A. N., Modaresi, R., Pauliuk, S., Steinhoff, F. S., and Brattebø, H. 

(2013). "Carbon emissions of infrastructure development." Environmental Science and 

Technology, 47(20), 11739-11746. 

Nguyen, A.-T., Reiter, S., and Rigo, P. (2014). "A review on simulation-based optimization 

methods applied to building performance analysis." Applied Energy, 113, 1043-1058. 

Nguyen, L. D., and Ogunlana, S. O. (2005). "Modeling the dynamics of an infrastructure 

project." Computer‐Aided Civil and Infrastructure Engineering, 20(4), 265-279. 

Ninić, J., and Meschke, G. (2015). "Model update and real-time steering of tunnel boring 

machines using simulation-based meta models." Tunnelling and Underground Space 

Technology, 45, 138-152. 

O'Flaherty, C. A. (2001). Highways (4th ed.), CRC Press, Boca Raton, FL, 978-0750650908. 

Osman, H., Ammar, M., and El-Said, M. (2017). "Optimal scheduling of water network repair 

crews considering multiple objectives." Journal of Civil Engineering and Management, 

23(1), 28-36. 

Ozcan-Deniz, G., and Zhu, Y. (2017). "Multi-objective optimization of greenhouse gas emissions 

in highway construction projects." Sustainable Cities and Society, 28, 162-171. 

Ozcan-Deniz, G., Zhu, Y., and Ceron, V. (2012). "Time, cost, and environmental impact analysis 

on construction operation optimization using genetic algorithms." Journal of 

Management in Engineering, 28(3), 265-272. 

Piascik, R., Vickers, J., Lowry, D., Scotti, S., Stewart, J., and Calomino, A. (2010). Technology 

area 12: Materials, structures, mechanical systems, and manufacturing road map, 

NASA Office of Chief Technologist, <https://www.nasa.gov/pdf/501625main_TA12-

MSMSM-DRAFT-Nov2010-A.pdf>. (14 October, 2020). 

Pincus, M. (1970). "A Monte Carlo method for the approximate solution of certain types of 

constrained optimization problems." Operations Research, 18(6), 1225-1228. 

Porcar, B., Soutullo, S., Enriquez, R., and Jiménez, M. J. (2018). "Quantification of the 

uncertainties produced in the construction process of a building through simulation 

tools: A case study." Journal of Building Engineering, 20, 377-386. 

http://www.nasa.gov/pdf/501625main_TA12-MSMSM-DRAFT-Nov2010-A.pdf%3e
http://www.nasa.gov/pdf/501625main_TA12-MSMSM-DRAFT-Nov2010-A.pdf%3e


 References 

 

 81 

Quale, J., Eckelman, M. J., Williams, K. W., Sloditskie, G., and Zimmerman, J. B. (2012). 

"Construction matters: comparing environmental impacts of building modular and 

conventional homes in the United States." Journal of Industrial Ecology, 16(2), 243-253. 

Quinlan, J. R. "Bagging, Boosting, and C4.5." Proceedings of the 13th AAAI and 8th IAAI. 

Rand_Corporation (2019). "Robust Decision Making." <https://www.rand.org/topics/robust-

decision-making.html>. (20 January, 2019). 

Reza, B., Sadiq, R., and Hewage, K. (2014). "Emergy-based life cycle assessment (Em-LCA) 

for sustainability appraisal of infrastructure systems: a case study on paved roads." 

Clean Technologies and Environmental Policy, 16(2), 251-266. 

Rocco, M. V., and Colombo, E. (2016). "Internalization of human labor in embodied energy 

analysis: Definition and application of a novel approach based on Environmentally 

extended Input-Output analysis." Applied Energy, 182, 590-601. 

Roodman, D. M., Lenssen, N. K., and Peterson, J. A. (1995). A building revolution: How ecology 

and health concerns are transforming construction, Worldwatch Institute Washington, 

DC, 1878071254. 

Russell-Smith, S. V., and Lepech, M. D. (2015). "Cradle-to-gate sustainable target value design: 

Integrating life cycle assessment and construction management for buildings." Journal 

of Cleaner Production, 100, 107-115. 

Saba, F., and Mohamed, Y. (2013). "An ontology-driven framework for enhancing reusability 

of distributed simulation modeling of industrial construction processes." Canadian 

Journal of Civil Engineering, 40(9), 917-926. 

Salkind, N. J. (2010). Encyclopedia of research design, SAGE Publisher, Thousand Oaks, CA, 

1412961270. 

San Cristóbal, J. R. (2009). "Time, cost, and quality in a road building project." Journal of 

Construction Engineering and Management, 135(11), 1271-1274. 

Sandanayake, M., Zhang, G., and Setunge, S. (2018). "A comparative method of air emission 

impact assessment for building construction activities." Environmental Impact 

Assessment Review, 68, 1-9. 

Sharrard, A. L., Matthews, H. S., and Roth, M. (2007). "Environmental implications of 

construction site energy use and electricity generation." Journal of Construction 

Engineering and Management, 133(11), 846-854. 

Shen, L. Y. "Dynamic Approach for Construction Project Management." Proceedings of the CIB 

W89 International Conference. 

Shi, Q., Zuo, J., Huang, R., Huang, J., and Pullen, S. (2013). "Identifying the critical factors for 

green construction–an empirical study in China." Habitat International, 40, 1-8. 

Shrestha, P., and Behzadan, A. H. (2018). "Chaos theory–inspired evolutionary method to refine 

imperfect sensor data for data-driven construction simulation." Journal of Construction 

Engineering and Management, 144(3), 04018001. 

Strukova, Z., and Kozlovska, M. "Environmental impact reducing through less pollution from 

construction equipments." 13th SGEM GeoConference on Ecology, Economics, 

Education and Legislation, 16-22. 

Suh, S., Lenzen, M., Treloar, G. J., Hondo, H., Horvath, A., Huppes, G., Jolliet, O., Klann, U., 

Krewitt, W., and Moriguchi, Y. (2004). "System boundary selection in life-cycle 

inventories using hybrid approaches." Environmental Science and Technology, 38(3), 

657-664. 

Tam, V. W., Shen, L., and Tam, C. M. (2007). "Assessing the levels of material wastage affected 

by sub-contracting relationships and projects types with their correlations." Building 

and Environment, 42(3), 1471-1477. 

http://www.rand.org/topics/robust-decision-making.html%3e
http://www.rand.org/topics/robust-decision-making.html%3e


 

82 

Trafikverket (2017). "Klimatkrav." <https://www.trafikverket.se/for-dig-i-branschen/miljo---

for-dig-i-branschen/energi-och-klimat/klimatkrav/>. (14 August, 2020). 

Trigaux, D., Wijnants, L., De Troyer, F., and Allacker, K. (2017). "Life cycle assessment and 

life cycle costing of road infrastructure in residential neighbourhoods." The 

International Journal of Life Cycle Assessment, 22(6), 938-951. 

Tzeng, G.-H., and Huang, J.-J. (2011). Multiple attribute decision making: Methods and 

applications, CRC press, 1439861579. 

Van Heeswijk, M., Miche, Y., Oja, E., and Lendasse, A. (2011). "GPU-accelerated and 

parallelized ELM ensembles for large-scale regression." Neurocomputing, 74(16), 

2430-2437. 

Walker, W. E., Lempert, R. J., and Kwakkel, J. H. (2013). "Deep Uncertainty." Encyclopedia of 

Operations Research and Management Science. 

Walker, W. E., Rahman, S. A., and Cave, J. (2001). "Adaptive policies, policy analysis, and 

policy-making." European Journal of Operational Research, 128(2), 282-289. 

Wang, C., Zhang, S., Du, C., Pan, F., and Xue, L. (2016). "A real-time online structure-safety 

analysis approach consistent with dynamic construction schedule of underground 

caverns." Journal of Construction Engineering and Management, 142(9), 04016042. 

Wang, P., and AbouRizk, S. M. (2009). "Large-scale simulation modeling system for industrial 

construction." Canadian Journal of Civil Engineering, 36(9), 1517-1529. 

Wang, Y., Wu, Y., and Liu, H. (2018). "Research and Application of Ensemble Learning Using 

Gradient Optimization Decision Tree." Computer Science, 45(11A), 121-125. 

Webb, G. I., and Zheng, Z. (2004). "Multistrategy ensemble learning: Reducing error by 

combining ensemble learning techniques." IEEE Transactions on Knowledge and Data 

Engineering, 16(8), 980-991. 

Wood, A. M. (2000). Tunnelling: Management by design, CRC Press, Boca Raton, FL, 

0203477669. 

Xu, J., and Yang, Y. (2018). "A survey of ensemble learning approaches." Journal of Yunnan 

University (Natural Sciences Edition) (6), 1082-1092. 

Yan, H., Ding, G., Feng, K., Zhang, L., Li, H., Wang, Y., and Wu, T. (2020). "Systematic 

evaluation framework and empirical study of the impacts of building construction dust 

on the surrounding environment." Journal of Cleaner Production, 122767. 

Yan, Z., and Wang, J. (2013). "Robust model predictive control of nonlinear systems with 

unmodeled dynamics and bounded uncertainties based on neural networks." IEEE 

Transactions on Neural Networks and Learning Systems, 25(3), 457-469. 

Zhang, C., and Ma, Y. (2012). Ensemble machine learning: methods and applications, Springer, 

1441993258. 

Zhang, H. (2008). "Multi-objective simulation-optimization for earthmoving operations." 

Automation in Construction, 18(1), 79-86. 

Zhang, H., and Wang, J. Y. (2008). "Particle swarm optimization for construction site unequal-

area layout." Journal of Construction Engineering and Management, 134(9), 739-748. 

Zhang, H., and Xing, F. (2010). "Fuzzy-multi-objective particle swarm optimization for time–

cost–quality tradeoff in construction." Automation in Construction, 19(8), 1067-1075. 

Zhao, J., Li, K., Wang, M., and Zhang, Y. (2018). "A Risk Evaluation of Metro Drilling and 

Blasting Based on Multivariate Connection Number Method." Journal of Engineering 

Management(1), 23-28. 

 

http://www.trafikverket.se/for-dig-i-branschen/miljo---for-dig-i-branschen/energi-och-klimat/klimatkrav/%3e
http://www.trafikverket.se/for-dig-i-branschen/miljo---for-dig-i-branschen/energi-och-klimat/klimatkrav/%3e


DOCTORA L  T H E S I S

K
ailun Feng   E

nvironm
entally friendly construction processes under uncertainty  

Department of Civil, Environmental and Natural Resources Engineering (SBN)
Division of Industrialized and Sustainable Construction

ISSN 1402-1544
ISBN 978-91-7790-651-3 (print)
ISBN 978-91-7790-652-0 (pdf)

Luleå University of Technology 2020

Environmentally friendly construction 
processes under uncertainty:

Assessment, optimisation and robust decision-making

Kailun Feng

Construction Engineering and Management

130868-Feng-Oms.indd   Alla sidor130868-Feng-Oms.indd   Alla sidor 2020-10-15   16:022020-10-15   16:02


	130868_Thesis+Appended papers_Kailun Feng_NY.pdf
	Paper I-An environmental assessment and optimization method for constructors.pdf
	An environmental assessment and optimization method for contractors
	1. Introduction
	2. Literature review
	2.1. The application of LCA in the EIA for the construction industry
	2.2. Applications of PSO in construction

	3. Environmental assessment and optimization method framework
	3.1. LCA method
	3.1.1. Goal and scope definition
	3.1.2. Inventory analysis
	3.1.3. Impact assessment

	3.2. PSO optimization method
	3.2.1. Critical process identification
	3.2.2. Alternative options analysis
	3.2.3. Optimization procedure with PSO
	3.2.4. Particle Swarm Optimization(PSO) setting


	4. Application to a reinforced concrete structure construction
	4.1. LCA assessment of the main structural work
	4.1.1. Scope definition and process breakdown
	4.1.2. Input data and impact assessment

	4.2. PSO optimization of the main structural work
	4.2.1. Identification of critical processes and alternative options analysis
	4.2.2. Optimization with PSO


	5. Results summary and discussion
	6. Conclusion
	Acknowledgments
	References


	Paper II-A Predictive Environmental Assessment Method for Construction Operations Application to a Northeast China Case Study.pdf
	Introduction 
	Literature Review 
	Uncertainty and Dynamics in Construction 
	LCA and DES in Construction Applications 

	The DES-pLCA Framework 
	DES Model of Construction 
	Identify the Simulation’s Purpose and Scope 
	Build the Conceptual Model 
	Build the Simulation Model 
	Validation 

	Process-Based LCA for Construction 
	DES and pLCA Integration for Decision Support 

	Prototype and Application 
	DES Model Production 
	LCA Assessment 
	Application Results 
	The Base Scenario and Impact Sources Analysis 
	Alternative Scenarios 
	Sensitivity Analysis 


	Discussion 
	Conclusions 
	Simulation Model Validation 
	References

	Paper III-‘Eco-Hauling’ principles to reduce carbon emissions and the costs of earthmoving - A case study.pdf
	‘Eco-Hauling’ principles to reduce carbon emissions and the costs of earthmoving - A case study
	1. Introduction
	2. Related research
	2.1. Earthworks planning and carbon emissions assessments
	2.2. Eco-Driving

	3. Proposed concept
	4. Methodology
	4.1. Project selection
	4.2. Data collection
	4.2.1. Material quantities
	4.2.2. Equipment data
	4.2.3. Process data

	4.3. Analytical procedure
	4.3.1. Model development
	4.3.2. Initial scenario
	4.3.3. Eco-Hauling scenarios
	4.3.4. Simulation data

	4.4. Results and discussion

	5. Conclusions
	Acknowledgement
	References


	Paper IV-An Integrated Environment–Cost–Time Optimisation Method for Construction Contractors Considering Global Warming.pdf
	Introduction 
	Literature Review 
	Construction Multi-Objective Performances and Optimisation 
	Discrete Event Simulation for the Construction Phase 

	Integrated Optimisation Method 
	PSO Initialisation 
	DES Simulation 
	Performance Assessment 
	PSO Local and Global Best Updating 
	Pareto Optimisation Stop Criteria 
	PSO Solution Searching 

	Prototype and Application 
	Prototype Overview 
	Case Application 

	Results Summary and Discussion 
	Model Validation and Optimisation Parameters Selection 
	Application Results 

	Conclusions 
	References

	空白页面
	空白页面
	空白页面




